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5.4 Architecture, training, and performance of 3D CNNs. (a) Archi-
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Net. σpred is the average prediction of 10 voxel representations
per label. Error bars show the standard deviation of these
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5.6 Leave-one-out cross validation of SolventNet. (a) Schematic
illustrating the leave-one-out cross validation procedure in
which all data for a single cosolvent or all data for a single
reactant were used as the test set and the remaining data were
used as the training set. (b) Parity plot between predicted (σpred)
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one-out cross validation of SolventNet across cosolvents. The
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the values obtained when data for the listed reactant were used
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ated for a voxel representation of XYL in 90 wt% DIOX (shown
in Figure 5.4a) using SolventNet after training with all training
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6.1 A Proposed mechanism for Brønsted acid-catalyzed dehydra-
tion of 1,2-propanediol (PDO) to afford either propanal (PRO)
or acetone (ACE) in the gas phase over a solid acid catalyst.62
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Reaction conditions: ~20 mol% PDO conversion; 433 K; 0.4-0.005
M triflic acid; 0.01 M PDO; 90-150 min reaction time; 500 rpm
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6.3 Apparent rate constants for reactant conversion and product
formation for 1,2-propanediol (PDO) dehydration in mixtures
of water with dimethyl sulfoxide (DMSO) as a function of the
mass fraction of DMSO (mDMSO). Dashed lines are visual aids.
Reaction conditions: ~20 mol% conversion; 433 K; 0.4-0.005 M tri-
flic acid; 0.1 M PDO; 150 min reaction time; 500 rpm stirring rate,
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6.4 A Hypothesized effect of mixed-solvent environment on the
free energies of reactant, transition, and product states. The
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product states (∆∆G) is proportional to the change in the ac-
tivation energy (∆∆Gact) for a reaction in a mixed-solvent en-
vironment compared to the same reaction in pure water. Free
energies are schematically drawn relative to the free energy of
the reactant state in each solvent environment. B Thermody-
namic cycle to calculate the free energy difference between a
reactant and product in a mixed-solvent environment relative
to pure water. Purple arrows indicate solvation free energies
computed from MD simulations which are used to calculate
the transfer free energies indicated by filled black arrows. The
dashed black arrow indicates ∆∆G. C Simulated ∆∆G for PRO
(red bar) and ACE (blue bar) and experimental kinetic solvent
parameter for PRO formation (σPRO, dashed black lines) in 90
wt% organic cosolvents. D Correlation between σPRO and ∆∆G
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6.6 A Spatial distribution maps of the trans vicinal diol conforma-
tion of PDO in pure water, 90 wt% DIOX, and 90 wt% DMSO.
PDO is positioned so that the view angle is along the C1 − C2
bond as illustrated in the projection diagram at the left. B Spa-
tial distribution maps of a gauche vicinal diol conformation of
PDO in pure water, 90 wt% DIOX, and 90 wt% DMSO. PDO
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shown in the diagram at the left. In both A and B, normalized
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and isovalues between 1.3-1.5 are shown for cosolvent in blue.
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ter in DMSO-water mixtures, whereas other water-enriched
regions are missing. Additional angles of these spatial distri-
bution maps are available in Supplementary Movie S1.2 . . . . 215
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6.7 A Proposed mechanism of PDO dehydration to afford acetone
in DMSO-water mixtures. Red arrows denote the transfer of
electrons. B Relaxed structures of protonated primary or sec-
ondary hydroxyl groups of the trans vicinal diol conformation
of PDO with two DMSO molecules and 1 water. C Relaxed
structures of protonated primary or secondary hydroxyl groups
of the gauche vicinal diol conformation of PDO with two DMSO
molecules and 1 water molecule. In B and C, black arrows are
drawn as a visual guide to identify PDO, the green atom is a
proton, and cyan dashed lines indicate hydrogen bonds. . . . . 220

7.1 Overview of acid-catalyzed reactions in mixed solvent systems
for biomass conversion. (a) Acid-catalyzed reaction example of
xylitol (XYL) dehydration to afford 1-4-anhydroxylitol. (b) Ex-
ample of three organic, polar aprotic cosolvents. (c) Schematic
of acid-catalyzed reactions in a mixed solvent systems that pro-
ceeds through a charged transition state (TS), formed after the
protonation of the reactant by a hydronium ion catalyst.24 The
schematic illustrates the formation of a local solvent domain
around the reactant in a mixed solvent system that modifies the
reaction free energy landscape, thus affecting reaction kinetics.
These images were adapted with permission of 25,26. . . . . . 237

7.2 Process to screen candidate mixed solvent systems for biomass
conversion processes. An arbitrary reaction network as deter-
mined using experiments; as an example, product B is desired
from reactant A. Polar aprotic cosolvents are selected to mix
with water and test the effects of solvent composition on reac-
tion performance. Kinetic solvent parameters (σ) are predicted
using molecular dynamics simulations in conjunction with
SolventNet, a machine-learning algorithm parameterized to
predict kinetic solvent parameters as described in Figure 7.3.
The top performing solvents are then tested to see if the reaction
selectively forms product B by calculating relative solvation free
energies (∆∆G). Negative values of ∆∆G indicate that product
B is more stabilized in the mixed solvent system. The top mixed
solvent system for the conversion of A and production of B is
then selected for experimental testing. . . . . . . . . . . . . . . 246
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7.3 Computational tools used to predict reaction rates and selectiv-
ities. (a) Conversion of atomic positions obtained from molecu-
lar dynamics simulation trajectories into a voxel representation
using XYL in 90 wt% DIOX as an example. For each MD config-
uration, a 20× 20× 20 grid of (0.2 nm)3 volume elements was
centered on the reactant. Voxel representations are visualized
by showing the water channel in red, the reactant channel in
green, and the cosolvent channel in blue. Half of the voxels
are transparent to illustrate the solvent distribution around the
reactant. (b) Architecture of SolventNet, a 3D CNN that inputs
voxel representations and outputs the predicted kinetic solvent
parameter (σ). (c) Hypothesized effect of mixed solvent sys-
tems on the free energy landscape of reactant, transition, and
product states. The change in the relative free energy between
the reactant and product states (∆∆G) is proportional to the
change in the activation energy (∆∆Gact) for a reaction in a
mixed solvent system compared to the same reaction in pure
water. The free energies are drawn relative to the reactant state
in pure water. (d) Thermodynamic cycle to calculate the free
energy difference between a reactant and product in a mixed
solvent system relative to pure water. Purple arrows indicate
solvation free energies computed from MD simulations which
are used to calculate the transfer free energies indicated by
filled black arrows. The dashed black arrow indicates ∆∆G.
These images were adapted with permission of 26,28. . . . . . 253
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7.4 Case study of cyclohexanol conversion to cyclohexene. (a) Acid-
catalyzed conversion of cyclohexanol to cyclohexene. (b) Ten
organic, polar aprotic cosolvents considered for the initial li-
brary of mixed solvent systems. (c) Kinetic solvent parameters
predicted by SolventNet for 75 wt% organic cosolvents. Black
asterisks indicate solvent systems that are representative of
good cosolvents (THF, GVL, and ACE), and poor cosolvents
(DIOX and DMSO). (d) Relative solvation free energies (∆∆G)
between product (cyclohexene) and reactant state (cyclohex-
anol) in 75 wt% organic cosolvents relative to pure water. (e)
Comparison between kinetic solvent parameters as predicted
by SolventNet (red) and determined by experiments (blue). (f)
Comparison between ∆∆G (green bars) and experimental per-
cent selectivity (black line) towards cyclohexene. Gray regions
denote the error in selectivity measurements. . . . . . . . . . . 257

7.5 Case study of fructose conversion to HMF. (a) Acid-catalyzed
dehydration of fructose (FRU) to afford 5-hydroxymethylfurfural
(HMF), followed by an addition reaction to afford levulinic
acid (LA). (b) Kinetic solvent parameters predicted by Solvent-
Net for 90 wt% cosolvent-water mixtures. The difference be-
tween kinetic solvent parameters predicted for HMF and FRU
is shown in the top axis (σHMF − σFRU), where more negative
σHMF − σFRU values indicate that the mixed solvent system is
predicted to selectively form HMF from FRU. Black asterisks in-
dicate mixed solvent systems that are representative of good co-
solvents (THF, GVL, and ACE), and poor cosolvents (DIOX and
DMSO). (c) Relative solvation free energies (∆∆GFRU→LA) be-
tween product (LA) and reactant state (FRU) in 90 wt% organic
cosolvents relative to pure water. (d) Comparison between
σHMF − σFRU predicted from SolventNet (red) and experimen-
tally determined (blue). (e) Comparison between ∆∆GFRU→LA
and percent selectivity towards HMF. Gray regions denote the
error in σHMF − σFRU in (b) and selectivity measurements in (e). 268
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8.2 A Alkanethiol ligand structures used in this study, where n
denotes the number of methylene groups. B Snapshots of hol-
low gold core (HGC), spherical gold core (SGC), and faceted
gold core (FGC) for various diameters. Each atom is colored by
its coordination number, defined as the number of gold atoms
within a cutoff of 0.41, 0.37, and 0.34 nm for HGC, SGC, and
FGC, respectively. Colors correspond to coordination numbers
of 1-6 (red), 7-8 (orange), 9 (green), 10 (blue) and 11 (violet). . 286

8.3 Number of adsorbed ligands for different gold core morpholo-
gies and sizes. Teal triangles are model data verified by ther-
mogravimetric analysis from Ref. 65. Purple squares indicate
data from MALDI-MS experiments from Ref. 66. The black
line denotes the number of adsorbed ligands on a sphere with
a planar gold (111) average surface density of 4.62 ligand/nm2.
Snapshots show gold cores colored with the same scheme as
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The color of each arrow corresponds to the gold core shape
(i.e. HGC, SGC, and FGC models are red, blue, and green,
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with butanethiol (n = 3) and hexadecanethiol (n = 15) lig-
ands. Sulfur atoms are represented by yellow beads and car-
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8.5 A Simulation snapshots of 2 nm and 6 nm SGC and FGC GNPs
with butanethiol (n = 3) and hexadecanethiol (n = 15) ligands.
Ligands with the same color are in the same bundle, whereas
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FGC (dashed lines) models. C Fraction of ligands in bundles as
a function of ligand chain length for the SGC and FGC models.
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adecanethiol (n = 15) GNPs for the FGC model. Only the
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9.1 Experimental and computational systems used to study gold
nanoparticle adsorption onto phospholipid bilayers. (a) Lig-
ands are comprised of an alkane group (gray), an oligo(ethylene
glycol) spacer group (green), and a cationic quaternary ammo-
nium group (red) substituted with the indicated R group and
two methyl groups. The five R groups used are displayed in
red and labeled with their calculated logKlip-w values in paren-
theses. (b) Schematic of the system used in quartz crystal mi-
crobalance experiments to measure nanoparticle adsorption
to supported DOPC lipid bilayers. (c) Snapshot of 2-nm gold
nanoparticle with C10 ligands placed above a DOPC lipid bi-
layer. The color scheme is illustrated for each of the components
at right. The DOPC lipids are comprised of a zwitterionic phos-
phatidylcholine head group and nonpolar acyl tails consisting
primarily of aliphatic carbon atoms. Water is shown in grey. . 338

9.2 Influence of ligand lipophilicity on AuNP attachment to sup-
ported DOPC bilayers as determined by QCM-D. (a) Acoustic
surface mass density (Γ ) maximum and after rinse. (b) Dissipa-
tion factor (∆D) maximum and after rinse. Error bars represent
one standard deviation from four replicate QCM-D experiments.341

9.3 Free energy as a function of the z distance between the AuNP
and lipid bilayer. Potential mean force (PMF) versus z for C1-
and C10-AuNPs when the gold core is (a) pulled towards (i.e.
decreasing-z) and (b) away from (i.e. increasing-z) the DOPC
lipid bilayer. Simulation snapshots show the last configuration
from umbrella sampling simulations of C10-AuNPs for different
values of z. Water and chlorine atoms are omitted for clarity.
Legends are the same for (a) and (b). (c) Number of hydropho-
bic contacts (ch) versus z for both decreasing- and increasing-z
simulations. Hydrophobic contacts are defined as the number
of contacts between nonpolar groups in the ligands and in the
DOPC tail groups. Error bars are reported as the standard
deviation between two 20 ns blocks for each umbrella sampling
window. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 344
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9.4 Unbiased simulations initiated from umbrella sampling trajec-
tories. (a) Number of hydrophobic contacts (ch) versus z for un-
biased simulations initiated from increasing- and decreasing-z
US configurations for C1- and C10-AuNPs. AuNPs are consid-
ered adsorbed if z < 6 nm for the last 10 ns of the unbiased
simulation (filled markers) and desorbed if z > 6 nm (hollow
markers). Points in the dashed blue box were for unbiased
simulations initiated from increasing-z US configuration, all
other points were for simulations initiated from decreasing-z
US configurations. (b) Simulation snapshots after 50 ns of un-
biased simulation for C1- and C10-AuNPs. The initial z values
and final z values after 50 ns are labeled above the snapshots.
Atoms in the DOPC head groups are omitted for clarity. . . . . 347

9.5 Free energy as a function of AuNP-bilayer hydrophobic con-
tacts. (a) Potential of mean force (PMF) versus the number of
hydrophobic contacts (ch) for C1-, Bn-, and C10-AuNPs. Error
bars are reported as the standard deviation between two 30 ns
trajectories for C1- and C10-AuNPs and two 20 ns trajectories for
Bn-AuNP in each umbrella sampling window. (b) Simulation
snapshots with ch = 5, 40, and 150 for C1-, Bn-, and C10-AuNPs.
DOPC lipids that are within 0.35 nm of the ligand atoms are
highlighted in cyan. . . . . . . . . . . . . . . . . . . . . . . . . . 351

9.6 The role of ligand end group lipophilicity on adsorption to
and desorption from phospholipid bilayers. (a) Adsorption
rate constant (ka) calculated from AuNP adsorption with cal-
culated desorption rate constant (kd) values. (b) Rate constants
for conversion to quasi-irreversibly adsorbed state (kβ) calcu-
lated from mass at maximum and after rinse. (c) Desorption
rate constants (kd) calculated from AuNP desorption. Error
bars represent one standard deviation of four replicate QCM-D
measurements. (d) Schematic showing hypothesized mecha-
nism for preferential adsorption of C10-AuNPs compared to
C1-AuNPs. C10-AuNPs have a longer R group, denoted by the
red lines. Alkane is shown as black lines and PEG is shown as
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10.1 Overview of monolayer-coated gold nanoparticles and planar
gold surfaces. (a) Alkanethiol ligand chemical structures stud-
ied in this work, including ligands with saturated, unsaturated,
and branched nonpolar backbones and six different end groups
(indicated by R) of varying polarity. (b) Snapshot of the double
planar self-assembled monolayer (SAM) simulations for sat-
urated R = CH3 ligands (i.e. dodecanethiol). (c) Snapshot of
a 2 nm gold core coated with the same ligands as in (b) and
snapshot of the equilibrated nanoparticle in water. . . . . . . . 372

10.2 Quantifying the hydrophobicity of planar SAMs. (a) Snap-
shot showing the SAM-water interface (indicated as a purple
surface) computed for a planar SAM with saturated R = CH3
ligands. Two cavity geometries were used to calculate hydra-
tion free energies: a 2×2×0.3 nm3 cuboidal cavity was used to
compute µA with INDUS simulations (illustrated at top) and
a series of small spherical cavities with radii of 0.33 nm were
used to compute µL from unbiased MD simulations (illustrated
at bottom; only one cavity is shown for clarity). (b) Correlation
between µA and experimental water contact angles (cos θ, top)
and median values of µL (bottom) for ligands with different end
group chemistries. Contact angle measurements were taken
from Ref. 75,76 and tabulated in the Supporting Information,
Table S2.2 Both µL and µA were computed for top and bottom
planar SAMs and treated as independent samples. Points show
the average value of µL or µA and error bars report the standard
deviation of µL or µA between the two samples. Best-fit lines
are drawn with corresponding slopes and Pearson’s r values
labeled at bottom right. (c) Probability density function, P(µL),
for R = CH3 and R = OH ligands computed from unbiased MD
simulations. µL for bulk water is shown as a black dashed line
as a reference. Dotted lines show the median value of µL for
each SAM. (d) Hydration free energy maps for the same planar
SAMs in (b) with µL values ranging between 6 (red) to 16 kT
(blue). Each point indicates the value of µL calculated using a
spherical cavity centered on that point. . . . . . . . . . . . . . . 379
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10.3 Hydrophobicity of 2 nm diameter SAM-protected GNPs with
different end group chemistries. (a) Snapshots showing a rep-
resentative 2 nm diameter GNP coated with R = CH3 ligands.
The SAM-water interface (purple) was computed using the
same procedure as the planar SAMs (Figure 10.2a). The hy-
dration free energy map shows µL values between 9 (red) to
11 kT (blue) as in Figure 10.2. (b) Simulation snapshots and
corresponding hydration free energy maps for 2 nm GNPs with
six end group chemistries, following the same color scheme
as in (a). (c) Probability density functions, P(µL), showing the
distribution of µL for GNPs with the six end group chemistries
in (b). P(µL) is also shown for planar SAMs in the bottom panel
for comparison. Dotted lines show the median value of each µL
distribution and are color-coded to match the different ligands.
The value of µL for bulk water is shown as a black dashed line
for reference. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 383

10.4 Effect of ligand length on the hydrophobicity of planar SAMs.
(a) Snapshots of OH-terminated ligands on planar gold with
n = 3 and n = 11 methylene groups. Hydration free energy
maps are visualized from a top-down view with µL values rang-
ing from 9 (red) to 16 kT (blue). (b) Probability density func-
tions, P(µL), showing the distribution of µL for OH-terminated
ligands on a 2 nm diameter gold core (n = 11, black) and pla-
nar gold (n = 3, blue and n = 11, red). Dotted lines show the
median value of µL for each distribution and are color-coded
to match the different ligand chain lengths and gold core types.
The value of µL for bulk water is shown as a black dashed line
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10.5 Effect of core size on gold nanoparticle hydrophobicity. (a)
Example image of a 6 nm diameter gold core. Representative 6
nm GNPs and hydration free energy maps for R = CH3 ligands
and R = OH ligands. Hydration free energy maps show µL
values between 9 (red) and 11 kT (blue). (b) Probability density
functions, P(µL), for the 2 and 6 nm diameter gold cores and
planar SAMs for R = CH3 ligands (top) and R = OH ligands
(bottom). Dotted lines denote the median µL value for each
distribution and are color-coded to match the different gold
core sizes. The value of µL for bulk water is shown as a black
dashed line for reference. . . . . . . . . . . . . . . . . . . . . . . 389

10.6 Effect of unsaturated and branched ligands on gold nanopar-
ticle hydrophobicity. (a) Representative 2 nm diameter GNP
configurations coated with either saturated, unsaturated, or
branched OH-terminated ligands. Hydration free energy maps
show µL values between 9 (red) and 11 kT (blue) with the same
color bar shown in Figure 10.3a. Hydrophilic clusters corre-
sponding to regions where µL values are greater than 11.25
kT (the value of µL for bulk water) are indicated in unique
colors. (b) Probability density function, P(µL), for 2 nm di-
ameter GNPs with either saturated, unsaturated, or branched
OH-terminated ligands. Dotted lines show the median value of
µL for each distribution and are color-coded to match the differ-
ent ligand structures. The value of µL for bulk water is shown
as a black dashed line for reference. (c) Median µL values for
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10.7 Relationship between hydration free energy maps and compet-
itive binding of hydrophobic and hydrophilic probe molecules.
(a) Simulation snapshot of representative 2 nm diameter GNP
with OH-terminated ligands in the presence of 1 mol% propane
(red spheres) and 99 mol% water (blue spheres). Hydrogen
atoms are omitted for clarity. (b) Occupancy maps showing the
fraction of simulation time in which spherical cavities (the same
cavities used to compute µL) are either occupied by propane
(fP) or water (fH2O) for the GNP in (a). Hydration free energy
maps are shown for µL values between 9 (red) to 11 kT (blue) as
a comparison to occupancy map. (c) Relationship between fP or
fH2O to µL computed using Gaussian kernel-density estimation
to calculate the probability density function; values between 0
to 0.25 were omitted for clarity. . . . . . . . . . . . . . . . . . . 396

11.1 Experimental data used to develop QNAR models. (a) Example
of a self-assembled monolayer structure consisting of a sulfur
head group, nonpolar backbone, and end group, which are
bound to the gold core with a strong gold-sulfur interaction.
(b) Schematic representation of experimental observables for
GNP behavior, such as logP, cell uptake in A549 cells, and zeta
potential in water. (c) Number distribution of GNPs with exper-
imental labels of logP, cell uptake in A549 cells, and zeta poten-
tial in water. The total number of GNPs for each experimental
observable is shown on the upper right. All experimental data
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11.2 Computational workflow for modeling GNPs using MD simu-
lations. The GNP database consists of diameters of spherical
gold cores, number of ligands adsorbed on the surface, and lig-
and structure in the form of a SMILES string. The diameter and
ligand substructure, either butanethiol (SMILES: SCCCC) or
1,2-dithiolane (SMILES: C1CCSS1), were then used to initiate
self-assembly simulations. Substructures that are not adsorbed
are shown in green. After the substructures are adsorbed onto
the gold core surface, excess substructures are removed and ad-
sorbed substructures are replaced with ligands from the GNP
database and simulated in pure water (shown as cyan). Sodium
or chlorine counterions are shown as purple and included to
ensure charge-neutral systems. This schematic uses GNP1 and
GNP288 as representative examples with distinct core sizes
and ligand substructures. . . . . . . . . . . . . . . . . . . . . . 423

11.3 MD-derived descriptors used to develop QNAR models. (a)
Three examples of GNPs with varying core diameters (5.7 versus
7.3 nm) and ligand structures. Simulation snapshots are shown
without water molecules. (b) Solvent-accessible-surface area
(SASA) and number of ligand-water hydrogen bonds (HBonds)
versus simulation time for the three GNPs in (a). (c) Concise
list of of MD-derived descriptors used for developing QNAR
models. The full 25 descriptor set is described in Table S1.2

(d) Pearson’s r between the 25 descriptor space, which shows
red for highly correlated descriptors and blue for uncorrelated
descriptors. Descriptor indexes correspond to descriptors in
Table S1.2 Highly correlated descriptors with | Pearson’s r | >
0.9 were removed to output 15 uncorrelated descriptors. . . . . 426

11.4 Prediction accuracy of QNAR models. Parity plots of predicted
versus experimental logP (left), cell uptake in A549 cells (mid-
dle), and zeta potential in water (right) values are shown for
LASSO (top) and random forest (bottom) models. 5-fold cross
validation (5-CV) predictions are shown as black dots and test
set predictions are shown as red dots. Pearson’s r between pre-
dicted and experiments for 5-CV and test sets are shown in the
upper left with the same color scheme. Dashed lines indicates
when the predicted values equate the experimental values. . . 429
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11.5 Feature importance from QNAR models. (a) Top three most im-
portant descriptors are shown for logP (left), cell uptake in A549
cells (middle), and zeta potential in water (right) are shown for
random forest models. Feature importance was quantified by
Shapley values, where the average magnitude of Shapley val-
ues (i.e. Mean |Shap|) are reported and the sign is determined
by the Pearson’s r correlation between Shapley and descriptor
values. The sign of the feature importance indicates whether
the feature positively or negatively impact the experimental
observables. Feature importance was computed by training the
random forest model using 90% of the training data (randomly
sampling without replacement) and iterated for 10 trials; the
average of trials is reported and the error is reported as the
standard deviation of the trials. (b) Simulation snapshots of
GNPs with the highest and lowest top descriptor outputted
from the feature importance in (a). Core diameters are shown
in parenthesis; number and structure of ligands are shown to
the right of the snapshots; and, descriptor and experimental
measurements are shown below the snapshots. GNP169 has a
mixed-monolayer, but only the structure of the majority ligand
is shown for brevity. . . . . . . . . . . . . . . . . . . . . . . . . . 435

11.6 Transferability of the cell uptake model to new datasets. (a)
Thioalkyl tetra(ethyleneglycol)ated structures with four end
group chemistries. (b) Cell uptake of 12 GNPs with core diam-
eters of 2, 4, and 6 nm, and ligand structures from (a). Cell up-
take measurements were performed after GNPs were incubated
with HeLa cells for 3 hours and quantified using inductively
coupled plasma mass spectrometry; all experimental data were
taken from Ref. 19. The cell uptake values were converted to
have the same cell uptake units as Ref. 37. (c) Predicted versus
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12.1 Future work on incorporating product states into a deep learn-
ing framework to predicting selectivities. MD simulations are
performed on both reactant and product states. Then, simula-
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abstract

Identifying a good set of chemical structures for designing new products or

materials is experimentally challenging because of the large range of struc-

tures that are possible and the high cost associated with trial-and-error

exploration. One solution is to leverage computational tools that could

help gain physical insight into how these structures relate to properties and

screen for improved properties through structure-property relationships.

This dissertation focuses on combining classical molecular dynamics (MD)

simulations and machine learning techniques to systematically tune prop-

erties for two relevant application areas. In both applications, we develop

predictive models that correlate simulation-derived descriptors to experi-

mental data, enabling the screening of properties using computationally

efficient methods.

The first application focuses on converting biomass (renewable, organic

material from plants) into transportation fuels or commodity chemicals.

Biomass conversion is performed through acid-catalyzed reactions in aque-

ous solution that are hindered by poor reactivity. One way to improve

reactivity is to modify the solvent composition by mixing water with or-

ganic cosolvents. Thus, we developed MD simulations to understand and

predict the effects of adding an organic solvent on biomass conversion

reactivity. We used MD and machine learning models to predict the influ-

ence of solvents on reaction rates and selectivities in biomass conversion
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reactions, and we combined these tools into a workflow for screening

solvents in biomass-related reactions.

The second application is motivated by the ability of ligand-coated gold

nanoparticles (GNP) to target biomolecules, such as receptors on cancer

cells. Due to the vast number of tuning parameters of the GNP (e.g. core

size, shape, and ligand selection), it is unfeasible to experimentally screen

GNPs. Therefore, we developed a generalized workflow for building

GNP systems using MD for any arbitrary gold core shape and size, and

ligand selection. We used this workflow to study the effect of core and

ligand selection on GNP surface properties and GNP-bilayer interactions.

We then developed a library of molecular descriptors that characterize

GNP properties and leveraged machine learning tools to develop accurate

structure-property relationships, which is useful for screening new GNPs

for selective behavior.
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1 introduction

1.1 Motivation

Designing new catalytic reactions, materials, or drugs is often hindered by

our lack of understanding in how the underlying chemical structures and

their cooperative interactions with other molecules propagate to macro-

scopic behavior (e.g. reaction performance, material durability, or drug

specificity). As a result, designing new chemicals is often performed by

an empirical trial-and-error approach, which is expensive and does not

lend physical understanding into how these chemical structures relate to

large-scale properties. These challenges motivate the use of computational

approaches to elucidate molecular-level interactions, yield mechanistic

insights, and predict macroscale properties prior to synthesizing chemi-

cals in the lab. In the past decade, computer-aided molecular design have

been used in a wide range of applications and have shown great success in

chemical structure screening through the collaboration between synthetic,

process, and computational chemists.1–3

In particular, classical molecular dynamics (MD) simulations allow

us to explicitly study structures and dynamics of molecules over small

length scales (~nm) and short timescales (~µs), which are challenging to as-

sess experimentally or through ab initio quantum mechanical calculations.

MD simulations are frequently used to study complex biomolecules (e.g.

proteins or lipid bilayers), where structural and chemical properties are
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heavily dictated by their dynamical structure and their interactions with

the surrounding environment.4,5 Significant efforts have been spent on de-

veloping accurate force-fields, a set of complex equations and parameters

dictating interactions between particles that can capture accurate interac-

tions in complex systems.6,7 As a result, MD provides a powerful toolset

to study a wide range of molecules in solution, where the molecular-level

behavior is heavily influenced by cooperative interactions between the

chemical of interest and its surrounding environment.

In parallel with the development of MD, improved data storage capa-

bilities have enabled the development of large databases and motivated

the development of machine learning algorithms, which are used to de-

velop sophisticated models and perform data mining procedures.8 The

ImageNet Large-Scale Visual Recognition Challenge, which is an annual

contest to develop the best model for image detection across 1.2 million

images, is a good example of how machine learning could be leveraged to

tackle challenging problems, such as object detection or facial recognition.9

Given that MD simulations provide accurate physics-based representation

of chemicals and that machine learning provides models for predicting

observables, this dissertation seeks to merge these tools to screen chemical

properties for two relevant application areas: (1) acid-catalyzed reactions

for biomass conversion and (2) monolayer-coated gold nanoparticles (GNP)

for biomedical applications. Although these applications are in different

fields, where the former is in catalysis and the latter is in nanomaterials,
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they are connected in that their macroscopic behavior depend heavily on

interactions between a minor component (i.e. solute, such as a reactant or

GNP) and a major component (i.e. solvent). In addition, both applications

have large design spaces, making it difficult to explore experimentally.

Therefore, we will use MD simulations to gain physical understanding

into how structural parameters affect properties, which we will use to

develop structure-property relationships models for screening capabilities.

We next motivate each application area and provide a literature review in

Sections 1.2 and 1.3, followed by an overview of this disseration in Section

1.4.

1.2 Solvent screening for biomass conversion

reactions

1.2.1 Motivation

Biomass is an organic material derived from living organisms that can

be used as a source of renewable energy and commodity chemicals. One

of the most abundant forms of biomass is lignocellulosic biomass, which

can be processed to make fuel or high-value commodity chemicals shown

in Figure 1.1.10,11 However, biomass conversion to more readily usable

chemicals still faces economic challenges, such as expensive catalysts, low

product selectivity, and cost-inefficient processes. One possible solution is
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to modify the solvent composition, which affects reaction rates, product

selectivity and stability, and economics of downstream separations. For

example, the addition of an organic solvent, such as γ-valerolactone (GVL),

has been found to increase the activity of acidic protons and can break

down >80% lignin compared to <20% lignin in pure water.10,12 However,

finding an optimal solvent composition empirically by trial-and-error is

cost-prohibitive and gives little insight to how the solvent environment will

perform in new processes. Therefore, we focused on using MD simulations

to study the solvent environment that can give molecular insight into how

addition of organic solvents can improve reactivity, which has broader

impacts in understanding how to engineer the solvent environment for

biomass conversion processes.



5

Figure 1.1: Major platform chemicals produced from lignocellulosic
biomass. This image was adapted from Ref. 10 with permission from
John Wiley and Sons.

1.2.2 Background

The catalytic upgrading of biomass (e.g., wood, crops, etc.) is a promising

strategy to obtain valuable chemicals from renewable resources while

limiting waste products.10,13–17 For example, cellulose, one of the primary

components of lignocellulosic biomass, can be converted through a series

of dehydration and hydrolysis reactions to form 5-hydroxylmethylfurfural,

a platform chemical for fuels and other commodity chemicals,18–23 and

levoglucosenone (LGO), as depicted in Figure 1.2. These reactions are

typically performed in aqueous solution in the presence of an acid-catalyst
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(i.e. acid-catalyzed reactions), where extensive control over reaction ki-

netics and selectivity is available by tuning the temperature, catalyst, and

solvent composition.14,18–21,24–27 Recent studies have shown that inclusion

of organic solvents can significantly improve the selective conversion of

biomass into sugars.24,28,29 We focus on polar aprotic solvents (e.g. dimethyl

sulfoxide (DMSO), ketones, tetrahydrofuran (THF), GVL, etc.), one type

of organic solvent, which are particularly interesting because: (1) they

have lone electron pair(s) that can accept hydrogen bonds with water

or reactant that can improve miscibility; and (2) they do not have acidic

protons, which means that they do not directly contribute to the reaction

mechanism.10
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Figure 1.2: Reaction pathway for the decomposition of cellulose in pres-
ence/absence of low water concentrations. Cellulose is comprised of ~50%
lignocellulosic biomass. 5-hydroxymethylfurfural is highlighted in red,
since it is a platform chemical for transportation fuels and a desirable
product from biomass conversion processes. This image was adapted
from Ref. 18 with permission from The Royal Society of Chemistry.

Solvent effects refer to the changes induced by the solvent environ-

ment that can affect chemical reactivity including reaction rate, reaction

pathways, product yield and distribution. In addition, solvent effects can

have a greater influence on the reaction rate and product selectivities than

changing the reaction temperature and/or the catalyst. For example, LGO

is the major product of cellulose dehydration in pure THF, whereas HMF is

the major product upon increase of water content up to 5 wt%.18,30 Under-

standing the effects of changing solvent compositions on acid-catalyzed
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reactions is difficult because (1) solute-solvent interactions are difficult to

characterize experimentally, and (2) the changes in these interactions and

how they translate to changes in reaction barriers are not well-understood.

Thus, computational approaches can help us understand molecular-scale

effects and explore new solvent compositions, leading to rational design

of the solvent environment for biomass conversion.

1.2.3 Computational studies on solvent effects in

acid-catalyzed reactions

Computational efforts in the past decade focused on using ab initio quan-

tum chemical methods to quantify the effects of solvent on barriers to

elementary reaction steps, leading to many important case studies.31,32

However, ab initio techniques are computationally expensive and as a re-

sult, their calculations have smaller length scales (Å) and time scales (fs)

than MD simulations (nm/ps). Therefore, it is difficult for ab initio tech-

niques to capture solvent re-organization that constitute solute-solvent

interactions, which can be captured in MD simulations.

Previous work used MD simulations to understand solvent effects in

acid-catalyzed reactions.33 Mushrif et al. studied selective conversion of

fructose to HMF in aqueous mixtures of DMSO using MD simulations.34,35

They used volumetric spatial maps, which maps solvent densities around

a solute in three-dimensions, and found that there was a competition
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between DMSO and water for hydroxyl groups on the solute. Therefore,

addition of DMSO increases the rate of fructose conversion to HMF and

decreases the rate of undesirable parallel reactions. While volumetric

spatial maps are useful to find competing solvent effects around a reactant,

it requires a case-by-case study that is difficult for large numbers of solvent

compositions, which motivates the necessity of molecular descriptors that

can quickly characterize the solvent environment.

1.2.4 Hypothesis and research questions

We hypothesize that MD-derived molecular descriptors encoding infor-

mation about the solvation environment around the reactant, catalyst, or

product can predict solvent-mediated reaction performance in biomass

conversion reactions, without having to model the reaction mechanism

directly. For this application, we seek to answer the following research

questions:

1. How do we use classical MD simulations to gain physical insight

into the effects of solvent selection on biomass reactivity? (Chapters

3 and 4)

2. How do we leverage machine learning models to improve accuracy

of predicted rates from MD? (Chapter 5)

3. How do we use classical MD to estimate selectivities of biomass

conversion reactions? (Chapter 6)
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4. How do we combine the computational tools to guide experimental

design with minimal experiments? (Chapter 7)

1.3 Screening monolayer-protected gold

nanoparticle properties for biomedical

applications

1.3.1 Motivation

Gold nanoparticles (GNPs) are promising nanomaterials for cell therapy

applications because they could be used to deliver genes or drugs, heated

up to kill nearby cells, and surface-modified by ligands for target-specificity

toward abnormal cells (see Figure 1.3(a)).36 Two primary challenges in the

applicability of GNPs are: (1) GNPs must avoid elimination by the host

immune system, and (2) GNPs must specifically bind to cancer cells, not

healthy cells. Challenge (1) can be resolved by using “stealth technologies,”

which involve coating the GNP with a self-assembled monolayers (SAM),

which consists of a thiol head group, nonpolar backbone, and terminal end

group shown in Figure 1.3(b). SAM-coated GNPs consisting of thiolated

poly(ethylene glycol) (PEG) have been shown to prolong GNP lifetime in

the body because the coating is hydrophilic, making the GNP look like

the aqueous bulk phase to the immune system.37 Challenge (2) can be

resolved by attaching an antibody or ligands onto the SAM that have a
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high affinity to receptors on cancer cells, some of which are overexpressed

when compared to normal, healthy cells (e.g. epidermal growth factor

receptor, folate receptor, etc.).38,39 However, if the GNP is densely coated

with PEG, it faces challenge (2) where it loses the ability to bind to receptors

on cancer cells.40 Therefore, there is a competition between being invisible

to the immune system by attaching a PEG layer and having a high affinity

to cancer cells by attaching ligands that target receptors. Tuning GNP

parameters for selective behavior remains a challenge in the field; examples

of the ligand backbone, ligand end group, and gold core size is depicted in

Figure 1.3(c). We will use MD simulations to understand how the selection

of GNP parameters affect its behavior with other molecules, which has

broad impacts in the engineering of high affinity GNPs for cancer cell

detection.



12

Figure 1.3: (a) Applications of GNPs in cancer therapy. This image was
adapted from Ref. 36 with permission from Elsevier. (b) Structure of self-
assembled monolayers (SAM) ligands, consisting of a sulfur head group,
nonpolar backbone, and terminal end group. These ligands spontaneously
form SAMs in the presence of a gold core or a flat gold. (c) Examples of the
tunable parameters of GNPs, such as ligand backbone, ligand end groups,
and gold core size.
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1.3.2 Background

GNPs for drug delivery are ideal because they: (1) have low cytotoxicity;

(2) are synthesizable with well-defined sizes; (3) can be readily detected;

and more importantly, (4) can be surface-modified by reaction with thiol-

containing molecules (e.g. -SH). Surface modifications allow changes to

physiochemical properties, such as surface charge, morphology, and so

on.41 GNPs can be used for either active targeting or passive targeting,

shown in Figure 1.4. Active targeting involves attachment of ligands that

recognizes a specific cell receptor displayed on a delivery vehicle, whereas

passive targeting involves accumulation of drug carriers in target tissues

due to leaky gaps in the endothelium of approximately 600 nm, which

are larger compared to healthy tissues. Therefore, for passive targeting,

the GNP must be sufficiently small, typically 5-10 nm in diameter, to

take advantage of the so-called “enhanced permeation and retention” ef-

fect (EPR) where biocompatible macromolecules accumulate at higher

concentration near tumor tissues.42 An ideal GNP would be able to take

advantage of both passive and active transport, where the conjugated

ligands can specifically bind to cancer cells and the GNP can overcome

transport barriers.
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Figure 1.4: Active (solid) and passive (dashed) targeting using GNPs. This
image was adapted from Ref. 36 with permission from Elsevier.

1.3.3 Design considerations to improve GNP blood

circulation lifetimes

To improve the GNPs blood circulation lifetime, PEG chains can be grafted

onto GNPs.37,41,43 The PEG chains act like a polymer brush that camou-

flages the GNP from the immune system, preventing protein adsorption
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while hydrogen bonding to water. Furthermore, GNP diameter can influ-

ence its blood circulation lifetime. Particles smaller than 5 nm in diameter

are filtered by the kidneys, a process called renal clearance,44,45 and hy-

drophobic GNPs of this size are found to passively penetrate cell mem-

branes and can be trapped within the lipid bilayer.46 Larger hydrophobic

GNPs (5-10 nm) are found to spontaneously translocate across lipid bilay-

ers, and GNPs >10 nm use endocytosis, an active transport mechanism

requiring collective action of membrane proteins, to translocate into the

cell which is generally slow with characteristic times of seconds to min-

utes.47 GNPs > 100 nm are filtered by the spleen and sequestered by the

liver.44,45 Therefore, from a design standpoint, GNPs should include a

PEG chains for biocompatibility and should have diameters in the range

between 5-100 nm to avoid filtration processes. This dissertation primarily

focus on GNPs within the sub-10 nm core size because they are sufficiently

small enough to be modeled atomistically, and they have the same length

scales to biomolecules.48

1.3.4 GNPs in the biological environment: challenges of

the corona

Once placed into a biological environment, GNPs face the challenge of

proteins adsorbing onto the surface, which can still occur even with PEG

chains grafted on the GNP.49 Adsorbed proteins on the GNP surface form
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a protein corona (or simply, corona), typically consisting of soft and hard

coronas.49–51 Soft coronas are loosely bound proteins that can be more

readily removed. Conversely, hard coronas are tightly adsorbed onto

the surface of the GNP that is more stable and difficult to remove. The

formation of coronas on the surface of the GNP can significantly modify

surface properties and increase its effective diameter. Therefore, even if

we engineered a GNP to target cancer cells, its function may be completely

changed due to the formation of a corona, which gives the GNP a biological

identity.51 In addition, proteins in the corona could be displaced by new

molecules as the GNP moves to a new environment. Thus, the corona is

dependent on not only the current environment, but also all the previous

environments that the GNP has passed through.52 With nearly 3,700 types

of proteins in human blood,53,54 only a few proteins are abundant in the

hard corona and they are often difficult to characterize experimentally.51

Overall, there are many possible compositions of corona formation on

GNPs and currently, a lack of tools that can predict, or even understand,

the GNP biological identity. This challenge may be addressed with the

computational tools developed in this dissertation, which can enable high-

throughput screening of protein adsorption on the GNP surface as a way

of understanding corona formation.
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1.3.5 Hypothesis and research questions

We hypothesize that modeling GNPs with MD simulations can help us

understand how gold core and ligand selection affects monolayer prop-

erties, and these physical insights could be encoded within molecular

descriptors that could be used to predict GNP behavior more broadly. For

this application, we seek to answer the following research questions:

1. How do we develop a generalized workflow to account for tunable

GNP parameters? (Chapter 8)

2. How do we use classical MD simulations to gain physical insight

into the effects of GNP core/ligand selection on surface properties?

(Chapters 9 and 10)

3. How do we use MD and machine learning tools to accurately predict

GNP behavior and guide experimental design? (Chapter 11)

1.4 Scope of this disseration

The structure of this disseration is outlined as follows:

Chapter 2. This chapter introduces the computational methods, such as

classical molecular dynamic simulations, quantitative structure-property

relationships, and machine learning models. We will use these tools to

generate simulation systems and relate simulation-derived descriptors to

experimental observables.
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Solvent screening for biomass conversion reactions. The computational

tools developed for this application are summarized in Figure 1.5 and

described below:

Chapter 3. This chapter introduces the simulation model for screening

solvent environments in biomass conversion reactions. We will show that

simulation-derived descriptors could predict experimental reaction rates,

despite not modeling the reaction mechanism or the catalyst.

Chapter 4. One question from Chapter 3 was whether catalyst infor-

mation might be informative of how solvents effect biomass conversion

reactions. This chapter attempts to incorporate catalyst information by

modeling the acid-catalyst (i.e. hydronium ion) in various solvent environ-

ments.

Chapter 5. This chapter uses the simulation and experimental data

from Chapter 3 as inputs and outputs, respectively, for a deep learning

framework. We integrated molecular simulations of biomass-relevant

compounds and convolutional neural networks to rapidly predict experi-

mental reaction rates without having to pre-define descriptors a priori as

done in Chapter 3.

Chapter 6. This chapter introduces the use of solvation free energy

calculations to estimate selectivities of biomass conversion reactions. These

tools are useful for predicting solvent effects on selectivities of parallel

reactions, which are generally challenging to anticipate a priori.

Chapter 7. This chapter integrates the tools from Chapters 5 and 6 into
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a workflow to downselect solvent environments using a combination of

molecular simulations and machine learning tools. We then test two case

study examples, where these computational tools decrease the number

of experiments necessary to select a good mixed-solvent environment for

biomass conversion reactions.

Figure 1.5: Computational overview for applications in solvent screening
for biomass conversion reactions.

Screening monolayer-protected gold nanoparticles for biomedical ap-

plications. The computational tools developed for this application are
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summarized in Figure 1.6 and described below:

Chapter 8. This chapter introduces the generalized workflow for gen-

erating GNP systems that account for gold core shape and size, and ligand

selection. We used clustering algorithms to quantify the extent of “bundles”

or the alignment of ligands observed in small GNPs with long, nonpolar

ligands. This chapter highlights the importance of using MD simulations

to model GNP systems, which could capture the cooperativity arising

from ligand-ligand and ligand-solvent interactions.

Chapter 9. This chapter extends the generalized workflow to studying

GNP-lipid-bilayer systems. We investigated the effects of ligand end group

chemistry on the adsorption of GNPs onto DOPC lipid bilayer systems.

One finding from this chapter is that ligand hydrophobicity (i.e. lipophilic-

ity) - the thermodynamic affinity of a molecule to water - correlates with

GNP uptake on bilayers, suggesting that hydrophobicity is an important

parameter for GNP design.

Chapter 10. Given that hydrophobicity is an important property from

Chapter 9, this chapter describes computational methods to quantify the

hydrophobicity on the surface of GNPs by analyzing the fluctuations of

water at the GNP-water interface.

Chapter 11. This chapter distills the physical insights from Chapters

8-10 in the form of molecular descriptors and describes structure-property

relationships used to predict experimental observables (i.e. logP, cell up-

take, and zeta potential). These models are useful for designing and
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screening new GNPs with physically motivated descriptors.

Figure 1.6: Computational overview for applications in screening
monolayer-protected gold nanoparticle properties.

Chapter 12. This chapter provides a discussion on the key findings

from this dissertation and potential avenues of future research.
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2 computational methods

This chapter reviews the computational methods used throughout this

dissertation.

2.1 Classical MD simulations

This section gives an overview of classical MD simulations, which have

been well-summarized in several review articles1–3 and described briefly

here. For more than 40 years, classical MD simulations have been used

to understand how proteins or other molecular systems will move over

time, based the physics governing the interactions between atoms. The

first MD simulations were performed on simple gases in the late 1950s,4

followed by the first MD simulations of proteins in the late 1970s.5 Due to

the advancement of graphical processing units (GPUs) in the past decade,

the performance of MD simulations have dramatically improved, which

led to a boom in the utility of MD in applications like drug discovery or

materials design.1,2

The algorithm of MD simulations is fairly straightforward, as depicted

in Figure 2.1(a) and summarized in 2.1(b). Given the atomic position of all

the atoms in the system (e.g. four water molecules as an example in Figure

2.1(a)), the force (Fi) exerted on atom i by all other atoms is calculated using

the potential energy of the system (Epot). The potential energy is deduced

from the atomic positions and molecular structure that are calibrated to
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reproduce energies from quantum mechanical calculations or experimen-

tal observables (e.g. bond stretching); the equations for computing Epot are

known as forcefields. Equation 2.1 shows an example an equation to ap-

proximate Epot using forcefield equations.3 The bonded energies (Ebonded)

consists of simple ball-spring models for bonding and angle interactions,

and sinusodal function for dihedral angle interactions, which distinguishes

between eclipsed and staggered conformations. The nonbonded energies

(Enonbonded, marked in red) are modeled using Lennard-Jones potential and

electrostatic interactions, modeled by Coulomb’s law.

Epot = Ebonded + Enonbonded

=

∑
bonds

Kr(r− req)
2 +

∑
angles

Kθ(θ− θeq) +
∑

dihedrals

Vn

2
[1 + cos(nφ− γ)]+

∑
i<j

[
Aij

R12
ij

−
Bij

R6
ij

+
qiqj

εRij

]
(2.1)

These forcefields are calibrated to capture quantum mechanical/ex-

perimental results by the tuning the constants (e.g. Kr, Kθ, Vn, Aij, Bij) or

the equilibrium values between atoms (e.g. equilibrium bond length, req).

Different forcefields may vary in the functional form of Equation 2.1; the

most popular force fields for MD simulations are CHARMM,6 AMBER,7

GROMOS,8 and OPLS-AA.9 This dissertation primarily uses CHARMM
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forcefields because it is calibrated for modeling biomolecular systems and

small molecules.6,10

After the forces acting on each atom of the system is computed, the

atomic positions are moved according Newton’s law of motion (i.e. F =

ma) by computing velocities vi, then the new position xi(t + ∆t). The

MD algorithm in Figure 2.1(b) is iterated until the simulation reaches the

timescales of the desired behavior. The MD trajectory outputs position,

velocities, and forces over time, which could be used analyze interactions

that lead to molecular behavior, as described in Section 2.2. To ensure

numerical accuracy and stability, the time step of the MD simulation, ∆t,

must be small relative to the fastest coordinate change in the system, such

as bond vibrations.11 Since bond vibrations of hydrogen atoms are a few

tens of femtoseconds, ∆t is typically 1-2 femtoseconds for MD simula-

tions and is a major bottleneck in the simulation procedure.1 As a result,

microsecond-long processes that are barely capturing biological processes

is challenging to reach without massively parallel computers that exceed

109 steps (i.e. 1 µs). Fortunately, the present generation of computers with

GPUs allow us to achieve microsecond timescales using popular MD simu-

lation packages, such as GROMACS,12 NAMD,13 AMBER,14 CHARMM,15

or DESMOND.16 This dissertation primarily uses the GROMACS Version

201612 software package to perform MD simulations.
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Figure 2.1: (a) Schematic overview of MD simulations using four water
molecules as an example. (b) Basic algorithm for MD. The abbreviations
are: xi is the atomic position of atom i, Epot is the potential energy, Fi is
the force on atom i,mi is the mass of atom i, t is the current time, ∆t is the
time step deviation, vi is the velocity of atom i. This image was adapted
from Ref. 1 with permission from Dove Medical Press Limited.

2.1.1 Benefits and limitations

Classical MD simulations are beneficial because:

• MD can explicitly simulate solvent molecules, which can help in-

terrogate solvent-mediated interactions that may be missed when

using implicit solvation models.

• MD can capture cooperative interactions arising from multiple species

(e.g. protein flexibility that may affect how strongly a small molecule

might bind onto active site).17

• Forcefields are parameterized for studying biomolecular systems

and small molecules, which are highly relevant to the systems in this
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dissertation.

Despite the success of MD, the utility of this method is limited by the

following challenges:

• Forcefields may sometimes require further refinement to capture

experimental behavior.3

• MD does not model electron degrees of freedom; hence, bond break-

ing/forming or reactions cannot be observed in a simulation. In

addition, polarization or charge transfer is missed in a typical MD

simulation. As a result, if reactions are of interest, ab initio MD is

frequently used to enable bond breaking/forming events at a higher

computational cost compared to classical MD.18,19

• Since MD is limited by 1-2 femtosecond timesteps, it is computa-

tionally challenging to reach the microsecond timescale necessary

to observe biological behavior. To resolve this limitation, coarse-

grained models20 or enhanced sampling techniques21 are often em-

ployed to improve the sampling capabilities of MD. Alternatively,

improvements in hardware could help facilitate faster atomistic MD

simulations, such as Anton machines.22
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2.1.2 Solvation free energy calculations

Classical MD simulations could inform the stability of a molecule in a sol-

vent environment by computing solvation free energies. Figure 2.2 depicts

the introduction of a reactant molecule (labelled “R”) that is introduced

in water by slow introduction of van der Waals (VDW) and electrostatic

interactions. Solvation free energies quantify the free energy for intro-

ducing a solute in solvent environment by accounting for solute-solvent

interactions (e.g., hydrogen bonding, ion-dipole interactions, and van der

Waals forces) and the solvent reorganization necessary to accomodate the

solute. We use solvation free energy calculations in Chapters 4 and 6, and

their simulation parameters are briefly summarized below.
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Figure 2.2: Solvation free energy schematic of transferring a reactant from
vacuum to pure water by slowly introducing VDW and Coulombic inter-
actions between reactant and solvent. The solvation free energy is denoted
as GH2O

r .

The total potential of the system is defined as a function of two parame-

ters, λLJ and λelec, which scale the LJ and electrostatic potentials between

the solute and solvent, as shown in Equation 2.2.

U (λLJ, λelec) =ULJM,solv(λLJ) +U
elec
M,solv(λelec) +U

bonded
M +

UnonbondedM +Ubondedsolv +Unonbondedsolv

(2.2)

ULJM,solv and UelecM,solv are the LJ and electrostatic potentials between so-
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lute and solvent,UbondedM andUnonbondedM are intramolecular bonded and

non-bonded potentials of the solute, andUbondedsolv andUnonbondedsolv are the

bonded and non-bonded potentials between all solvent molecules.23 We

performed seventeen independent simulations for each solvation free en-

ergy: fourteen in which λelec = 0.00 and λLJ = 0.00, 0.00922, 0.04794,

0.11505, 0.260634, 0.31608, 0.43738, 0.56262, 0.68392, 0.79366, 0.88495,

0.95206, 0.99078, or 1.00, and three in which λLJ = 1.00 and λelec = 0.25,

0.75, or 1.00. The LJ coupling parameters represent a 12-point Gaussian

sequence, used previously to verify ion model parameters.24,25 In sum-

mary, we use solvation free energy calculations to quantify the free energy

of introducing a reactant, product, or catalyst in a solvent environment,

which is useful to investigate relative stabilities of each species as we vary

the solvent environment.

2.1.3 Umbrella sampling simulations

Umbrella sampling (US) is an enhanced sampling technique to estimate

free energy barriers along a reaction coordinate. For example, if we were

interested in the adsorption of GNP to lipid bilayer, we may set the reaction

coordinate as the distance between the GNP to the bilayer, as depicted

in Figure 2.3. US simulations are performed by restraining the GNP to a

series of reaction coordinate values using a weak harmonic spring, which

results in a histogram of positions and forces along the reaction coordinate.

Given the forces or positions over time and extent of bias for each reaction
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coordinate value, we can use the Weighted Histogram Analysis Method

(WHAM)26 to retrieve the free energy along the reaction coordinate. We

use US simulations to investigate GNP adsorption onto bilayers in Chapter

9.

Figure 2.3: Schematic for computing the free energy of moving a GNP to
lipid bilayer using US simulations.
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2.2 Molecular descriptors and quantitative

structure-property relationships

One approach to distilling the molecular information from MD simula-

tions is by developing molecular descriptors, a mathematical tool that

transforms chemical information into numbers. For example, accessible

surface area (ASA) is a molecular descriptor that quantifies the surface

area of a molecule exposed to a solvent. The information encoded within

molecular descriptors is highly dependent on the chemical resolution that

it is derived from. Table 2.1 lists molecular descriptors obtained from

different dimensions from 1D to 4D; generally, the higher the dimension,

the higher the molecular resolution that could be characterized by a molec-

ular descriptor. For instance, a 1D descriptor (e.g. the molecular formula)

cannot distinguish between propanal and acetone molecules that have

the same composition of atoms (e.g. C3H6O), whereas a 2D descriptor

(e.g. chemical structure) could easily distinguish between propanal and

acetone structures. 4D descriptors from MD simulations would give the

highest molecular resolution, further highlighting the advantages of using

MD.

Once computed, molecular descriptors can also be used to predict

chemical properties using quantitative structure-property relationships

(QSPR), summarized in Figure 2.4.27,28 QSPR modeling relates proper-

ties of interest (e.g. solubility) to molecular descriptors (e.g. ASA) and
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have been frequently employed in medicinal chemistry, with applications

such as drug delivery29 or nanoparticle cytotoxicity.28 Furthermore, QSPR

modeling is expected to capture complex relationships between molecular

structures (microscopic) and properties (macroscopic) of the chemicals

without requiring detailed knowledge of the mechanisms of interactions.

More importantly, QSPR modeling enables high-throughput screening

approaches to tune system properties. The success of QSPR modeling

is highly dependent on the quality of the molecular descriptors and the

selected model. However, selecting relevant molecular descriptors and

choosing the best QSPR model to predict a property is generally chal-

lenging, often requiring domain expertise and trial-and-error approaches.

These challenges could be addressed with the use of machine learning

algorithms that use a data-centric approach to identifying good features

and best models for a property of interest.

Table 2.1: Examples of molecular descriptors at different dimensions.

Dimension Type of information Example
1D molecular formula Propanal/acetone (C3H6O)
2D two-dimensional structure ChemDraw structure
3D conformation-dependent structure PDB structure
4D time-dependent dynamics of a molecule MD trajectory
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Figure 2.4: Overview of QSPR modeling with examples of linear and
nonlinear models for a binary classification of two properties.

2.3 Machine learning models

One of the challenges tackled in this dissertation is finding a good model

between the molecular descriptors and the property of the system. If

the model is linear (see Figure 2.4), it is easy to interpret how the molec-

ular descriptors relate to the property by analyzing the weights of the

regression model, which could provide understanding into the underly-

ing mechanism of action and ways to engineer the system for improved

properties.27,30 However, linearity is not always possible, and nonlinear
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approaches using more complex machine learning algorithms may be

necessary, such as kth nearest neighbor (kNN), support vector machines

(SVM), random forest (RF), neural networks (NN), and convolutional neu-

ral networks (CNN). Each of the models are schematically depicted in

Figure 2.5 and succinctly described below:

• kNN: classification of property 1 (open circles) versus 2 (filled circles)

is based on how many kth neighbors have either property 1 or 2. The

number of k neighbors is a tunable hyperparameter that varies based

on the dataset and often selected using a cross-validation procedure.

• SVM: classification of property 1 versus 2 is performed by defining

a hyperplane that maximizes the margins (denoted in dotted lines)

between the two properties. SVMs can also leverage kernel functions

(known as the “kernel trick” or “kernel method”) that could map the

input data into a nonlinear space, which might be easier to define the

hyperplane. While kNN and SVM models are described here as a

classification task, they could also be similarly used for a regression

task to predict a property value.

• RF: consists of a collection of decision trees that differ by limiting the

extent of data shown to each tree; upon prediction of a new input

data, the decision trees collectively “vote” to predict the property

value. The number of decision trees for RF models is a tunable hy-
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perparameter, but generally, more trees equate to a better predictive

model.

• NN: consists of interconnected layers that have weights learned from

an algorithm called “backpropagation,” where the weights of each

layer are modified based on the error of the output. The backpropa-

gation procedure is iterated across the training data multiple times,

where a complete pass over the data is called an “epoch.”31 The

number of hidden layers and activation functions of the nodes are

tunable hyperparameters; higher numbers of hidden layers equate

to a larger number of total weights and a more nonlinear model.

• CNN: consists of a collection of convolutional layers, max-pooling

layers, and fully connected layers that are designed to extract spatial

relationships within images and predict an output class (e.g. car in

Figure 2.5(e)). CNNs can extract spatial relationships using a “local

receptive field,” which is a fixed array (e.g. 2 × 2) that iteratively

loops through the image and outputs a high or low value based

on whether a specific edge/feature is detected. CNNs have been

successfully applied to image detection applications32 and reviewed

thoroughly in Ref. 33.

The models presented in Figure 2.5 are not an exhaustive list; there are

many other models outside the scope of this dissertation, such as graph-

convolutional neural networks,34 recurrent neural networks,35 and so on.
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Selecting the best machine learning model is based on the application and

dataset available, so domain expertise remains crucial to developing good

molecular descriptors and hypothesis-based QSPR models.

Figure 2.5: Different nonlinear approaches for developing QSPR models:
(a) kth nearest neighbor, (b) support vector machines, (c) random forest,
(d) neural networks, and (e) convolutional neural networks.



43

2.3.1 Deep learning models improve prediction accuracy

The prediction performance boost when using deep learning models,36

such as NN or CNN, are best highlighted in the ImageNet competition,37 a

contest requiring a model to classify more than 1.2 million images. Figure

2.6 shows the historical error rate of the best-performing model for the

annual ImageNet competition. Prior to deep learning models, the error rate

of the best models stagnated around ~25%. Deep learning models were

introduced in 2012 and significantly improved the prediction accuracy

close to human error of ~5% by 2015. These findings suggest that if deep

learning models could accurately classify images, they could be used to

drastically improve QSPR models for chemical design.31
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Figure 2.6: Historical error rate of the best-performing image classification
model in the annual ImageNet competition. Deep learning significantly
improved the error rate to ~15% in 2012 and reaching close to human-
level accuracy ~5% by 2015. This image was adapted from Ref. 31 with
permission from John Wiley and Sons.
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3 universal kinetic solvent effects in

acid-catalyzed reactions of biomass-derived

oxygenates

This chapter focuses on developing classical molecular dynamics sim-

ulations to investigate solvent-mediated effects on biomass conversion

reactions. For each chapter henceforth, we will begin by asking the re-

search questions that we are tackling, followed by a short summary of the

findings:

• How do we develop a workflow to model biomass-derived species
in aqueous mixtures with cosolvents?

• What physically motivated molecular descriptors could we compute
from molecular simulations that may relate to experimental reaction
rates?

• How do we merge these descriptors into a predictive model for
reaction rates and can the information from molecular dynamics
alone be predictive of reactivity (despite not modeling the catalyst
or reaction mechanism)?

In this chapter, the rates of Brønsted-acid-catalyzed reactions of ethyl

tert-butyl ether, tert-butanol, levoglucosan, 1,2-propanediol, fructose, cel-
This chapter was reproduced from Walker, T. W.; Chew, A. K.; Li, H.; Demir, B.;

Zhang, Z. C.; Huber, G. W.; Van Lehn, R. C.; Dumesic, J. A. Universal kinetic solvent effects
in acid-catalyzed reactions of biomass-derived oxygenates. Energy & Environmental Science
2018, 11, 617–628 with permission from the Royal Society of Chemistry.1 The electronic
supporting information is cited as Ref. 2. T. W. Walker and A. K. Chew contributed
equally to this work. T. W. Walker, H. Li, B. Demir, Z. C. Zhang, G. W. Huber, and J. A.
Dumesic designed and performed the reaction kinetic studies.
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lobiose, and xylitol were measured in solvent mixtures of water with three

polar aprotic cosolvents: γ-valerolactone; 1,4-dioxane; and tetrahydrofu-

ran. As the water content of the solvent environment decreases, reactants

with more hydroxyl groups have higher catalytic turnover rates for both

hydrolysis and dehydration reactions. We present classical molecular

dynamics simulations to explain these solvent effects in terms of three

simulation-derived observables: (1) the extent of water enrichment in the

local solvent domain of the reactant (Γ ); (2) the average hydrogen bonding

lifetime between water molecules and the reactant (τ); and (3) the fraction

of the reactant accessible surface area occupied by hydroxyl groups (δ), all

as a function of solvent composition. We develop a model, constituted by

linear combinations of these three observables, that predicts experimen-

tally determined rate constants as a function of solvent composition for

the entire set of acid-catalyzed reactions.

3.1 Introduction

Acid-catalyzed reactions in the liquid phase are ubiquitous in the produc-

tion and upgrading of renewable biomass-derived oxygenates,3–5 which

have garnered interest as sources of organic carbon for the production of

renewable liquid fuels.5–10 An important variable to control the reactivity

and selectivity for these catalytic processes is the solvent composition,

which affects reaction rates,11,12 product selectivities,13,14 the stability of
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desired products,3,15–17 and the economics of downstream separations.

Prior studies have shown that aqueous mixtures containing polar aprotic

cosolvents (i.e., mixed-solvent environments) are of particular interest in

this context; a minimum amount of water is often required to facilitate the

solvation of biomass-derived materials, while the cosolvent can enhance

reaction performance.11,18,19 For example, the rate of xylose dehydration

to furfural in aqueous mixtures of γ-valerolactone increases 30-fold com-

pared to the same reaction in pure water, while the formation of undesired

humins via degradation of the reactant and product is suppressed,12 im-

proving the furfural selectivity by over 50%.

While extensive knowledge has been accumulated regarding optimal

solvent compositions for key applications,12,13,15,20,21 it is not generally

possible to anticipate how mixed-solvent environments will perform in

new processes a priori, because the mechanistic details underlying kinetic

solvent effects in multicomponent systems are not well understood.22–24

Computational efforts in the past decade have relied on ab initio quantum

chemical methods to quantify the effects of solvent on the barriers to

elementary reaction steps.25 These studies have provided detailed insights

in important case studies,26–29 but broadly applicable design rules have

not been developed due (in part) to the limitation of ab initio techniques to

capture the slow intermolecular re-organizations that constitute solvent-

solute interactions.29–35

In contrast to ab initio methods, classical molecular dynamics (MD)
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simulations can access longer time scales (~µs) and larger length scales

(~nm), and at a lower computational cost. MD simulations therefore per-

mit characterization of the solvent environment in the immediate vicinity

of a reactant molecule (i.e., the local solvent domain of the reactant), which

can be compared to the solvent environment far from the reactant (i.e.,

the bulk solvent domain).18,21,36 For example, MD simulations have exam-

ined the preferred configurations of solvent molecules at biomass-relevant

reactant surfaces.18,21 Based on key reaction rate measurements in this

study and insights from our recent work,37 we hypothesize that trends in

acid-catalyzed reaction rates as a function of solvent environment can be

related to the formation and properties of a water-rich or -deficient local

domain near the reactant. These properties can be quantified via classi-

cal MD simulations, and moreover can be determined for a large series

of possible reactants and solvent compositions given the computational

efficiency of classical MD simulations.

In this chapter, we report the effects of mixed-solvent environments,

consisting of water mixed with a polar aprotic cosolvent, on experimentally

determined rates of Brønsted-acid-catalyzed reactions for seven biomass-

derived model compounds. Irrespective of the selected cosolvent, con-

sisting of 1,4-dioxane, γ-valerolactone, and tetrahydrofuran, we find that

reactants with more available hydroxyl groups become more reactive as

the water content of the solvent environment is decreased, and this behav-

ior is true for both hydrolysis and dehydration reactions considered in this
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study. By contrasting properties between local and bulk solvent domains

using MD simulations, we develop a computational approach to predict

reaction rates as a function of solvent composition. We predict experimen-

tally determined reaction rates using three computationally determined

observables: (1) the extent of water enrichment in the local solvent domain

of the reactant (Γ ); (2) the average hydrogen bonding lifetime between

water molecules and the reactant (τ); and (3) the fraction of the reactant

accessible surface area occupied by hydroxyl groups (δ).

To our knowledge, the approach developed in this study provides the

first tool of its kind in the context of biomass conversion in multicompo-

nent solvent environments. As such, this study represents a step toward

the model-predictive design of liquid-phase biomass conversion technolo-

gies. Moreover, this approach demonstrates that contrasting properties

between local and bulk solvent domains using MD simulations can pro-

vide insight into the kinetics of acid-catalyzed reactions in mixed-solvent

environments.

3.2 Methods

3.2.1 Reaction kinetics studies

Reactions were carried out in closed, 10 mL thick-walled glass reactors.

In a typical experiment, an appropriate amount of reactant (e.g., xylitol

(XYL)), acid catalyst, water and organic cosolvent (e.g., 1,4-dioxane (DIOX))
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were charged to the reactors, which were then sealed and placed in an

oil bath at the appropriate temperature. Reactors were removed at times

corresponding to the desired reaction time, and quenched in an ice bath

at 273 K. Reaction products were analyzed using high-performance liq-

uid chromatographs equipped with differential refractometers and photo

diode array detectors, or gas chromatographs equipped with flame ioniza-

tion detectors. All products were quantified using calibration curves with

external standards. Conditions for each reaction (temperature, fractional

conversion, etc.) were chosen so that each reaction was selective (>90%)

to a single product. This procedure allowed for reliable measurements of

rate constants based on the rate reactant consumption in a MATLAB-based

optimization routine as detailed in the ESI.2 Trifluoromethane sulfonic

(triflic) acid (pKa, H2O = 14.7, pKa, DMSO = -14.3, pKa, MeCN = 0.7) was

used as catalyst in all experiments, which has been shown to behave as a

strong acid even in pure polar aprotic solvents.37–39 We thus assume com-

plete dissociation of the acidic proton in all mixed solvent environments,

allowing for normalization of the apparent rate constants on a per-proton

basis.

3.2.2 Molecular dynamics simulations

Classical molecular dynamics simulations were performed using Gromacs

version 2016.40 Reactants and cosolvents were parameterized using the

CGenFF/CHARMM36 force fields41–43 while water was modeled using
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the SPC/E model.44 Solvent mixtures were initially equilibrated in an

NPT ensemble using a Berendsen barostat at 1 bar and velocity-rescale

thermostat at 300 K. The initial simulation box size containing the cosolvent

and water was set to (6 nm)3 in all simulations as schematically illustrated

in Figure 3.1. A single reactant molecule was then added to the system,

equilibrated with the same barostat and thermostat at the temperature of

the reaction for 500 ps, followed by a NPT MD simulation with Parrinello-

Rahman and Nóse-Hoover as the barostat and thermostat, respectively,

for 200 ns. The accessible surface area, radial distribution functions, and

preferential exclusion coefficients were calculated using the final 190 ns

of simulation data. For preferential exclusion coefficients, the simulation

trajectory was partitioned into two separate trajectories of 95 ns to obtain

the error in the calculations as the standard deviation of the calculated

values. Simulation analysis was performed using the MDTraj tool box45

and analysis tools developed in-house. A total of 91 MD simulations (~18.2

µs simulation time) was performed. Details of the simulation parameters

are available in the ESI, as well as methods for computing simulation

observables.2
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Figure 3.1: Schematic depiction of mixed-solvent system preparation. “R”
denotes the reactant. Note that the second production trajectory, used to
calculate hydrogen bonding lifetimes, was not always 4 ns; some reactants
required a longer simulation time to obtain accurate hydrogen-bonding
lifetime data.

3.2.3 Hydrogen bonding lifetime

Hydrogen bonding lifetimes were calculated based on the Luzar and Chan-

dler approach.46 The kinetics of hydrogen bond formation and breaking

is described in Equation 3.1.

dc(t)

dt
= −kc(t) + k ′n(t) (3.1)

k and k ′ are rate constants for breaking and making hydrogen bonds,

respectively. c(t) is the hydrogen bond correlation function that outputs

the probability a hydrogen bond is intact at time t given that it was intact

at t = 0. n(t) is the probability that a hydrogen bond is broken but the

hydrogen bonding groups are still within hydrogen bonding distance.

The average bonding lifetime (τHB) could be found by the reciprocal of

the forward rate constant (1/k) and calculated using Gromacs 5.0.1.47–51
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Additional details of hydrogen bonding lifetime calculations are available

in the ESI.2

3.3 Results and Discussion

3.3.1 Universal effects of reactant and cosolvent

properties on reactivity

Figure 3.2 shows the seven Brønsted-acid catalyzed reactions considered

in this study, including those reported in our prior work.37 For brevity,

the reactant abbreviations in Figure 3.2 are used throughout this text.

Reactions were carried out in pure water, and in aqueous mixtures of

the three polar aprotic cosolvents: DIOX; γ-valerolactone (GVL); and

tetrahydrofuran (THF). Reactants in Figure 3.2 are organized according to

decreasing hydrophilicity, as estimated by the accessible hydroxyl fraction

(δ), which we have defined as the accessible surface area (ASA) occupied

by the (N) hydroxyl groups in a reactant molecule (ASAOH,k) normalized

by the ASA occupied by the (M) total atoms in the molecule, shown in

Equation 3.2.

δ =

∑N
k=1 ASAOH,k∑M
l=1 ASAl

(3.2)
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Figure 3.2: Brønsted acid-catalyzed reactions of seven model compounds.
Rate constants associated with reactions 3, 4, and 6 were taken from prior
work.11,37 Hydroxyl groups are highlighted in red for emphasis. Reactants
are arranged according to decreasing hydrophilicity, as estimated by the δ
parameter.

The forward rates of all reactions (ri) in Figure 3.2 are described by

apparent first-order kinetics with respect to the concentrations of the

reactants (Ci) and acidic protons in solution (CH+).37,52–54 Accordingly, we

measured apparent rate constants in each solvent environment by fitting

the experimental reactions kinetics data (obtained in batch reactors) to

expressions in the form of Equation 3.3, where (kiorg,j) is the apparent

rate constant for the ith reaction, and the subscript denotes the identity

and composition (in jth mass fraction) of the organic cosolvent shown in
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Equation 3.3.

ri = −
dCi

dt
= kiorg,jCiCH+ (3.3)

Figure 3.3 shows the measured apparent rate constants for XYL dehydra-

tion in DIOX-water mixtures (kXYLDIOX,j), normalized by the rate constant in

pure water (kXYLH2O
), as a function of the mass fraction of DIOX in the solvent

environment (mDIOX). As the mass fraction of DIOX increases, the value

of the rate constant for XYL dehydration increases by nearly two orders of

magnitude. In general, the values of the rate constants measured in this

study are a strong function of solvent composition, and this phenomenon

has previously been noted elsewhere.11,12,37
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Figure 3.3: Apparent rate constant for XYL dehydration normalized by
the rate constant in pure water versus the mass fraction of the organic
cosolvent in DIOX-water mixtures. Reaction conditions: 75 - 200 mM XYL;
0.03 - 1.3 M trifluoromethane sulfonic (triflic) acid; 403 K.

To compare reactivity trends across different reactions and solvent

environments, the rate constants associated with each of the reactions in

Figure 3.2 were described in terms of a kinetic solvent parameter (σiorg,j)

as shown in Equation 3.4.

σiorg,j = log10

(
kiorg,j

kiH2O

)
(3.4)

Positive kinetic solvent parameters indicate an increase in the rate of reac-

tion in a particular solvent environment compared to the same reaction in
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Table 3.1: Kinetic solvent parameters for the Brønsted-acid-catalyzed dehy-
dration of XYL in mixtures of water with three organic cosolvents. Reaction
rate constant of XYL in water is: kXYLH2O

= 1.04×10−4±9.3×10−6Lmol−1s−1

Reaction conditions: 403 K; 0.015-1.3 M triflic acid. Confidence intervals were
calculated at the 95% confidence level. N/A means not available due to phase
separation between water and organic cosolvent.

morg σXYLGVL,j σXYLDIOX,j σXYLTHF,j

0.90 2.05± 0.07 1.80± 0.08 1.85± 0.10
0.75 1.02± 0.08 1.02± 0.08 0.74± 0.13
0.50 2.05± 0.07 0.50± 0.08 N/A
0.25 0.11± 0.10 0.18± 0.08 0.23± 0.07

pure water, while negative values have a converse implication. Table 3.1

presents the kinetic solvent parameters for the rate of XYL dehydration

in aqueous mixtures of up to 90 wt% DIOX, GVL, and THF. These results

demonstrate a general trend of increasing reactivity with decreasing water

content for each of the three cosolvents. A complete list of the kinetic

solvent parameters collected in this study is presented in the ESI.2

Figure 3.4(a) presents the kinetic solvent parameters for XYL and tert-

butanol (TBA) dehydration in aqueous mixtures of DIOX, GVL, and THF

as a function of the mass fraction of the organic cosolvent (morg). These

two reactions represent upper and lower limits in our dataset with respect

to reactant hydrophilicity and kinetic behavior. XYL has an accessible

hydroxyl fraction (δ) of 0.66 and becomes monotonically more reactive

with decreasing water content of the solvent environment. In contrast,

TBA has an accessible hydroxyl fraction of 0.17, and its reactivity is a
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non-monotonic function of solvent composition.37 In general, the extent to

which the rate of TBA dehydration is affected by the increasing addition

of organic cosolvent is smaller than that of XYL dehydration.

Figure 3.4: Kinetic solvent parameters (σiorg) as a function of: (a) solvent
composition in aqueous mixtures of DIOX, GVL, and THF (open symbols
= TBA, closed symbols = XYL), and; (b) the accessible hydroxyl fraction
(δ) in DIOX-water mixtures.

The comparison of XYL and TBA dehydration suggests that reactivity

trends with respect to the water content of the solvent environment may

depend on the hydrophilicity of the reactant, as we have postulated else-

where.37 Figure 3.4(b) presents the kinetic solvent parameters as a function

of the accessible hydroxyl fraction for all seven reactions in aqueous DIOX

mixtures. At a fixed solvent composition, the kinetic solvent parameters

generally become more positive, indicating increasing rates of reaction

compared to pure water, with an increasing accessible hydroxyl fraction.

Similar behavior was observed in GVL and THF mixtures (see ESI).2 Note

that this behavior is observed for both the dehydrations and hydrolysis
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reactions considered in this study.

3.3.2 Proposed mechanism: reaction rates correlate with

formation of water-enriched local solvent domain

To understand the aforementioned trends in reactivity, we note that rates of

chemical reactions are controlled by the thermodynamic properties of the

reactants, catalyst, and transition states in the elementary steps.24 A quan-

titative understanding of solvent effects therefore requires knowledge of

the reaction mechanism, and a rigorous characterization of the transition-

state-solvent interactions in each of the kinetically relevant steps.29,34,37

In many cases, however, catalytic reactions occur via a sequence of

elementary steps where a single step is rate-limiting, and the rate is then

controlled by the thermodynamic properties of the transition state for this

step.55–57 In these cases,58,59 the reaction mechanism may be analyzed via

a sequence of quasi-equilibrated steps, such that the reactant and proton

are treated as being in equilibrium with the transition state. Further-

more, transition states in acid-catalyzed reactions typically display strong

carbocation-like character.57,60 Accordingly, as shown in Figure 3.5(b), we

consider the acid-catalyzed reactions in this study as being composed of

two generalized steps, both of which can be impacted by the solvent:

(i) the transfer of a proton from the bulk domain to the reactant, and;

(ii) the formation of a carbocation-like transition state.
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For step (i), we have shown that water-enriched local solvent domains

form around hydroxyl groups in the presence of polar aprotic cosolvents.60

In mixed-solvent environments, hydrophilic reactants thus drive the forma-

tion of local solvent domains in which the local density of water molecules

near the reactant is greater than the density of water molecules in the bulk

solvent, as shown in Figure 3.5(a). A proton is therefore destabilized in

the bulk solvent relative to the local domain, because of its higher affinity

for water than for the organic phase, leading to a thermodynamic driv-

ing force for transferring the proton to the reactant.12,61–63 Vlachos and

co-workers have postulated a similar mechanism for fructose dehydration

in DMSO-water mixtures.27

For step (ii), we hypothesize that the stability of the reactant, proton,

and transition state are correlated in these local solvent domains, because

water molecules that bind strongly to the reactant are preorganized into

configurations that stabilize charged transition states.34,64 Similar solvent

preorganization is thought to contribute to enzyme catalytic efficiency,65

has been speculated as a key effect in the acid-catalyzed glucose to fructose

isomerization reaction,34 and may contribute to the enhanced reactivity of

hydronium ions in confined environments (zeolites).66,67

We now explore whether reactant-solvent-cosolvent interactions can

be tuned to deliberately drive the formation of water-enriched local do-

mains near hydrophilic reactants. Water and the hydrophilic reactant are

then characterized as being confined to a local domain, with confinement
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enhancing reactivity by increasing reactant-proton association, and sta-

bilizing the carbocation-like transition states common to acid-catalyzed

reaction mechanisms. With MD simulations, we probe our hypotheses by

analyzing the local solvent domain near the reactant and deriving simula-

tion measurables that can be used to predict experimental reaction rates.

Simulation snapshots for XYL in pure water and 90 wt% DIOX are shown

in Figure 3.5(c) and Figure 3.5(d), respectively.

Figure 3.5: (a) Role of cosolvent molecules on the distribution of solvent
molecules. Favorable interactions with hydrophilic reactants in mixed-
solvent environments drive the formation of water-rich local domains
around the reactant. While there are fewer water molecules in the local
domain relative to pure water, the local water density is enriched relative
to the bulk density in the solvent mixture. (b) Proposed effect of cosolvent
molecules on a reaction free energy landscape. Stabilization of the proton
and transition state in the water-rich local domain, relative to the bulk
domain, lowers the apparent free energy barrier for the reaction in a mixed-
solvent environment. (c, d) MD simulation snapshots of XYL in (c) pure
water and (d) 90 wt% DIOX, which is drawn as a single representative
bead to match the schematics in (a).
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3.3.3 MD simulations: formation of water-enriched local

domains in solvent mixtures

Figure 3.6 shows the radial distribution function (RDF), which quantifies

the density of water molecules at a radius r away from a central molecule

normalized by the bulk water density. The RDF is schematically depicted

in Figure 3.6(a) for a mixed-solvent environment in which XYL is the

central molecule. The RDF for XYL in a 90 wt% DIOX-water mixture and

in pure water (0 wt% DIOX-water) is shown in Figure 3.6(b). We define the

cutoff, rcutoff, between the local and bulk solvent domains as the distance

at which the RDF reaches unity.

RDFs between TBA-water and XYL-water in various DIOX-water mix-

tures are shown in Figure 3.6(c) and Figure 3.6(d), respectively. From

the RDFs, we find that the water content in the local solvent domain of

each reactant increases compared to the bulk solvent domain when a high

concentration of cosolvent is present in the solvent environment. This be-

havior is apparent from the increase in the magnitude of the first solvation

peak for systems containing large concentrations of DIOX relative to its

magnitude for a pure water system, indicating that water preferentially

partitions to the local solvent domain around the reactant. The RDF for

XYL has a broader first solvation peak than TBA, which indicates greater

water enrichment in the local solvent domain when the reactant has more

hydroxyl groups.
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Figure 3.6: (a) Schematic depiction of the radial distribution function for
XYL. The distance, r, is calculated between the center of mass of the reac-
tant and the oxygen atom of each water molecule. (b) Radial distribution
function for XYL in 90 wt% DIOX and pure water (mDIOX = 0). The cutoff
between local and bulk domain is defined as the distance when the RDF
between the reactant and water reaches unity (i.e. a random mixture). (c,d)
Radial distribution function for TBA (c) and XYL (d) for various wt% of
organic solvent.
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3.3.4 Quantifying water enrichment within the local

domain of the reactant

Because RDFs are difficult to compare across reactants with different

concentrations of cosolvents, we calculated the preferential exclusion coef-

ficient (Γ ) as a molecular descriptor to quantify the local domain composi-

tion around the reactant. We define Γ as the excess number of cosolvent

molecules within the local solvent domain of the reactant relative to the

bulk solvent domain. Preferential exclusion coefficients are calculated

from the MD simulations according to Equation 3.5, where nC and nW

are the total number of cosolvent and water molecules, and the super-

scripts L and B indicate molecules within the local and bulk domains,

respectively.68–71

Γ = −

〈
nLC − nLW

(
nBC
nBW

)〉
(3.5)

Positive values of Γ indicate that the concentration of cosolvent is lower in

the local solvent domain of the reactant than in the bulk solvent domain.

Positive Γ is also referred to as preferential hydration,71 because the exclu-

sion of cosolvent indicates that the reactant has a higher affinity for water.

Negative values of Γ indicate that the concentration of cosolvent is higher

in the local solvent domain of the reactant than in the bulk solvent domain

and that the reactant has a higher affinity for the cosolvent.

Preferential exclusion coefficients (Γ ) calculated for TBA and XYL in

DIOX-water and GVL-water mixtures at various cosolvent concentrations



69

are shown as filled lines in Figures 3.7(a) and (b). Experimentally de-

termined kinetic solvent parameters (σ) are depicted as dashed lines for

comparison. For TBA, Γ is negative with the exception of 90% GVL-water.

Conversely, Γ is positive for XYL across the range of cosolvent composi-

tions, which means that XYL preferentially excludes cosolvent and has

a higher affinity for water. We find that Γ correlates well with σ, even

capturing the non-monotonic behavior in TBA.

Figures 3.7(c) and 3.7(d) show a strong linear correlation between

simulation-derived Γ and the experimentally determined σ, as indicated

by Pearson correlation coefficients (Pearson’s r). Pearson correlation coeffi-

cients close to 1 indicate a total positive linear correlation, whereas values

near -1 indicate a linear negative correlation, and zero indicates no linear

correlation. Pearson correlation coefficients for all reactants in each of the

three cosolvent mixtures are summarized in Table 3.2. We find that Γ and

σ are highly correlated (Pearson’s r > 0.80) for the majority of the systems,

with the exception of THF-water systems.

The agreement between simulations and experiments suggests that

higher reaction rates correspond to the enrichment of water near the

reactant despite differences in reactant hydrophilicity and reaction mech-

anisms. However, the poor correlation between Γ and σ in some reac-

tant/cosolvent environments suggests that additional parameters that

characterize the local solvent domain will improve our understanding of

the solvent effects that contribute to experimentally determined reaction



70

rates.

Figure 3.7: Relationship between experimentally determined kinetic sol-
vent parameters (σ) and simulated preferential exclusion coefficient (Γ ) for
(a) TBA and (b) XYL for various wt% of organic cosolvent in GVL-water
and DIOX-water mixtures. The gray dotted line denotes when σ and Γ
are zero. Kinetic solvent parameters are also plotted against Γ for (c) TBA
and (d) XYL. The dashed lines in (c) and (d) represent the best-fit line.
Data points are labeled with the wt% of the organic cosolvent. Pure water
systems have been omitted from parts (c) and (d) because σ and Γ will
always be zero.
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Table 3.2: Pearson correlation coefficient between the kinetic solvent param-
eters (σ) and the preferential exclusion coefficient (Γ ) for various reactants
and cosolvents.

Reactant
Cosolvent ETBE TBA LGA PDO FRU CEL XYL All∗

DIOX -0.08 0.94 0.84 0.98 0.96 0.98 0.99 0.84
GVL 0.80 0.99 0.91 1.00 0.93 0.80 0.85 0.72
THF 0.49 -0.68 0.76 0.55 0.45 0.55 0.26 0.60

∗ Uses data from all reactants and all four cosolvent wt%

3.3.5 Quantifying reactant-water hydrogen bonding

strength

Following the hypothesis that charged transition states may be stabilized

by water molecules in the local solvent domain that are preorganized

into favorable binding configurations, we next calculated the average

reactant-water hydrogen bonding lifetime (τHB) as a molecular descriptor

to quantify the strength of water binding to the reactant in the mixed-

solvent systems.72 We expect that hydrogen bonds between the reactant

and water are stronger (i.e., longer-lasting) in mixed-solvent environments

that have large cosolvent concentrations, because water-water hydrogen

bonds are unable to form, increasing the preference of reactant-water

hydrogen bonds. Stronger interactions between water and reactant may

translate to a lower transition state free energy and thus, an increase in

reaction rate.73,74
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Hydrogen bonding lifetimes for TBA and XYL are shown in Figure

3.8. When increasing the concentration of the organic cosolvent, hydro-

gen bonding lifetimes between the reactant and the surrounding water

molecules increase monotonically across different cosolvent environments,

indicating stronger reactant-water hydrogen bonds. XYL has a lower

hydrogen bonding lifetime compared to TBA, possibly due to a higher re-

action temperature for XYL (403 K vs. 363 K); higher system temperatures

often result in lower hydrogen bonding lifetimes. To remove temperature

effects, we define the hydrogen bonding lifetime ratio, τ, by normalizing

the hydrogen bonding lifetime in the organic cosolvent mixtures (τHB, org)

by the hydrogen bonding lifetime of the same reactant in pure water

(τHB,H2O), as shown in Equation 3.6.

τ =
τHB, org

τHB,H2O
(3.6)

A monotonic increase in hydrogen bonding lifetime ratio with respect to

cosolvent fraction was observed for reactants across all cosolvent envi-

ronments (Table S5 in the ESI),2 confirming that reactant-water hydrogen

bonding strength generally increases as the amount of available water in

the mixture decreases.
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Figure 3.8: Average reactant-water hydrogen bond lifetimes (in picosec-
onds) for TBA and XYL as a function of mass fraction of organic cosolvent
in DIOX-water, GVL-water, and THF-water mixtures.

3.3.6 Multidescriptor correlation between experimental

and simulation results

Since both Γ and τmeasure contributions to experimentally determined

reaction rates, we explored the use of these descriptors in combination to

improve the correlations in Table 3.2, as shown in Equation 3.7.

σpred = A+ Bb+ Cc+ . . . (3.7)
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A, B, and C are coefficients that quantify the relationship between the

simulated molecular descriptors b and c and experimental data (σ). Coeffi-

cients for the multidescriptor correlation are obtained by linear regression

between the simulated descriptors and experimental kinetic solvent pa-

rameters. The model accuracy is then assessed by using the coefficients

to calculate a predicted kinetic solvent parameter, σpred, and plotting it

against the experimentally determined kinetic solvent parameter σexp.

To determine if hydrogen bonding strength improves the correlation

between simulation results and experimental models, we define two mod-

els: Equation 3.8 uses a single descriptor, Γ , and Equation 3.9 uses two

descriptors, Γ and τ.

σpred = A+ B(Γ) (3.8)

σpred = A+ B(Γ) + C(τ) (3.9)

As shown in Table 3.3, the slope between σpred and σexp for most reactant/-

cosolvent systems is close to unity and the root-mean-square error (RMSE)

between the predicted and experimental values is lowered when using the

two-descriptor model in Equation 3.9 compared to only fitting a single de-

scriptor in Equation 3.8. Therefore, the addition of the hydrogen bonding

lifetime ratio, which characterizes the binding strength between the reac-

tant and water within the local domain, improves the overall correlation

between σpred and σexp.
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Table 3.3: Best-fit slope and root-mean-square error (RMSE) between pre-
dicted kinetic solvent parameters (σpred) and experimental kinetic solvent
parameters (σexp). N/A are omitted values since only three experimental
values are available, resulting in an exact solution to Equation 3.9. THF
cosolvent mixture results are omitted for the same reason.

1 Descriptor Fit 2 Descriptor Fit
Equation 3.8 Equation 3.9

Cosolvent Reactant Slopea RMSEb Slopea RMSEb

DIOX ETBE 0.01 0.11 0.17 0.10
TBA 0.89 0.09 0.99 0.03
LGA 0.70 0.11 0.98 0.03
PDO 0.96 0.05 N/A N/A
FRU 0.92 0.16 1.00 0.03
CEL 0.97 0.08 0.97 0.07
XYL 0.98 0.09 0.98 0.08

GVL ETBE 0.63 0.14 0.63 0.14
TBA 0.97 0.03 0.98 0.02
LGA 0.82 0.14 0.95 0.07
PDO 0.99 0.07 N/A N/A
FRU 0.86 0.27 1.00 0.00
CEL 0.64 0.35 0.97 0.11
XYL 0.73 0.39 1.00 0.00

The results in Table 3.3 suggest that the two-descriptor correlation

model can accurately reproduce reaction rates as a function of cosolvent

concentration for a single reactant in a single solvent mixture. To probe if

Γ and τ can be used to predict reaction performance for a series of various

reactants, we calculated best-fit parameters for Equation 3.9 using the

combined data for all seven reactants in DIOX-water mixtures and used
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the resulting two-descriptor correlation model to calculate values of σ.

Comparing the calculated and experimental values of σ resulted in a slope

of 0.73 and RMSE of 0.36 (Figure S7 in the ESI).2 We further found that in-

corporating a reactant-specific descriptor, the accessible hydroxyl fraction

(δ), led to the improved multidescriptor correlation model described in

Equation 3.10.

σpred = A+ B(Γ) + C(τ) +D(δ) (3.10)

The three molecular descriptors in Equation 3.10 are statistically uncorre-

lated (Figure S9 in the ESI)2 with one another, and moreover are physically

motivated vis-à-vis the generalized reaction mechanism proposed above.

The preferential exclusion coefficient captures the extent to which the

reactant accumulates excess water in its immediate vicinity, which cre-

ates a thermodynamic driving force for the transfer of a proton from the

bulk phase to the reactant, thereby initiating the acid-catalyzed reaction

mechanism. The hydrogen bonding lifetime ratio captures information

regarding the binding strength of water to the reactant, which we interpret

as a measure of the ability of the encapsulated water cluster to stabilize the

carbocation-like transition states common to acid-catalyzed reactions, as

shown in Figure 3.5. The accessible hydroxyl fraction captures information

relating to the percentage of the surface area of the reactant molecule oc-

cupied by hydroxyl groups, which we interpret as a qualitative descriptor

of the reactant’s hydrogen bonding capacity, normalized by its molecular
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size. To further validate the addition of each parameter, we compared

several simpler models (see Table S8 in the ESI)2 using the Akaike Infor-

mation Criterion (AIC).75 Comparison of the AIC’s associated with each

of the competing models indicated that Equation 3.10 affords a sufficient

improvement in the model’s ability to predict experimental rate constants

so that its greater complexity is statistically justified.

Figure 3.9(a) compares kinetic solvent parameters calculated using the

multidescriptor correlation model in Equation 3.10 to experimentally deter-

mined values for DIOX-water mixtures, affording a slope of 0.89 and RMSE

of 0.23 with few false positive/negatives. As the correlation is maintained

across several different reactants, we suggest that acid-catalyzed reactions

behave similarly in each of these cosolvent mixtures, where knowledge of

simulation-derived Γ , τ, and δ can predict experimental σexp with accuracy.

To demonstrate the predictive power of the model in Equation (9), we

selected one reactant (the test set), fit the parameters in Equation 3.10

using the remaining six reactants (the training set), and then calculated

kinetic solvent parameters for the test set reactant using the parameters

derived from the training set. This procedure assesses the ability of the

multidescriptor correlation model to predict kinetic solvent parameters for

reactants that are not used to determine model parameters. Figure 3.9(b)

shows the results of this procedure for DIOX-water mixtures using FRU

as the test set reactant. We find that the best-fit slope and RMSE between

experimental and predicted kinetic solvent parameters are nearly the same
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when using the six-reactant training set compared to using all seven reac-

tants. The test set RMSE is 0.12, which is lower than the average RMSE of

the training set. These results confirm the robustness and predictability

of the multidescriptor correlation model. Table S9 further extends these

results to all reactants in all solvent systems.2
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Figure 3.9: (a) Comparison of kinetic solvent parameters calculated using
the multidescriptor correlation model (σpred) to experimentally determined
values (σexp) for all seven reactants in DIOX-water mixtures. Each reactant
has four data points for 0.25, 0.50, 0.75, and 0.90 mass fractions of DIOX,
with the exception of PDO (see Table S1).2 The slope of the best-fit line for
all the data points and the average root-mean-squared error (RMSE) be-
tween the values of σpred and σexp are shown at the bottom right. The solid
black line indicates a perfect correlation (σpred = σexp) and dotted lines
are drawn at σexp = 0 and σpred to help visualize false positive/negative
predicted values. Lines above and below the σpred = σexp line are shifted
by ±0.10, denoting the approximate experimental error. (b) Prediction of
kinetic solvent parameters using FRU as a test set with all other reactants
taken as a training set. The slope of the best-fit line and RMSE between
the values of σpred and σexp for the training and test sets are shown at the
bottom right.

Table 3.4 summarizes the model coefficients and error for the different

cosolvent environments. Simulated parameters were re-scaled to values

between 0 and 1 so that the values of the coefficients in Equation 3.10

can be compared (see ESI for re-scaling details).2 DIOX-water mixtures
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were found to have the best correlation when fitting. GVL-water and THF-

water cosolvent environments have the highest error. The coefficients differ

across cosolvents, suggesting that the simulated parameters contribute to a

different degree when changing cosolvent environments. In general, Γ has

the largest weight in the multidescriptor correlation model for DIOX-water

and GVL-water systems, indicating that the formation of a water-rich local

domain is the dominant contributor to reactivity, in agreement with the

correlations in Table 3.2. Γ has a smaller weight in THF-water system

further supported by low correlations between Γ and σ in Table 3.2. The

low correlation implies that there may be other descriptors that could

be included to improve the model, such as additional cosolvent-specific

descriptors (e.g., dielectric constants, size, dipole moment, etc.).76

Table 3.4: Coefficients of the multidescriptor correlation model describing
the rates of all seven reactions in each of the three cosolvent mixtures with
the best-fit slope and root-mean-square error (RMSE) between predicted
(σpred) and experimentally determined (σexp) kinetic solvent parameters.
The descriptors Γ̃ , τ̃, and δ̃ are equal to Γ , τ, and δ but re-scaled to values
between 0 and 1 so the coefficients are comparable.

σpred = A+ B(Γ̃) + C(τ̃) +D(δ̃)

Cosolvent A B C D Slope RMSE
DIOX -1.484 1.536 1.244 0.999 0.89 0.23
GVL -1.416 1.696 0.760 1.018 0.71 0.36
THF -0.826 0.349 1.592 0.410 0.51 0.59
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3.4 Summary

We have analyzed the effects of three polar aprotic cosolvents, in aque-

ous mixtures of varying composition, on the acid-catalyzed reactions of

seven biomass-derived model compounds. General trends in reactivity, as

expressed by changes in apparent rate constants as a function of solvent

composition, were correlated to simulation-derived observables obtained

from classical molecular dynamics simulations. We find that the pres-

ence of organic cosolvents in the solvent mixture leads to the formation

of water-enriched local solvent domains near hydrophilic reactants and

increases the strength of hydrogen bonding between reactants and local

water molecules. These effects are quantified by molecular descriptors

describing: (1) the local density of water near the reactant (Γ ); (2) the aver-

age hydrogen-bond lifetime between the reactant and neighboring water

molecules (τ); and (3) the accessible surface area occupied by hydroxyl

groups on the reactant (δ). By combining these three observables in a

multiple linear regression scheme, we have developed a multidescriptor

correlation model that predicts rate constants as a function of solvent

composition. This development represents an important step toward the

computational design of new liquid-phase biomass conversion processes,

informed by a first principles approach.
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4 quantifying the stability of the hydronium

ion in organic solvents with molecular dynamics

simulations

The previous chapter provides a molecular simulation framework to pre-

dict experimental reaction rates using molecular descriptors derived from

simulations of a single reactant in mixed-solvent environments. However,

this model does not incorporate any information about the acid catalyst

or the product state. Hence, this chapter focuses on incorporating acid

catalyst information by modeling a hydronium ion in different solvent

environments. This chapter aims to tackle the following questions:

• How does the stability of an acid catalyst change when we vary the
solvent environment?

• What physical insights can we gain about the acid catalyst that might
inform on solvent selection?

• How do we incorporate catalyst information within the descriptor
framework developed in Chapter 3?

In this chapter, classical molecular dynamics simulations were per-

formed to quantify the stability of hydronium and chloride ions by mea-

suring their solvation free energies in water, 1,4-dioxane (DIOX), tetrahy-
This chapter was reproduced from Chew, A. K.; Van Lehn, R. C. Quantifying the

stability of the hydronium ion in organic solvents with molecular dynamics simulations.
Frontiers in chemistry 2019, 7, 439, with permission from Frontiers under the Creative
Commons Attribution (“CC BY”) license.1 The supplementary material is cited as Ref. 2.
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drofuran (THF), γ-valerolactone (GVL), N-methyl-2-pyrrolidone (NMP),

acetone (ACE), and dimethyl sulfoxide (DMSO). By measuring the free

energy for transferring a hydronium ion from pure water to pure organic

solvent, we found that the hydronium ion is destabilized in DIOX, THF,

and GVL and stabilized in NMP, ACE, and DMSO relative to water. The

distinction between these organic solvents can be used to predict which

phase the hydronium ion prefers in aqueous mixtures of organic solvents.

We then incorporated the stability of the hydronium ion into a predictive

model for the acid-catalyzed conversion of 1,2-propanediol to propanal.

The revised model is able to predict experimental reaction rates across

solvent systems with different organic solvents. These results demonstrate

the ability of classical molecular dynamics simulations to screen solvent

systems for improved acid-catalyzed reaction performance.

4.1 Introduction

Solution-phase biomass conversion reactions ubiquitously require an

acidic proton catalyst (H+), which exists in solution as a hydronium ion

(H3O+). In homogenous reactions, the catalyst is obtained from the ad-

dition of a Brønsted acid3 and recognized to follow a specific catalysis

mechanism since a protonated solvent is the catalyst. Figure 4.1A shows an

example reaction for the acid-catalyzed dehydration of 1,2-propanediol to

propanal, which is representative of acid-catalyzed reactions for biomass-
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derived model compounds.4,5 In these reactions, the hydronium ion cata-

lyst (H3O+) protonates the reactant (R) to form a reactant/proton complex

(RH+). The reaction proceeds to a charged transition state ([RH+]TS) and

subsequently forms the product (P) with the hydronium ion reformed

(Figure 4.1(b)). The relative stabilities of the reactant, transition state,

and catalyst in solution are thus critical for determining reaction kinet-

ics.6 Understanding how these solvent effects influence reaction kinetics

is necessary to guide the optimization of solvent compositions and re-

actor conditions and maximize the productivity of biomass conversion

reactions.

Previous studies have found that mixtures of water and organic, po-

lar aprotic cosolvents (i.e. mixed-solvent environments) can increase or

decrease the rates of Brønsted acid catalyzed reactions depending on the

stability of the acid catalyst.4,6–8 One mechanism by which the solvent

composition affects catalyst stability is by shifting the acid dissociation

equilibrium, which is quantified by the acid disassociation constant (Ka).

For example, weak acids with small Ka values, such as formic acid or acetic

acid, were found to decrease acid-catalyzed reaction rates in mixed-solvent

environments compared to pure water due to the reduced availability of

catalytic hydronium ions.7 Conversely, strong acids with large Ka val-

ues, such as triflic acid, dissociate in a small fraction of water and were

found to improve xylose conversion reaction rates by 40 fold in 90 wt%

γ-valerolactone,7 suggesting an alternative role for the solvent. Based on
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combined classical and ab initio molecular dynamics (MD) simulations,

Mellmer et al. found that the hydronium ion catalyst in mixed-solvent sys-

tems is destabilized in the bulk solvent relative to the local solvent domain

of the reactant due to unfavorable interactions between the hydronium

ion and the cosolvent.4 As a result, the acid catalyst is thermodynamically

driven to water-enriched local solvent domains formed by hydrophilic

reactants when a high mass fraction of the organic phase is present, ef-

fectively lowering activation energy barriers and increasing reaction rates

relative to pure water (Figure 4.1(b)). Together, these results indicate that

the solvent composition can modulate reaction kinetics by both modu-

lating catalyst availability and the interactions of the catalyst with the

reactant.

Building upon these studies, we hypothesized that acid-catalyzed re-

action rates correlate with the formation of water-enriched local solvent

domains because the catalyst is assumed to be stabilized by interactions

with water and thus the formation of water-enriched local solvent do-

mains would drive the partitioning of the catalyst to the reactant. We

derived a correlative model that used descriptors derived from classical

MD to predict experimental reaction kinetics for seven biomass-derived

model compounds in aqueous mixtures of dioxane and γ-valerolactone.4

While reaction free energies are typically determined from ab initio level

studies,4,9 this hypothesis allowed us to use classical MD simulations to

more rapidly screen through multiple solvent compositions and reactions.
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However, the assumption that the hydronium ion preferentially interacts

with water is not always true. For instance, more basic organic solvents,

such as dimethyl sulfoxide (DMSO), have been shown to participate in the

reaction mechanism by stabilizing the proton.4 The addition of DMSO has

also been shown to diminish acid-catalyzed conversion of tert-butanol,4

indicating that addition of organic solvents can also destabilize the re-

actant/proton complex, raise energy barriers, and consequently slower

reaction kinetics relative to pure water (Figure 4.1(b)). Therefore, under-

standing and quantifying the thermodynamic stability of the hydronium

ion in mixed-solvent environments is essential to accurate predictions of

acid-catalyzed reaction kinetics.

It is experimentally difficult to directly measure the free energy of an

isolated hydronium ion in solution since electroneutrality must be main-

tained.10 To obtain single-ion thermodynamics, nonclassical techniques

such as atomic and molecular spectroscopy combined with statistical

mechanics are utilized.11 To broaden the range of possible systems, com-

putational tools have been developed to model the hydronium ion and

isolate the role of the solvent on the acid catalyst.12 For solution-phase

reactions, we quantify the stability of the acid catalyst in terms of its solva-

tion free energy, or the free energy for introducing the catalyst in solution.

The solvation free energy accounts for interactions between the catalyst

and solvent (e.g. hydrogen bonding, ion-dipole interactions, and van der

Waals forces) and the solvent reorganization necessary to accommodate
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the catalyst. Solvation free energies are also important in determining the

partitioning of ions between different phases.13 Typically, ab initio level

simulations are performed to accurately compute solvation free energies

of the acid catalyst.14–18 However, these simulations are computationally

expensive and thus challenging to perform for multiple solvent compo-

sitions. Recently, Bonthuis et al. developed a classical hydronium ion

model that accurately reproduces experimental solvation free energies

in pure water.19 We thus hypothesize that this classical hydronium ion

model can be used to compute solvation free energies of the acid catalyst

and leverage the computational efficiency of MD simulations to screen

stability in different solvent compositions, assuming that the hydronium

ion maintains its structure in these solvents. These calculations can then

be used to predict the relationship between solvent composition and reac-

tion kinetics for acid-catalyzed reactions. Since our previous work found

favorable agreement between MD simulation-derived descriptors with ex-

perimental reaction rates without mechanistic details of the reaction,5 we

are focused on studying how water-enrichment (or cosolvent-enrichment)

can improve reaction performance by favorably facilitating a hydronium

ion.

Herein, we use classical MD simulations to study the stability of a

hydronium ion in six organic polar aprotic cosolvents: dioxane (DIOX),

tetrahydrofuran (THF),γ-valerolactone (GVL), N-methyl pyrrolidine (NMP),

acetone (ACE), and dimethyl sulfoxide (DMSO). We also study the stability
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of a chloride ion in the same solvents to calculate the effect of the conjugate

base. We use previous literature values for the reaction rates of the acid-

catalyzed conversion of 1,2-propandiol (PDO) as a model reaction to study

the influence of the different cosolvents. We then quantify the stabilities of

the hydronium and chloride ions in pure and mixed-solvent environments

by computing the solvation free energies. We find that the free energy

for transferring a hydronium ion from pure water to organic solvent can

distinguish between solvents that favorably (NMP, ACE, DMSO) and unfa-

vorably (DIOX, THF, GVL) solvate the acid catalyst. With this information,

we improve our previously developed predictive model for the conversion

of PDO5 by including a cosolvent-specific descriptor that incorporates

information about the stability of the hydronium ion in the solvent system.
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Figure 4.1: (a) Brønsted acid-catalyzed reaction of 1,2-propanediol (PDO)
to propanal. (b) Schematic of acid-catalyzed reactions in mixed-solvent
environments. The reaction proceeds through a charged transition state
(TS) formed from the protonation of the reactant by a hydronium ion
catalyst. The corresponding free energy diagram schematically depicts
the influence of mixed-solvent environments (red and green lines) on acid-
catalyzed reactions relative to pure water (black line). Note that this is
a generalized representation of a free energy landscape based on prior
computational findings4 and is not specific to 1,2-propanediol dehydration
reaction.
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4.2 Methods

Classical MD simulations were performed using GROMACS 2016.20 We

used the classical hydronium and chloride ion models parameterized by

Bonthius et al.,19 which have been found to reproduce experimental solva-

tion free energies in pure water systems modeled using the Single Point

Charge/Extended (SPC/E) water model.21 Bond constraints for the hy-

dronium ion were modified to improve simulation performance by using

the more efficient LINCS constraint algorithm22 instead of the SHAKE

constraint algorithm23 (SI, Section 1).2 PDO and all cosolvents were param-

eterized using the CGenFF/CHARMM36 forcefields,24–26 while water was

modeled using the SPC/E model.21 For all simulations, Verlet lists were

generated using a 1.2 nm neighbor list cutoff. Van der Waals interactions

were modeled with a Lennard-Jones (LJ) potential with a 1.2 nm cutoff that

was smoothly shifted to zero between 1.0 nm and 1.2 nm. Electrostatic in-

teractions were calculated using the smooth Particle Mesh Ewald method

with a short-range cutoff of 1.2 nm, grid spacing of 0.12 nm, and 4th order

interpolation. Bonds were constrained using the LINCS algorithm.22 All

thermostats used a 1.0 ps time constant and all barostats used a 5.0 ps time

constant with an isothermal compressibility of 5.0× 10−5 bar−1.

We initialized simulation configurations using the protocol schemati-

cally depicted in Figure 4.2(a). The initial simulation box containing water

and cosolvent (if applicable) had dimensions of (6 nm)3 in all simulations
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and was equilibrated in a NPT simulation for 5 ns at T = 300 K and P = 1

bar with a velocity-rescale thermostat and Berendsen barostat. A single re-

actant or ion molecule (designated as “M” in Figure 4.2(a)) was then added

to the system and equilibrated with the same barostat and thermostat for

500 ps. NPT production simulations were performed for all systems for

200 ns with a Parrinello-Rahman barostat and Nóse-Hoover thermostat;

simulations of the reactant, PDO, were performed at T = 433.15 K to match

the experimental reaction temperature4 while simulations of the hydroni-

um/chloride ions were performed at T = 300 K. Simulation configurations

were output every 10 ps and the final 190 ns of each production trajectory

were used for analysis. Simulation analysis was performed using the MD-

Traj library27 and analysis tools developed in house. MD simulations were

performed using a leapfrog integrator with a 2-fs time step. Figure 4.2(b)

shows simulation snapshots of the nearby solvent environment around a

hydronium ion in 90 wt% DIOX, 90 wt% DMSO, and pure water.

Each solvation free energy was computed from a series of stochastic

dynamics simulations (Figure 4.2(a)). Simulations were initialized using

an equilibrated solvent system (as described above) with a hydronium or

chloride ion added to the system. The total potential energy of the system

for solvation free energy calculations are described in Section 2.1.2. All

free energy simulations used a soft-core LJ potential as described in the

SI, Section 2.1.2,28 For each simulation, the system was energy minimized

with the steepest descent algorithm and equilibrated with a 100 ps NVT
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simulation followed by a 2 ns NPT simulation with the Berendsen baro-

stat. An 11 ns NPT production simulation was then performed with the

Parrinello-Rahman barostat. All simulations were performed at T = 300 K

and P = 1 bar. Energy differences computed between all pairs of windows

were collected every 0.2 ps and solvation free energies were computed

with the Multistate Bennett Acceptance Ratio29 method using the python

alchemical-analysis tool.30 The 11 ns of each NPT production simulation

was split into two 5.5 ns trajectories and treated as two independent tri-

als. All solvation free energy results and error bars are reported as the

average and standard deviation of the two trials, respectively. We further

calculated three analytical correction terms to account for:

1. finite-size effects due to system interactions with periodic images,

2. the compression free energy for transferring an ion from a 1 atm

ideal gas phase to 1 mol/L ideal solution, and

3. the electrostatic energy required to pass through an interfacial po-

tential when the ion transfers from vacuum to bulk solution. These

correction terms are included to account for differences between

simulation and experiments as described in the SI, Section 2.2.2
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Figure 4.2: (a) Schematic representation of simulation workflow for
molecular dynamics and free energy simulations. M denotes either 1,2-
propanediol, a hydronium ion, or a chloride ion. (b) Simulation snapshots
of hydronium ion in pure water, 90 wt% DIOX, and 90 wt% DMSO. The
hydronium ion is located at the center and only solvent molecules within
a 5 Å radius is shown.

4.3 Results

4.3.1 Comparison between experimental reaction rates

and preferential exclusion coefficient

In our previous study of solution-phase acid-catalyzed reactions,5 we hy-

pothesized that the transition state is lower in free energy relative to the

initial reactant state in mixed-solvent environments due to two reasons: (1)

the catalyst is destabilized in bulk solvent relative to a water-enriched local
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domain near the reactant, leading to a thermodynamic driving force for

the transfer of catalytic protons to the local domain, and (2) the transition

state is stabilized by water confined within this domain. We then devel-

oped a predictive model for experimental reaction rates by quantifying

water enrichment in the vicinity of the reactant, supporting the hypothesis

for aqueous mixtures of DIOX and GVL. This hypothesis assumes that the

hydronium ion catalyst has a higher affinity for water than the cosolvent.

However, this assumption may not be accurate for more basic cosolvents,

such as DMSO, which can favorably stabilize the acid catalyst in bulk

solution.4 We thus test the validity of this assumption by determining if

experimental reaction rates correlate with water enrichment for a model re-

action, the Brønsted acid-catalyzed conversion of 1,2 propanediol (PDO) to

propanal (Figure 4.1(a)), in DIOX and DMSO mixed-solvent environments.

These cosolvents represent extremes in polarity: the dielectric constant of

DIOX is 2.20, whereas the dielectric constant of DMSO is 48.90.31

We first analyze the solvent environment around PDO by calculating

the radial distribution function (RDF). The RDF quantifies the solvent

density, normalized by the bulk solvent density, at a distance r away from

a central point. Figure 4.3 shows the RDF between the center of mass of

PDO and water for 90 wt% DIOX, 90 wt% DMSO, and pure water. In

90 wt% DIOX, the peak of the RDF is significantly higher than in pure

water, indicating that water preferentially partitions to the local solvent do-

main around PDO in high concentrations of DIOX. Conversely, in 90 wt%
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DMSO, the first peak of the RDF is almost the same as in pure water and

the RDF then drops below unity at 0.60 nm, indicating the local depletion

of water. The diminished water content near PDO in aqueous mixtures of

DMSO is due to the cosolvent’s high affinity for oxygen groups, resulting

in a competition between water and DMSO for the hydroxyl groups of

PDO.32 These findings confirm that DMSO and DIOX significantly influ-

ence the extent to which the reactant preferentially recruits water to the

local domain.

Figure 4.3: Radial distribution function between the center of mass of PDO
and water in 90 wt% DIOX, 90 wt% DMSO, and pure water. Local and
bulk domain cutoffs were determined as the value of r for which the RDF
reaches unity. Bin widths for the RDFs were set to 0.02 nm.

Since RDFs are difficult to compare across different cosolvent concentra-
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tions, we previously computed the preferential exclusion coefficient (Γ ), a

molecular descriptor that quantifies the local domain composition around

the reactant.5 Γ is defined as the excess number of cosolvent molecules

within the local solvent domain of the reactant relative to the bulk solvent

domain, computed using Equation 3.5.33–36

We define the boundary between local and bulk solvent domains as

the value of r at which the RDF reaches unity (Figure 4.3), which occurs

at r = 1.59 nm for both solvent systems. Positive Γ values indicate lower

concentrations of cosolvent in the local solvent domain of the reactant

compared to the bulk solvent domain. Therefore, positive Γ indicates the

reactant has a higher affinity for water. Conversely, negative values of Γ

indicate that the reactant has a higher affinity for the cosolvent.

We previously found that simulation-derived Γ and correlates with

experimental reaction rates quantified by the kinetic solvent parameter (σ)

shown in Equation 3.4.5 For simplicity, we denote σiorg,j as σ. Positive σ

values indicate that the reaction occurs more favorably in aqueous mixtures

with organic solvents compared to pure water. Negative σ values indicate

the converse. We take experimental reaction rates from Ref. 4, which are

tabulated in the SI, Section 3.2

Figure 4.4(a) compares values of simulation-derived Γ (filled lines)

and experimentally measured4 σ (dashed lines) for aqueous mixtures of

DIOX and DMSO for the PDO dehydration reaction. In each separate

mixed-solvent environment, Γ and σ are correlated across the solvent
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composition range as shown in Figure 4.4(b). We report the Pearson

correlation coefficient (Pearson’s r) as an indicator of linear correlation:

values close to 1 indicate total positive linear correlation, values close to

-1 indicate total negative linear correlation, and values close to 0 indicate

no linear correlation. We find r = 0.97 for aqueous mixtures of DIOX,

indicating strong positive linear correlation. However, we find r = 0.97 for

aqueous mixtures of DMSO, indicating strong negative correlation and

that the depletion of water around PDO in DMSO mixtures still leads to

enhanced reaction kinetics. These results indicate that in either solvent

system the preferential exclusion coefficient can predict reaction kinetics;

however, the negative correlation between Γ and σ in DMSO suggests that

increased reaction rates are not due to water enrichment. This finding

suggests that the assumption that the acid catalyst preferentially partitions

to water-enriched regions of the system is not valid for all cosolvents and

must be revised to derive a correlative model for reaction rates that can be

broadly applied to any cosolvent of interest.
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Figure 4.4: (a) Relationship between simulated preferential exclusion co-
efficient (Γ ) and experimentally determined kinetic solvent parameters
(σ) for aqueous mixtures of DIOX and DMSO. Experimental values were
taken from Ref. 4. (b) Correlation between Γ and σ for aqueous mixtures
of DIOX and DMSO. Data points are labeled with the wt% of the organic
solvent. 25, 50, 75, and 90 wt% organic solvent was used to correlate Γ and
σ as indicated for each point. The best-fit line is drawn and labeled with
the corresponding equation and Pearson’s r.

4.3.2 Solvation free energy of the hydronium ion in pure

solvent systems

Previous studies have found that the hydronium ion is more stable in

DMSO than water based on lower solvation free energies.18 Since our

simulations show that PDO preferentially interacts with DMSO rather

than water and PDO reaction rates are increased in high concentrations

of DMSO, the reactant/proton complex may be stabilized in the organic

phase compared to the water phase, leading to increased reaction rates.
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Therefore, we hypothesize that the solvation free energy of the hydronium

ion catalyst in the organic solvent can be used to classify the preference

for the catalyst for either water or organic phase and develop an updated

correlative model between Γ and σ for a range of cosolvents.

We calculated the solvation free energy of the hydronium ion in six

organic, polar aprotic solvents (Figure 4.5(a)) and performed the same

calculations for a chloride ion to determine the solvation free energy for a

conjugate base. We selected polar aprotic solvents due to their relevance

to acid-catalyzed biomass conversion processes, where inclusion of these

solvents has been found to enhance reaction performance.4,5,7 To test the

simulation approach, we first calculated solvation free energies in pure

water as -465.1 kJ/mol (experimentally measured as -453.2 kJ/mol)37 for

the hydronium ion and 286.4 kJ/mol (experimentally measured as -304.6

kJ/mol)38 for the chloride ion; their sum of -751.5 kJ/mol is comparable to

the estimated experimental value of -757.8 kJ/mol.37,38 The experimental

values reproduced from Ref. 37 and 38 are modified to include the 7.9

kJ/mol correction term associated with transferring an ion from 1 atm

ideal gas phase to 1 mol/L ideal solution to compare with our results

(SI, Section 2.2).2 The relative differences between solvation free energies

are more important than absolute values39 for inferring the behavior of

the ions in different solvents; therefore, we focus on relative transfer free

energies between pure water and organic solvents.

We computed the free energy of transferring the hydronium or chloride
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ion from water to solvent systems with organic solvents using Equation

4.1 (schematically illustrated in Figure 4.5(b)):

∆GH2O→k
j = ∆Gkj − ∆G

H2O
j (4.1)

where k is the solvent system of interest and j is either hydronium or

chloride ion. A negative value of ∆GH2O→k
j indicates that the ion is ther-

modynamically stabilized in the kth solvent system compared to pure

water. Figure 4.5(c) shows ∆GH2O→k
j of the hydronium and chloride ions

in each pure solvent. For the hydronium ion (cyan bars), ∆GH2O→k
H3O+ is

positive for DIOX, GVL, and THF, indicating that the hydronium ion is

unfavorable in these solvents. These results support our prior assumption

that the hydronium ion prefers water rather than the organic phase in

these solvents, allowing us to correlate the formation of water-enriched

local domains to reaction kinetics.5 Conversely, ∆GH2O→k
H3O+ is negative for

NMP, ACE and DMSO, indicating that the hydronium ion is favorable

in these solvents. Notably, these solvents are more basic than water40

based on several solvent scales (e.g. B parameter of Koppel and Palm41 or

Kamlet-Taft β scale)40,42 (discussed below and in Table 4.1). The negative

free energy for transferring a hydronium ion from water to DMSO agrees

with prior results4,18 and supports the hypothesis that the sign of this free

energy change determines the relationship between Γ and σ for DIOX and

DMSO mixtures (Figure 4.4). In a similar fashion, we suspect that ACE



110

and DMSO would exhibit similar solvent effects.

Figure 4.5: (a) Chemical structures of the organic solvents used in this
study. (b) Thermodynamic cycle used to compute the free energy for
transferring a hydronium or chloride ion from pure water to pure organic
solvent. ∆Gkj and ∆GH2O

j are solvation free energies while ∆GH2O→k
i is the

transfer free energy computed from Equation 4.1. (c) Transfer free energies
for six pure organic solvents. Cyan and purple bars indicate hydronium
(H3O+) and chloride (Cl−) ion transfer free energies, respectively. Dashed
lines indicate the sum of the transfer energies. Error bars were computed
from the standard deviation of two trials; the error is less than 1 kJ/mol
and is not visible in the plot. The error is tabulated in Supplementary
Table 4.2

4.3.3 Solvation free energy of the chloride ion in pure

solvent systems

While the solvation free energy of the hydronium ion alone quantifies

catalyst stability, the effect of the solvent on acid dissociation equilibrium
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depends on the solvation free energy of the hydronium ion and its con-

jugate base (i.e., the chloride ion). Figure 4.5(c) shows that ∆GH2O→k
Cl− is

positive for all pure organic solvent systems (purple bars), indicating that

the chloride ion thermodynamically prefers water over each of these sol-

vents. Furthermore, the solvation free energies for the chloride ion do not

vary significantly for the different organic solvents, with the exception of

DIOX and THF. The difference in the solvation of the hydronium and chlo-

ride ions is likely due to differences in hydrogen bonding capabilities: the

hydronium ion can donate and accept hydrogen bonds while the chloride

ion can only accept hydrogen bonds. Since water is the only solvent in this

study that can donate hydrogen bonds, it is expected that the chloride ion

is most stable in water.

The effect of the solvent on the solvation free energies of the hydro-

nium and chloride ions relative to their solvation free energies in water is

quantified via the term
∑
∆G, which we define in Equation 4.2.

∑
∆G =

∑
∆Gk→H2O

H3O+Cl− = ∆GH2O→k
H3O+ + ∆GH2O→k

Cl− (4.2)

We expect that positive values of
∑
∆G would reduce acid dissociation

relative to pure water due to the decreased stability of the dissociated

ions in the pure organic solvent. Figure 4.5(c) shows that
∑
∆G is positive

for each organic solvent (black dashed lines). This result suggests that

all of the polar aprotic solvents would decrease acid dissociation, leading
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to the reduced catalyst availability associated with weak acids based on

experiments.7 The sign of
∑
∆G is largely dictated by the solvation free

energies of the chloride ion, indicating that the selection of the conjugate

base is important for acid disassociation,7 although the choice of conjugate

base would not affect the solvation free energies of the hydronium ion

itself.

4.3.4 Relationship between solvation free energies and

solvent parameters

Given the computational expense of free energy calculations, we next

sought to relate the transfer free energy results (∆Gk→H2O
H3O+ and

∑
∆G) to

tabulated solvent properties to determine if these properties could acceler-

ate solvent screening. Table 4.1 compares transfer free energy values to

solvent dielectric constants and Kamlet-Taft parameters (α, β, π∗). We use

the dielectric constant to quantify the polarizability of the solvents and

the Kamlet-Taft parameters to quantify hydrogen-bond donating ability

(acidity, α), hydrogen-bond accepting ability (basicity, β), and polarity/po-

larizability (π∗).42–45 Each of the Kamlet-Taft parameters are scaled from 0

to 1 based on two reference solvents. For instance, π∗ uses cyclohexane

and DMSO as a reference for 0 and 1, respectively.43–46 We expect that the

stability of a hydronium ion can be influenced by the polarity of the solvent;

however, neither dielectric constant nor π∗ quantitatively correlate with
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∆Gk→H2O
H3O+ or

∑
∆G. Furthermore, basicity is expected to be an important

metric of whether a hydronium ion is favored in a solvent environment,

where larger β values indicate a more basic solvent that would favorably

solvate the acidic hydronium ion, but there is no clear correlation between

β and the free energy results. We also do not find a correlation between

α and the free energy results, which is expected since acidity does not

directly relate to the stability of a hydronium ion in a solvent system.

These data suggest that typical solvent-specific parameters cannot

easily describe the interplay of solute-solvent interactions and solvent

reorganization that dictate the measured transfer free energies. We further

computed the RDF between the hydronium ion and pure solvents (Sup-

plementary Figure 4.7)2 to determine if solvent structure correlated with

the transfer free energies, but we do not find a clear trend to explain the

results found in Figure 4.5(c). This data thus suggests that the free energy

calculations are providing new information that can be used to predict

the preference of the hydronium ion for either water or an organic solvent

and quantify the effect of solvent composition on acid dissociation. It is

also possible that the MD workflow is insufficiently accurate to predict

these values, particularly given the classical model of the hydronium ion.

However, the good agreement between the calculated solvation free ener-

gies of the hydronium and chloride ions in water with experimental data

suggests that the model is reasonable. We also emphasize that DIOX, THF,

and GVL have positive values of ∆Gk→H2O
H3O+ and lead to increased reaction
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rates in mixed-solvent systems when water is enriched near the reactant,

while DMSO has a negative value of ∆Gk→H2O
H3O+ and leads to increased

reaction rates in mixed-solvent systems when the cosolvent is enriched

near the reactant. The distinct behavior of these cosolvents mirrors the

difference in the sign of the calculated transfer free energies, suggesting

that the transfer free energies are correctly capturing differences in the

preference of the hydronium ion for bulk organic solvent.

Table 4.1: Dielectric constants and Kamlet-Taft parameters (α, β, π∗) for
pure solvents, tabulated according to decreasing transfer free energy of
a hydronium ion ∆Gk→H2O

H3O+ in these solvents.
∑
∆Gwas computed with

Equation 4.2. All solvation free energies are in units of kJ/mol.

Kamlet-Taft Parameters
Solvent Dielectric constanta αb βb π∗c ∆Gk→H2O

H3O+

∑
∆G

DIOX 2.20 0.00 0.37 0.49 184.6 389.85
THF 7.40 0.00 0.55 0.55 53.0 214.91
GVL 36.47 0.00 0.60 0.83 37.8 134.36

Water 78.50 1.17 0.47 1.14 0.0 0.00
NMP 32.16 0.00 0.77 0.92 -4.3 101.25
ACE 20.70 0.08 0.43 0.62 -11.2 99.55

DMSO 48.90 0.00 0.76 1.00 -63.5 41.69
aValues are from Ref. 31, except for GVL47 and NMP.48

bValues from Ref. 49, except for GVL.50

cValues from Ref. 46, except for GVL50 and water.51
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4.3.5 Solvation free energies of the hydronium and

chloride ion in mixed-solvent systems

Figure 4.6(a) shows the free energies of transferring either hydronium or

chloride ion to aqueous mixtures of DMSO and DIOX from pure water;

these solvents represent extrema of low and high affinity cosolvents for

the hydronium ion. In aqueous mixtures of DMSO, Figure 4.6(a) shows

a monotonic decrease in the hydronium ion transfer free energy (i.e., an

increase in hydronium ion stability relative to pure water) as the mass

fraction of the organic phase increases. Since the free energy calculations

in pure organic solvents (Figure 4.5(c)) show that pure DMSO stabilizes the

hydronium ion more than water, these results agree with the expectation

that increasing concentrations of DMSO results in improved stability of the

hydronium ion. Figure 4.6(b) shows RDFs between the hydronium ion and

both water and DMSO in 90 wt% DMSO. The peak of the ion-water RDF

in 90 wt% DMSO is higher than in pure water, showing a local enrichment

of water around the ion; however, there is also a cosolvent peak at ~0.38

nm, showing an enrichment in DMSO. Therefore, water and DMSO both

favorable solvate the hydronium ion (visually shown in Figure 4.2(c)),

leading to its increased stability relative to pure water. These results are

consistent with experimental trends that find increasing concentration of

DMSO monotonically increases basicity.52 The results further suggest that

there should be a driving force to partition the hydronium ion to regions
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of the solvent system that have the highest concentration of DMSO to

reduce its free energy to the greatest extent, agreeing with the hypothesis

that local enrichment of DMSO around a reactant leads to an increase in

acid-catalyzed reaction rates.

In aqueous mixtures of DIOX, Figure 4.6(a) shows a non-monotonic

trend in the hydronium ion transfer free energy as the mass fraction of the

organic phase increases. The transfer free energy is negative for all mixed

compositions indicating that the hydronium ion is more stable than in

either pure solvent. In the RDFs presented in Figure 4.6(b), the peak of the

ion-water RDF in 90 wt% DIOX is almost ten-fold larger than the peak in

pure water, indicating a significant enrichment of water around the hydro-

nium ion (visually shown in Figure 4.2(b)). In addition, the cosolvent RDF

(Figure 4.6(b), bottom) shows that DIOX is depleted near the hydronium

ion up to distances of about 1 nm. These results together indicate that

the hydronium ion nucleates a local domain of water molecules confined

within the vicinity of the ion by the surrounding cosolvent. We attribute

the decreased free energy of the hydronium ion in the mixed-solvent en-

vironment to the formation of this domain, which effectively sequesters

water molecules to eliminate unfavorable water-cosolvent interactions that

are not present in either pure solvent. Surprisingly, this data suggests

that there should not be a driving force for hydronium ions to partition

from bulk mixed-solvent environments to water-enriched domains near

hydrophilic reactants as previously hypothesized because the solvation
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free energy of the ion in pure water is higher than in the mixed-solvent

environment. This finding suggests that the stabilization of the charged

transition state by confined water molecules in the water-enriched local

domain might be the dominant factor leading to increased reaction rates.

However, these calculations omit explicit modeling of the reactant, which

could affect partitioning thermodynamics.

Finally, Figure 4.6(a) shows that the chloride ion is not favored in any

mixed-solvent composition, resulting in positive ∆GH2O→k
j and

∑
∆G

values for all DIOX and DMSO mass fractions. These data again indicate

that acid dissociation is preferred in pure water rather than any mixed-

solvent environment and thus weak acids are less likely to dissociate,

diminishing reaction performance.



118

Figure 4.6: (a) Solvation free energies for transferring hydronium (H3O+,
filled lines) and chloride (Cl−, dashed lines) ions from pure water to
aqueous mixtures of dioxane (DIOX, blue lines) and dimethyl sulfoxide
(DMSO, red lines). The sums of the transfer free energies (

∑
∆G) are

shown as green lines. Error bars are not shown; they range from 0-2.5
kJ/mol when averaging two trials and tabulated in Supplementary Table
5. (b) Radial distribution function (RDF) between the center of mass of the
hydronium ion to water (top) and the organic solvent (bottom) in 90 wt%
DIOX, 90 wt% DMSO, and pure water. Bin widths for the RDFs were set
to 0.02 nm.
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4.4 Discussion

4.4.1 Screening solvent properties using a classical

hydronium ion model

Recent studies of acid-catalyzed biomass conversion reactions have illus-

trated that the stability of the hydronium ion catalyst in various mixed-

solvent environments can dramatically affect reaction rates.3,4,6,7,12,53,54

Computational tools have been developed to study the hydronium ion in

different solvent systems,12,15,19 with ab initio molecular dynamics emerg-

ing as a powerful method to study interactions between the hydronium

ion and solvent molecules due to the method’s accuracy and ability to

capture quantum mechanical effects.55–63 However, ab initio simulations

are computationally expensive and difficult to expand across multiple

solvent systems. Therefore, we used a classical hydronium ion model19

to compute the stability of the hydronium ion by measuring its solvation

free energy in solvent systems with organic, polar aprotic solvents. Our

findings suggest that the hydronium ion is unfavorable in DIOX, THF, and

GVL solvents but favorable in NMP, ACE, and DMSO solvents (Figure

4.5(c)). These results can classify whether a solvent favorably facilitates a

hydronium ion to help determine which phase the acid catalyst prefers

in mixed-solvent systems. Furthermore, we could not identify a tabu-

lated cosolvent-specific descriptor (e.g. dielectric constant, Kamlet-Taft

parameters) that correlates with the hydronium ion solvation free ener-
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gies, although the solvation free energies qualitatively capture features

of solvent scales, such as the large distinction between DIOX and DMSO

solvents. The lack of correlation suggests that the solvation free energy

calculated from a MD simulation may provide unique information on

proton-solvent interactions and can act as a cosolvent-specific descriptor

for the stability of the acid catalyst.

In mixed-solvent environments, the solvation structure around the

hydronium ion show that water-enriched local domains are formed, analo-

gous to water-enrichment around hydrophilic reactants,4,5 but the magni-

tude of enrichment is dependent on the choice of organic solvent. DMSO

molecules compete with water for binding sites around the hydronium

ion, whereas DIOX molecules are depleted around the hydronium ion.

The hydronium ion solvation free energies in aqueous mixtures of DIOX

suggest that small amounts of water can stabilize the hydronium ion to

a greater degree than pure water or DIOX. This stabilization originates

from the hydronium ion being confined by water, a solvent environment

also found in water-enriched local domains formed by hydrophilic reac-

tants. This finding suggests that stabilization of charged transition states

by confined water in mixed-solvent environments may contribute to the

increased reaction rates observed experimentally.

In all solvent environments studied, the sum of the transfer free ener-

gies of the hydronium and chloride ions from water was positive. This

result indicates that non-aqueous environments tend to suppress acid
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dissociation, leading to lower catalyst availability for weak acids that trans-

lates to lower reaction rates.7 However, in this work we only studied the

solvation free energy of a chloride ion conjugate base, and thus investi-

gating the effect of alternative conjugate bases on acid dissociation could

yield different effects on acid dissociation. For example, triflic acid is

known to readily disassociate even in high concentrations of DMSO.4

Future work will thus extend the framework developed here to further

screen conjugate bases to determine the effect on acid dissociation, en-

abling the incorporation of these values into predictive models for reaction

optimization.

4.4.2 Incorporation of the stability of the hydronium ion

to the predictive model of reaction rates

Figure 4.4 showed that the acid-catalyzed dehydration of PDO depends

on the choice of cosolvent, with the experimentally measured kinetic sol-

vent parameter (σ) correlating with the simulation-derived preferential

exclusion parameter (Γ ) in aqueous mixtures of DIOX and DMSO. This cor-

relation is based on the physical understanding that catalytic hydronium

ions preferentially partition to the water-enriched local domain around the

reactant, increasing reaction performance and leading to a positive corre-

lation between σ and Γ (Figure 4.4(b)). However, the correlation between σ

and Γ is negative in DMSO, a solvent for which water depletion around the
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reactant is observed while reaction rates still increase. We hypothesized

that the negative correlation may be because the hydronium ion preferen-

tially interacts with DMSO rather than water and thus partitions to the

water-depleted, DMSO-enriched local domain. This hypothesis is sup-

ported by the negative free energy for transferring a hydronium ion from

water to DMSO as shown in Figure 4.5(b). Thus, the correlation between

Γ and σmust be adjusted to account for the stability of the hydronium ion

in the local domain.

We include the sign of the hydronium ion transfer free energy between

pure organic solvent to water, ∆GH2O→pure org.
H3O+ , as a correction term in the

preferential exclusion coefficient (Γ ′) by using Equation 4.3.

Γ ′ = Γ × sign(∆GH2O→pure org.
H3O+ ) (4.3)

Equation 4.3. ensures that Γ ′ and σ are positively correlated for aqueous

mixtures of DMSO, shown in Figure 4.7(a). Since Γ ′ and σ are positively

correlated for both aqueous mixtures of DIOX and DMSO, we can then

write a correlative model for σpred that bridges these distinct solvents using

Equation 4.4.

σpred = A(Γ ′) (4.4)

where A is a constant. Supplementary Figure 8 shows the correlation

between σpred and σexp when combining results from both DIOX-water

and DMSO-water mixtures, resulting in a best-fit slope of 0.25 (ideally this
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value should be unity), and a root-mean-square error (RMSE) between

predicted and experimental value of 0.39.2 Similar to our previous work,5

we explored the use of multiple descriptors in combination to improve the

correlations. In particular, we define ∆Gk/H2O
HYD as the ratio of the transfer

free energy of the hydronium ion in kth solvent system (∆GkHYD) to the

transfer free energy of hydronium ion in pure water (∆GH2O
HYD).

∆G
k/H2O
HYD =

∆GkHYD

∆GH2O
HYD

(4.5)

We interpret ∆Gk/H2O
HYD as a unitless metric that quantifies the hydronium

ion stability in mixed-solvent system relative to pure water. We expect that

improved stability of the hydronium ion in mixed-solvent systems results

in improved reaction kinetics. In addition, since acid-catalyzed reactions

generally form a charged transition state after protonation of the reactant

(Figure 4.1(b)), we hypothesize that the stability of the hydronium ion is

an estimate to the stability of forming the transition state in mixed-solvent

systems compared to pure water. Supplementary Figure 9 shows∆Gk/H2O
HYD

as a function of mass content aqueous mixtures of DIOX and DMSO.2

For these cosolvents, ∆Gk/H2O
HYD is greater than unity, indicating that the

hydronium ion is further stabilized in mixed-solvent environments than

in pure water.

We combined Γ ′ and∆Gk/H2O
HYD into a multilinear regression frame work

shown in Equation 4.6, where A, B, and C are coefficient constants. To en-
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able comparison between the constants, we standardized Γ ′ and ∆Gk/H2O
HYD

by subtracting their mean and dividing by their standard deviations, de-

scribed in Supplementary Section 5.2.2 All standardized variables are

denoted by a hat accent.

σpred = A(Γ̂ ′) + B(
̂

∆G
k/H2O
HYD ) + c (4.6)

Figure 4.7(b) shows the correlation between σpred and σexp when using

Equation 4.6 and combining results from both DIOX-water and DMSO-

water mixtures. The best-fit slope is 0.91, close to the ideal value of unity,

and the RMSE between predicted and experimental values is 0.13. These

values are both similar to the correlations obtained in our previous work

for seven hydrophilic compounds in single solvent systems.5 Furthermore,

the coefficients between Γ̂ ′ and ̂
∆G

k/H2O
HYD are comparable (0.33 vs. 0.38),

showing that solvent enrichment around the reactant that favors the hydro-

nium ion catalyst and the stability of the hydronium ion (or analogously,

the transition state) are important variables for the prediction of acid-

catalyzed reaction kinetics. We thus find that including information on

the hydronium ion solvation free energy in an organic solvent can improve

the correlation between Γ and σwhen considering aqueous mixtures with

different polar aprotic cosolvents. We note that additional solvent-specific

descriptors (e.g. hydrogen bonding between water and the organic phase,

etc.) may improve the correlation between different solvent systems and is
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a subject of future research.

Figure 4.7: (a) Correlation between simulated preferential exclusion co-
efficient with solvation free energy correction term (Γ ′), as expressed in
Equation 4.4, and experimentally determined kinetic solvent parameters
(σ) for aqueous mixtures of DIOX and DMSO. Experimental values were
taken from Ref. 4. Transparent red points and lines show how Γ relates to
Γ ′. (b) Parity plot between predicted kinetic solvent parameter (σpred) and
experimental kinetic solvent parameter (σexp) using results from aqueous
mixtures of DIOX and DMSO. The predictive model is based on Equation
4.6 as shown above the plot. Data points are labeled with the wt% of the
organic solvent.

4.5 Summary

We performed classical molecular dynamics simulations and solvation free

energy calculations to quantify the stability of hydronium and chloride

ions in six organic, polar aprotic solvents. We found that the hydronium

ion is favorably solvated in pure NMP, ACE, and DMSO solvents, but
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unfavorably solvated in pure DIOX, THF, and GVL solvents. In mixed-

solvent environments, the inclusion of water with DIOX stabilizes the

hydronium ion more than their pure solvent counterparts. We attribute

this increased stabilization to the formation of water-enriched local solvent

domains around the hydronium ion. In aqueous mixtures of DMSO, the

hydronium ion is further stabilized with increasing concentration of the

organic phase. Conversely, the chloride ion is destabilized in all pure

organic solvents and mixed solvent systems, inhibiting acid dissociation.

By quantifying the stability of the hydronium ion in organic solvents, we

obtained a new cosolvent-specific descriptor that quantifies acid catalyst

stability. We incorporated this descriptor into a predictive model for 1,2-

propanediol dehydration reaction rates to demonstrate that the solvation

free energy results can be used to bridge reaction rate predictions across

different cosolvent systems. Incorporating information about the acid

catalyst stability in different solvent mixtures represents an important

step toward the rational design of mixed-solvent environments for acid-

catalyzed reaction schemes and has the potential to alleviate time-intensive

experimentation that accompanies the optimization of biomass conversion

reactions for maximum productivity.
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5 fast predictions of liquid-phase

acid-catalyzed reaction rates using molecular

dynamics simulations and convolutional neural

networks

Chapters 3 and 4 leveraged molecular dynamics-derived molecular de-

scriptors to predict reaction rates. While these molecular descriptors

provide us with physical understanding to how solvents could affect reac-

tivity, these descriptors do not generalize across different cosolvent-water

mixtures (e.g. GVL-water and THF-water mixtures in Figure S8 of ESI).3

This chapter uses the simulation data available from Chapter 3 as input

data to a deep learning framework to predict experimental reaction rates

(σexp). In this chapter, we seek to answer the following questions:

• How could we transform molecular simulation information into a
readable form for a deep learning model, described in Section 2.3?

• How could we use deep learning models to predict experimental
reaction rates across different cosolvent-water systems?

• How do we use deep learning models to give us physical intuition
into the important features from molecular dynamics simulations?

This chapter was reproduced from Chew, A. K.; Jiang, S.; Zhang, W.; Zavala, V. M.;
Van Lehn, R. C. Fast predictions of liquid-phase acid-catalyzed reaction rates using molec-
ular dynamics simulations and convolutional neural networks. Chemical Science 2020, 11,
12464–12476, with permission from the Royal Society of Chemistry.1 The supplementary
information is cited as Ref. 2. S. Jiang, W. Zhang, and V. M. Zavala developed SolventNet
and other 3D CNN architectures used to analyze voxel representations.
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In this chapter, we show that the complex atomistic configurations of

reactant-solvent environments generated by classical molecular dynam-

ics simulations can be exploited by 3D convolutional neural networks

to enable accurate predictions of Brønsted acid-catalyzed reaction rates

for model biomass compounds. We develop a 3D convolutional neural

network, which we call SolventNet, and train it to predict acid-catalyzed re-

action rates using experimental reaction data and corresponding molecular

dynamics simulation data for seven biomass-derived oxygenates in water-

cosolvent mixtures. We show that SolventNet can predict reaction rates

for additional reactants and solvent systems an order of magnitude faster

than prior simulation methods. This combination of machine learning

with molecular dynamics enables the rapid, high-throughput screening

of solvent systems and identification of improved biomass conversion

conditions.

5.1 Introduction

The catalytic conversion of lignocellulosic biomass is a promising strategy

to obtain transportation fuels and high-value chemicals from renewable

feedstocks.4 The conversion of biomass-derived molecules is typically

facilitated by liquid-phase, acid-catalyzed reactions (examples shown in

Figure 5.1a) that are hindered by low reactivity in aqueous solution. One

method to increase acid-catalyzed reaction rates is to modify the solvent
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composition by mixing organic, polar aprotic cosolvents with water to

create mixed-solvent environments; such environments have been shown

to improve reaction rates up to 100-fold compared to rates for the same

reactions in pure water.5–7 Unfortunately, identifying solvent environments

that improve reaction rates by trial-and-error experimentation is time-

consuming, costly, and provides limited physical insight into the physical

basis of solvent effects. Instead, computational tools have been applied to

understand solvent effects on chemical reactivity and guide the design of

solvent mixtures for efficient biomass conversion processes.8

In the past decade, ab initio quantum chemical methods have been

used to quantify solvent effects on barriers to elementary steps for biomass

conversion reactions.4,8,9 Using ab initio molecular dynamics (MD) sim-

ulations, Mellmer et al. found that the inclusion of organic cosolvents

increases biomass conversion reaction kinetics by lowering the activation

energy due to changes to the solvation environment around the acidic

proton catalyst, the reactant, and charged transition states (Figure 5.1b).6

The simulations revealed that hydrophilic reactants drive the formation of

water-enriched local domains in mixed-solvent environments that prefer-

entially solvate the acid catalyst and stabilize subsequent carbocation-like

transition states.5–7 These findings suggest that the extent of water en-

richment around the reactant is directly correlated with acid-catalyzed

reaction performance. Similar studies have used ab initio techniques to

understand how the solvent environment alters reaction kinetics for key
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acid-catalyzed reactions,8,10 such as the conversion of fructose to afford

5-hydroxymethylfurfural11,12 (a platform chemical for polymer precursors

and transportation fuels).13 Unfortunately, while ab initio methods can

directly probe mechanistic details of reactions, their high computational

expense renders the screening of multiple solvent compositions infeasible.

Relative to ab initio MD, classical MD simulations can access longer

timescales (µs) and larger length scales (nm) with significantly reduced

computational budgets, allowing a more rapid characterization of com-

plex solvent environments around even large reactants.14–16 Classical MD

simulations are suitable for modeling the spatial organization of mixed-

solvent environments that emerges from the interplay of reactant-solvent-

cosolvent interactions and may impact reaction kinetics (e.g., due to pref-

erential solvation of the reactant as described above) but may not be cap-

tured by bulk solvent descriptors (e.g., the dielectric constant).8,17 On the

other hand, a key limitation of classical MD simulations is their inability

to directly model chemical reactions. Nonetheless, we recently utilized

classical MD simulations to understand and predict solvent effects on

experimental reaction rates for the conversion of biomass-derived model

compounds in aqueous mixtures of 1,4-dioxane (DIOX), γ-valerolactone

(GVL), and tetrahydrofuran (THF).7 Based on the hypothesis that classical

MD simulations could quantify the reactant-water-cosolvent interactions

that dictated reactivity in prior ab initio simulations,6 we developed an

MD model consisting of only reactant, water, and cosolvent molecules
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and calculated three simulation-derived descriptors that quantified the

extent of water-enrichment around the reactant, reactant-water hydrogen

bonding, and reactant hydrophilicity. We then derived a linear regression

model that used these three descriptors to predict experimental reaction

rates and found good agreement in DIOX-water mixtures.7 These find-

ings showed that classical MD simulations can be used to predict solvent

effects on reaction rates without explicitly modeling the acid catalyst or

the reaction mechanism. The regression model was less accurate for GVL-

and THF-water mixtures, indicating that either descriptors computed

with classical MD cannot quantify reaction rates in these systems or that

more complex descriptors must be defined to capture reactivity trends.

However, designing new descriptors of reaction kinetics based on human

intuition is challenging, often requiring complex and time-consuming

data analysis tools (e.g. solvation free energies17,18 or three-dimensional

solvent mapping)17 that cannot be readily generalized across a range of

solvent compositions.

As an alternative to designing descriptors via human intuition, ma-

chine learning methods have been increasingly used to infer molecular

properties by automatically extracting features from complex sources of

data.19–25 For example, convolutional neural networks (CNNs) can be used

to identify and quantify patterns within two-dimensional (2D) spatial

datasets such as images.26 By training on a suitable set of labeled image

data, CNNs extract spatial features without requiring human supervision
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and can then utilize these features to classify image contents. CNNs have

been shown to outperform other machine learning methods (e.g. fully con-

nected neural networks and support vector machines)27 in the ImageNet

Large-Scale Visual Recognition Challenge,28 a contest requiring a model

to classify more than 1.2 million images. CNNs can be further generalized

to extract features from three-dimensional (3D) volumetric data,29 which

can facilitate the analysis of 3D molecular structures. For example, 3D

CNNs have recently been used to detect protein functional sites,30 eval-

uate protein-ligand binding sites,31 and quantify protein-ligand binding

affinities32 by training on protein database structures. Based on these

examples and our prior success using classical MD simulations to predict

acid-catalyzed reaction outcomes,7,17 we hypothesize that 3D CNNs can

exploit the output of classical MD simulations to more accurately predict

solvent effects on acid-catalyzed reaction rates.

In this chapter, we developed 3D CNNs that utilize information on

atomic positions obtained from classical MD simulation trajectories to pre-

dict the rates of liquid-phase, acid-catalyzed biomass conversion reactions

in mixed-solvent environments. To develop our training procedure, we

use 76 experimentally determined reaction rates for 7 biomass-derived

model reactants in DIOX-, GVL-, and THF-water solvent mixtures as la-

bels. For each experimental reaction rate and associated solvent mixture,

we record configurations from a corresponding MD simulation trajectory

(each configuration contains the 3D positions of atoms in reactant, solvent,
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and water molecules). Configurations collected from the simulation and

their spatial rotations are used to obtain multiple voxel representations

that map to the same experimental reaction rate and are used as input

data for the 3D CNN. This procedure allows us to construct a rich train-

ing dataset that consists of 18,240 voxel representations (over 240 distinct

voxel representations mapping to each of the 76 experimental reaction

rates). This approach seeks to demonstrate that MD trajectory data em-

beds rich information that explains reaction rates and develops early in

the MD simulation to drastically reduce computational time. We find

that all 3D CNNs considered - including a new 3D CNN that we devel-

oped, which we call SolventNet, and two previously developed 3D CNNs

(ORION33 and VoxNet)34 - predict experimental reaction rates more accu-

rately than models based on human-selected, MD-derived descriptors4.

SolventNet predictions generalize to a test set consisting of 32 experimen-

tally determined reaction rates obtained from the literature, including

rates for reactants in three additional polar aprotic cosolvents not included

in model training - dimethyl sulfoxide, acetonitrile, and acetone - with

distinct properties (e.g., functional groups, basicity, and polarizability)

from the cosolvents used to train the model. We further find that accurate

reaction rate predictions with SolventNet require as little as 4 ns of classical

MD trajectory data, a 50-fold improvement from the original 205 ns of

MD data used in models based on human-selected descriptors.7 We thus

conclude that 3D atomistic configurations contain significant information
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that explains reaction rates and that such configurations develop early in

the MD simulation. We envision that the computational efficiency associ-

ated with the combination of 3D CNNs and classical MD simulations will

enable the integration of these tools with process models to screen solvents

and optimize reactor conditions for biomass conversion processes.35

This chapter is organized as follows. We first describe the set of 108

experimentally determined reaction rates, each associated with a unique

combination of reactant and mixed-solvent environment, that are used

as labels for the training set (76 reaction rates) and test set (32 reaction

rates). We then describe the training and validation of baseline linear and

nonlinear models using data consisting of human-selected descriptors

computed from MD trajectories, with one trajectory and corresponding

set of descriptors per label. We next describe an alternative input data

set generated by splitting each MD trajectory into 10 independent voxel

representations for interpretation by 3D CNNs. After data augmentation,

this procedure yields 240 voxel representations per label that are used

to train and validate 3D CNNs for comparison to the baseline models.

We then assess the test set and leave-one-out cross-validation accuracy of

SolventNet to establish model generalizability. Finally, we visualize spatial

features that influence SolventNet accuracy using saliency maps.
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Figure 5.1: Overview of solvent effects on acid-catalyzed reactions and
model systems. (a) Two example acid-catalyzed reactions: xylitol (XYL)
dehydration and levoglucosan (LGA) hydrolysis. (b) Hypothesized ef-
fect of mixed-solvent environments on the free energy landscape of acid-
catalyzed reactions. The schematic illustrates the formation of a local
solvent domain (within the circular dashed line) around the reactant in a
mixed-solvent environment that modifies the reaction free energy land-
scape, thus affecting reaction kinetics.6,7 (c) Organic, polar aprotic cosol-
vents modeled in this study, including dioxane (DIOX), γ-valerolactone
(GVL), tetrahydrofuran (THF), dimethyl sulfoxide (DMSO), acetonitrile
(MeCN), and acetone (ACE). Molecules drawn in black were included in
the training set. Molecules drawn in gray were included in the test set.
(d) Biomass-derived model reactants modeled in this study, including
ethyl tert-butyl ether (ETBE), tert-butanol (TBA), cellobiose (CEL), glucose
(GLU), LGA, 1,2-propanediol (PDO), fructose (FRU), and XYL. The color
scheme follows part c, except TBA, PDO, and FRU were included as part
of some of the reactant-solvent combinations in both training and test sets.
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5.2 Methods

5.2.1 Classical molecular dynamics simulation methods

Classical MD simulations were performed using a leapfrog integrator with

a 2-fs timestep. The initial simulation box dimensions were set to (6 nm)3

in all simulations, and water and cosolvent molecules were added in the

desired proportions. All reactants and cosolvents were parameterized

using the CGenFF/CHARMM36 forcefields.36–38 Water was modeled us-

ing the Single Point Charge/Extended (SPC/E) model.39 Verlet lists were

generated using a 1.2 nm neighbor list cutoff. Van der Waals interactions

were modeled with a Lennard-Jones potential that was smoothly shifted to

zero between 1.0 nm and 1.2 nm. Electrostatic interactions were calculated

using the smooth Particle Mesh Ewald method with a short-range cutoff

of 1.2 nm, grid spacing of 0.12 nm, and 4th order interpolation. Bonds

were constrained using the LINCS algorithm.40 The solvent system was

equilibrated in a NPT simulation for 5 ns at T = 300 K and P = 1 bar with

a velocity-rescale thermostat and Berendsen barostat. A single reactant

molecule was added to the system and equilibrated with the same baro-

stat and thermostat for 500 ps. NPT production simulations were then

performed at the reaction temperature and P = 1 bar using a Nose-Hoover

thermostat and Parrinello-Rahman barostat. All thermostats used a 1.0 ps

time constant and all barostats used a 5.0 ps time constant with an isother-

mal compressibility of 5.0× 10−5 bar−1. Simulation configurations were
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output every 10 ps. All simulations were performed using GROMACS

201641 and visualized using VMD.42

Simulation data obtained using this protocol for reactant-solvent com-

binations included in the training set (including molecules drawn in black

in Figure 5.1c and Figure 5.1d) were taken from Ref. 7. The production sim-

ulations for these molecules were performed for 200 ns. This simulation

time was necessary due to the slow convergence of Γ as described in Ref.

7. The last 190 ns were used to compute Γ and δ for the multidescriptor

models shown in Figure 5.2. An additional 5 ns production simulation

was performed to compute τ. Descriptors were calculated as described

in Ref. 7 (values listed in Table S1).2 The first 20 ns of the 200 ns were

used to generate voxel representations for training and validating the 3D

CNNs. New simulations were performed following the above simulation

protocol for the reactant-solvent combinations included in the test set

(including molecules drawn in gray in Figure 5.1c and Figure 5.1d). The

production simulations for these molecules were performed for 4 ns at

the reaction temperatures (listed in Table S2)2 and used to generate voxel

representations for testing the 3D CNNs.

5.2.2 Summary of model training, validation, and testing

108 experimentally determined reaction rates from literature sources were

converted to kinetic solvent parameters using Equation 3.4 and used as

labels. Each reaction rate (label) was determined for a unique reactant-
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solvent combination, which is defined as a single reactant in a binary

mixture of a single cosolvent and water (in varying wt%). The labels were

split into a training set with 72 labels (70% of the labels), all from Ref.

7, and a test set with 32 labels (30% of the labels) from Refs. 6, 43. A

single MD trajectory was associated with each label. All models were

evaluated using a 5-fold cross-validation procedure in which 80% of the

labels and associated descriptors/voxel representations (60-61 labels) were

used as training data and the remaining 20% of the labels (15-16 labels)

and associated descriptors/voxel representations were used as validation

data. This procedure was iterated 5 times such that each label was used for

validation once. Model performance was evaluated based on the RMSE of

the predicted values of the kinetic solvent parameter for the validation set.

Training data for the multidescriptor models were generated by using

each MD trajectory to compute 3 descriptors from 205 ns of MD data

as described above. The multidescriptor linear model was trained by

regressing a line to the training data. The multidescriptor fully connected

neural network was trained for 500 epochs (for each epoch, the neural

network trained one cycle of the entire dataset) using the Keras deep

learning library on top of Tensorflow.44 Training was performed using the

Adam optimizer with a learning rate of 0.001, mean-squared loss function,

and training batches of size 18 (one epoch equates to four backpropagation

steps).

Training data for the 3D CNNs were generated by splitting each MD
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trajectory associated with a training set label into 10 independent partitions

containing 2 ns (200 MD configurations) of consecutive MD data. For each

partition, all MD configurations were converted to 3D grids of voxels that

were averaged to obtain voxel representations as described in the Results

and Discussion (Figure 5.3). The 10 voxel representations per label used

for training were augmented by including all 24 unique cube rotations as

training data, leading to a total of 240 voxel representations per label or

14,400-14,640 training voxel representations. The voxel representations per

label used for validation were not augmented, leading to 150-160 validation

voxel representations. All 3D CNNs were trained for 500 epochs using the

Keras deep learning library on top of Tensorflow.44 Models were trained

using the Adam optimizer with a learning rate of 0.00001, mean-squared

loss function, and training batches of size 18 (one epoch equates to 814

backpropagation steps). Learning curves for all 3D CNNs are shown in

Fig. S5 of the Supplementary Information.2

The generalizability of SolventNet was assessed using the test set and

leave-one-out cross-validation of the training set. For each test set label,

4 ns of consecutive MD data was converted to two independent voxel

representations that were not augmented. SolventNet was re-trained

using augmented voxel representations for all training set data (18,240

voxel representations) and used to predict kinetic solvent parameters for

the 2 voxel representations per test set label (64 voxel representations). In

the leave-one-out cross-validation procedure, all labels associated with
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a single reactant or cosolvent in the training set were held out as the test

set, then SolventNet was trained using all data for the remaining labels

and used to predict kinetic solvent parameters for 10 voxel representations

per held out label. In both procedures, model performance was assessed

based on the RMSE of the predicted values of the kinetic solvent parameter

for the test set.

5.2.3 3D CNN architectures

Three 3D CNN architectures that vary in complexity and number of param-

eters were considered in this work: VoxNet34 (5 layers, 150,689 parameters),

ORION33 (8 layers, 908,833 parameters), and SolventNet (9 layers, 172,417

parameters), which we developed in-house. The architectures of VoxNet

and ORION are described in the Supporting Information (Fig. S4).2 Sol-

ventNet has three stages (Figure 5.4a). The first stage has two convolutional

layers with 8 and 16 3×3×3 filters, respectively, and a 2×2×2 max-pooling

layer. The second stage has the same structure as the first, except the two

convolutional layers have 32 and 64 filters, respectively. The results from

the last max-pooling layer are passed to a batch normalization layer and

flattened. The flattened data is then input to a neural network with three

fully connected layers with 128 nodes in each layer. The ReLU activation

function is used for the fully connected layers.
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5.2.4 Generation of saliency maps

Saliency maps were computed using a fully trained SolventNet with

the integrated gradient approach.45 We define the voxel representation

input as a tensor x ∈ R20×20×20×20×3. SolventNet has a loss function

L : R20×20×20×20×3 → R, where the output is the RMSE loss value. Equation

5.1 defines the saliency map function (E : R20×20×20×20×3 → R20×20×20×20×3):

E(x) = (x− x̄)×
∫ 1

0

∂L(x̄+ α(x− x̄))

∂x
dα (5.1)

E(x) is the saliency value of x. x̄ is the baseline input, which we select as

x̄ = 0. Equation 5.1 accounts for the change of the loss function caused by

the change in the normalized occurrences of atoms in a voxel in the original

input voxel representation. If the loss function does not significantly

change, then that voxel is considered to be unimportant for the prediction.

Values of E(x), normalized to lie within the range 0-1, are shown on the

saliency maps in Figure 5.7.
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5.3 Results and Discussion

5.3.1 Experimental reaction data used for model training

and testing

108 previously reported, experimentally determined reaction rates for acid-

catalyzed dehydration or hydrolysis reactions in mixed-solvent environ-

ments were used as labels for the training and testing of predictive models

for acid-catalyzed reaction rates. Each reaction rate was measured for a

unique reactant-solvent combination (i.e., a reactant in a mixed-solvent

environment). 76 experimental reaction rates (70% of the labels) were

taken from Ref. 7 and used as labels for the training set. The training

set includes rates for 7 biomass-relevant model reactants: ethyl tert-butyl

ether (ETBE), tert-butanol (TBA), 1,2-propanediol (PDO), levoglucosan

(LGA), fructose (FRU), cellobiose (CEL), and xylitol (XYL). Solvent systems

include aqueous mixtures with 25 wt%, 50 wt%, 75 wt%, or 90 wt% of

one of three polar aprotic cosolvents: 1,4-dioxane (DIOX), γ-valerolactone

(GVL), and tetrahydrofuran (THF). 32 experimental reaction rates (30% of

the labels) were taken from Refs. 6 and 43 and used as labels for the test

set. The test set includes rates for 4 model reactants: TBA, FRU, PDO, and

glucose (GLU). Solvent systems include aqueous mixtures with dimethyl

sulfoxide (DMSO), acetonitrile (MeCN), and acetone (ACE). Training set

experiments were performed at temperatures between 343 K - 433 K and

test set experiments were performed at temperatures between 363 K - 433
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K. All experiments used triflic acid as a catalyst, except for test set experi-

ments from Ref. 43 (for FRU and GLU in aqueous mixtures of ACE) which

used hydrochloric acid. The test set labels thus consist of independent

reaction rates from different literature sources for reactants and cosolvents

not included in the training set but at comparable experimental conditions.

Chemical structures of all reactants and cosolvents are shown in Figure

5.1c and Figure 5.1d, respectively. Table S1 and Table S2 list the reaction

conditions for each label.2

To compare the effect of the mixed-solvent environment on reaction

rates in different systems, Equation 3.4 defines the kinetic solvent pa-

rameter (σ) as the log-ratio between the apparent rate constant for the

dehydration or hydrolysis of reactant r in a given mixed-solvent environ-

ment and the apparent rate constant for the same reaction in pure water.7

σ > 1 indicates that the reaction rate is faster in the mixed-solvent envi-

ronment than in pure water and σ < 1 indicates the converse. All labels

for the training and test sets were defined as σ values (σexp to facilitate the

training of regression models.

5.3.2 Baseline prediction models for reaction rates using

human-selected descriptors from classical MD

In prior work, we performed classical MD simulations of one reactant

molecule in a mixed-solvent environment to generate a single 205 ns simu-
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lation trajectory for each of the 76 reactant-solvent combinations included

in the training set.7 Figure 5.2a illustrates the general approach for ex-

tracting descriptors from these MD simulations to predict experimental

kinetic solvent parameters. From each MD trajectory, we computed three

physically motivated, human-selected descriptors that capture reactant hy-

drophilicity and solvent interactions: the preferential exclusion coefficient

(Γ ), which quantifies the local enrichment of water in the spatial region

near the reactant; the hydrogen bonding lifetime between the reactant and

water (τ), which quantifies the stabilization of a putative charged transi-

tion state by nearby water molecules; and the accessible hydroxyl fraction

(δ), which quantifies reactant hydrophilicity by dividing the accessible

surface area (ASA) of the reactant’s hydroxyl groups by the ASA of the

overall molecule. Descriptor calculations are described in Chapter 37 and

descriptor values are listed in Table S1.2

Descriptor values were used as input data to train a linear regression

model (Equation 5.2) to predict values of the kinetic solvent parameter

(σpred):

σpred = A = B(Γ̃) + C(τ̃) +D(δ̃) (5.2)

A, B, C, and D are regression coefficients and descriptors with a tilde

are re-scaled between 0 and 1 by min-max scaling. Figure 5.2b illustrates

the 5-fold cross-validation procedure used to evaluate if the linear model

and all following models described in this work could generalize to new
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reactant-solvent combinations not included in the training data.46 In this

procedure, the 76 labels in the training set were randomly split into five

folds, each containing approximately 20% of the labels. All input data

(i.e., descriptor values) associated with the labels in one of the five folds

were used as the validation set, the input data associated with the labels

in the remaining four folds were used to train the model (i.e., regression

coefficients were fit), and values of σpred were calculated for the validation

set. This procedure was iterated five times such that each training set label

was included in the validation set exactly once.
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Figure 5.2: Evaluation of human-selected multidescriptor models. (a)
General approach for correlating features from molecular dynamics (MD)
simulations to experimental kinetic solvent parameters (σexp). The sim-
ulation configuration shows xylitol (XYL) in 90 wt% dioxane (DIOX) as
an example. (b) Schematic illustrating 5-fold cross validation procedure
used to train and validate models. (c) Parity plot between predicted (σpred)
and experimental (σexp) kinetic solvent parameters for the multidescriptor
linear model. The best-fit slope and root-mean-squared error (RMSE)
between σpred and σexp values are shown within the plot. The solid black
lines indicate perfect correlation (σpred = σexp), the dashed black lines
indicate approximate experimental error, and the dashed gray lines are
drawn at σexp = 0 and σpred = 0 as a guide to the eye. (d) Parity plot for
the nonlinear fully connected neural network model.

Figure 5.2c shows the parity plot between σpred and σexp for the linear

regression model, with each value of σpred corresponding to a validation

set prediction from the 5-fold cross validation procedure. We use the
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best-fit slope and root-mean-square error (RMSE) between σpred and σexp

to evaluate model accuracy; a perfect model would have a slope of one

and a RMSE of zero. Since the RMSE of the experimental data is 0.10,7

any predictive model with RMSE near 0.10 is sufficiently accurate. The

linear model has a slope of 0.49 and RMSE of 0.58; most outliers are

reactions occurring in THF-water (hollow symbols) or in 90 wt% cosolvent

systems (diamond symbols). Fitting the linear model using only data for

DIOX-water mixtures without 5-fold cross validation leads to an RMSE

of 0.23,7 but this approach is less accurate for GVL-water (RMSE of 0.36)

and THF-water (RMSE of 0.59) mixtures (SI, Table S3),2 indicating that the

performance of the linear model depends strongly on the cosolvent. This

result suggests that the linear model has limited generalizability across

cosolvents. We also tested if a nonlinear model could improve upon the

predictions of the linear model using the same input data. We performed

5-fold cross-validation to evaluate a fully connected neural network with

three hidden layers, each with ten rectified linear units (ReLU), followed

by a linear unit for the regression task of predicting σ using the three

human-selected descriptors as input. Figure 5.2d shows the parity plot

between σpred and σexp using the fully connected neural network model.

The behavior of the fully connected neural network model was comparable

to that of the linear model with a slope of 0.46 and RMSE of 0.62. We use

these multidescriptor models as a baseline for comparison to alternative

models.
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These findings show that reaction rates predicted with the multidescrip-

tor models lie in the correct quadrants with few false-positive or false-

negative σ values and are accurate for some cosolvents (i.e., DIOX). The

descriptors underscore the importance of spatial information: Γ quanti-

fies the solvent composition in a region near the reactant, τ describes the

relative locations of reactant hydroxyl groups and water molecules, and

δ is related to the relative surface areas of hydrophilic and hydrophobic

regions of the reactant. However, both models have significant outliers for

systems corresponding to larger values of σexp, suggesting that the descrip-

tors fail to capture important information that may be encoded within the

complex geometrical (3D) features of the reactant-solvent environment. In

addition, the identification of these descriptors requires domain expertise

and is time-consuming.

5.3.3 Generation of input data set for interpretation by

3D CNNs using classical MD data

To improve upon the human-selected multidescriptor models, we hypoth-

esized that 3D CNNs can be used to establish mappings between atomic

positions sampled from classical MD (which emerge from the combination

of reactant-solvent, solvent-cosolvent, and reactant-cosolvent interactions)

to experimental reaction rates. We expect that 3D CNNs are appropriate

for analyzing these systems because:
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(i) CNNs can extract non-intuitive features of the reactant-solvent envi-

ronment by identifying spatial correlations in the input data

(ii) liquid-phase systems exhibit pronounced spatial correlations due to

intermolecular interactions between solvent molecules

(iii) the importance of spatial information encoded within the human-

selected descriptors suggests that spatial correlations are relevant to

solvent effects

(iv) 3D CNNs can analyze atomic positions without transforming the

domain to a 2D space (flattening), thereby capturing the detailed

geometry of the reactant and local solvation environment

3D CNNs thus provide a natural framework for identifying complex

features of reactant-solvent environments that affect reaction rates but that

may not be easily identified using human intuition.

We first developed a protocol for converting trajectory data of atomic

positions of reactant, solvent, and cosolvent molecules obtained from

classical MD simulations into a data representation that is suitable for 3D

CNN analysis. 3D CNNs interpret data consisting of a series of voxels

arranged in a 3D grid, with each voxel containing normalized intensities in

several independent channels. The channels can convey different types of

field information. The relative positioning of the voxels in the grid confers

spatial information. We thus converted the spatially continuous atomic
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positions output by MD to voxels that record the normalized occurrences

of water, cosolvent, and reactant oxygen atoms within (0.2 nm)3 volume

elements. This data representation is motivated by the physical intuition

obtained from the success of the human-selected multidescriptor models:

the importance of the descriptor Γ suggests that the positions of water and

cosolvent atoms should be recorded to quantify preferential enrichment of

solvent molecules near the reactant while the descriptors τ and δ suggest

that the positions of reactant oxygen atoms should be recorded to quantify

potential hydrogen bonding and reactant hydrophilicity. The volume

associated with each voxel was selected to be comparable to typical atomic

radii to ensure that molecular geometry could be resolved.

Figure 5.3 illustrates the approach used to convert MD positions to a

grid of voxels. For each set of atomic positions corresponding to a sin-

gle time sampled during a MD trajectory (i.e., a MD configuration), we

centered a 3D histogram on the center-of-mass of the reactant. The his-

togram covered a cubic (4 nm)3 volume (a volume smaller than the total

simulation box size to avoid crossing the simulation box boundaries) that

was divided into a 20× 20× 20 grid of bins corresponding to (0.2 nm)3

volume elements. For each bin, we calculated the normalized occurrence

of water atoms by counting the number of water atoms within the bin

and normalizing by the maximum number of water atoms within any bin.

The same procedure was separately performed to calculate the normal-

ized occurrence of cosolvent and reactant oxygen atoms in each bin. The
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normalized water, reactant, and cosolvent occurrences were then stored

in the “red, green, and blue” color channels, respectively (Figure 5.3a) to

obtain a 20× 20× 20× 3 grid of voxels for a single MD configuration.

To capture the preferential locations of solvent molecules relative to

the reactant as they diffuse within the cubic volume, and to prevent voxels

from being unoccupied, we averaged grid values obtained from multi-

ple consecutive MD configurations to generate a single averaged grid of

voxels that we define as a voxel representation. Specifically, each voxel

representation was generated by averaging grid values from 2 ns of MD

data (corresponding to 200 consecutive MD configurations) as illustrated

in Figure 5.3b. The 2 ns simulation time was selected as a balance between

maximizing model accuracy and minimizing computational expense. This

simulation time is substantially shorter than the 205 ns trajectories associ-

ated with each training label. Thus, we split the first 20 ns of each trajectory

into 10 independent 2-ns partitions and generated a voxel representation

for each partition, yielding 10 voxel representations per training label.

These choices were based on extensive robustness tests to determine the

best-performing input data representations as described in the Supple-

mentary Information, Section S5 (Table S4).2 Because 3D CNNs are not

rotationally invariant, we further augmented the training data by rotating

each voxel representation to generate 24 unique cube rotations per voxel

representation (Fig. S1),2 leading to 240 (augmented) voxel representations

per training set label.
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Figure 5.3: Input data representation for 3D CNNs. Approach for con-
verting the atomic positions obtained from a MD simulation to a voxel
representation using xylitol in 90 wt% dioxane as an example. (a) For each
MD configuration (example at left), a (4 nm)3 cubic box was centered on
the reactant and a 20 × 20 × 20 grid of (0.2 nm)3 volume elements was
used to discretize space. The normalized occurrences of water, oxygens of
the reactant, and cosolvent atomic positions within each volume element
were stored in different channels to yield a 20× 20× 20× 3 grid of voxels.
Voxels are visualized by showing the water channel in red, the reactant
channel in green, and the cosolvent channel in blue. Half of the voxels
are transparent to illustrate the solvent distribution around the reactant.
(b) Grids of voxels were averaged over 2 ns of MD data (200 MD config-
urations) to yield a 20 × 20 × 20 × 3 voxel representation. (c) For each
reactant-solvent system, 20 ns of simulation data were used to generate 10
independent voxel representations.
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5.3.4 3D CNNs improve reaction rate predictions with

less required simulation time

We next developed a 3D CNN model, which we call SolventNet, that inputs

voxel representations and outputs predicted kinetic solvent parameters.

The SolventNet architecture consists of four convolutional layers, two max-

pooling layers, and three fully connected layers as shown schematically

in Figure 5.4a. This architecture is based on the previously developed

VoxNet 3D CNN but replaces the final fully connected layer with two

convolutional layers, one max-pooling layer, and three fully connected

layers.34 We also compared SolventNet to the VoxNet34 and ORION33 3D

CNNs (SI, Fig. S4)2 to investigate how the 3D CNN architecture influences

prediction accuracy. All three models include a final layer with a linear

activation unit for the regression task of predicting σ.
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Figure 5.4: Architecture, training, and performance of 3D CNNs. (a)
Architecture of SolventNet, a 3D CNN that inputs a 20 × 20 × 20 × 3
voxel representation (described in Fig 3) and outputs the predicted kinetic
solvent parameter (σ). 3D CNNs were evaluated using the same 5-fold
cross validation procedure described in Figure 5.2b. (c) Parity plot between
predicted (σpred) and experimental (σexp) kinetic solvent parameters using
SolventNet. σpred is the average prediction of 10 voxel representations
per label. Error bars show the standard deviation of these predictions.
The best-fit slope and root-mean-squared error (RMSE) between σpred
and σexp values are shown within the plot. Solid and dashed lines follow
the conventions of Figure 5.2. (d) Comparison of the RMSEs between
σpred and σexp for the multidescriptor linear and nonlinear neural network
(NN) models and the 3D CNNs (ORION, VoxNet, and SolventNet) when
performing 5-fold cross validation.

The 3D CNNs were evaluated using 5-fold cross-validation, similar to

the procedure used for the human-selected descriptor models. For the 3D

CNNs, the training data included all augmented voxel representations
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for 80% of the labels (14,400 or 14,640 voxel representations) and the vali-

dation data included only non-augmented voxel representations for the

remaining 20% of the labels (150 or 160 voxel representations). Figure 5.4b

shows the parity plot between σpred and σexp using SolventNet. Values and

error bars of σpred report the average and standard deviation of the values

predicted for each of the 10 non-augmented validation set voxel representa-

tions per label. Compared to the baseline human-selected multidescriptor

models (Figure 5.2), SolventNet significantly improves the prediction of

kinetic solvent parameters with a best-fit slope of 0.89 and RMSE of 0.37.

Figure 5.4c further indicates that the RMSEs obtained using all three 3D

CNNs (SolventNet, VoxNet, and ORION) are comparable and outperform

the multidescriptor models. Moreover, the 3D CNNs were trained using

only 20 ns of MD data per reactant-solvent combination compared to the

205 ns of MD data per reactant-solvent combination used to compute the

three descriptors in Equation 5.2. The 3D CNNs required 1.6-2.4 hours

to train using one GPU and one CPU core (Table S3), whereas the MD

simulations required 216 hours for all 76 reactant-solvent combinations

using one GPU and 28 CPU cores, a substantially longer time. Therefore,

the 10-fold reduction in MD data translates to a comparable decrease in

real time required for model training.

A potential issue when training CNNs is the large number of learned

parameters, which may lead to overfitting. We note, however, that the 3D

CNNs used in this work are relatively compact; SolventNet has 172,417
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parameters compared to 33,601,345 parameters for VGG16, a common 2D

CNN47 (Methods and Table S3).2 The ratio of parameters to the number

of augmented training voxel representations for SolventNet is 11.8-11.9;

for comparison, the ratio of parameters to the number of training descrip-

tor sets for the fully connected neural network model is 4.4. The small

ratio of parameters to training examples for SolventNet is comparable to

alternative 3D CNN architectures and suggests that we should not expect

significant overfitting during training. For example, 3D CNNs have been

used to assess the quality of protein tertiary structures with a ratio of

parameters to training examples of 34 (~5.4 million parameters, ~160,000

grids of voxels)48 and 85 (~170 million parameters, ~2 million grids of

voxels).49 We also observe that increasing the amount of training voxel rep-

resentations by a factor of 10 (by splitting 200 ns of MD data into 100 voxel

representations) does not impact 3D CNN performance (Fig. S3).2 More-

over, the differences in RMSE between ORION, VoxNet, and SolventNet

show that CNN architecture minimally affects model performance, even

though ORION has nearly five times as many parameters as SolventNet.

Therefore, the specific 3D CNN architecture is not critical; rather, it is the

use of a 3D CNN to analyze MD simulations that yield improved model

performance. We also tested alternative neural network architectures (SI),2

including networks with both descriptors and voxel representations as

input, 2D CNNs, and 3D CNNs with alternative voxel representations, but

did not observe increases in accuracy. Together, these results show that
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3D CNNs are more accurate than prior models based on human-selected

descriptors (Figure 5.2) while requiring less MD data to train, that the

amount of training data used is sufficient, and that prediction accuracy

does not significantly vary with model architecture. For the remainder of

this chapter, we focus on SolventNet because it has the median number of

parameters and performs well when predicting the test set as discussed in

the next section (see Table S3 for model comparisons).2

5.3.5 Generalizability of SolventNet predictions to new

solvents and reactants

We next assessed the accuracy of SolventNet for the 32 reactant-solvent

combinations included in the test set. For each test set reactant-solvent

combination, we performed new MD simulations to obtain the 4 ns of

simulation data necessary to generate two voxel representations (following

the same procedure illustrated in Figure 5.3). Only two voxel representa-

tions were used to assess the ability of SolventNet to rapidly generalize

to new solvent combinations with minimal MD simulation data. The test

set voxel representations were not augmented. We re-trained SolventNet

using all training set data (76 labels and 18,240 augmented voxel repre-

sentations) and then predicted kinetic solvent parameters for the test set

voxel representations.

Figure 5.5 shows the parity plot between σpred and σexp for the test
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set using SolventNet. Values and error bars of σpred report the average

and standard deviation of the values predicted for each of the 2 test set

voxel representations per label. The best-fit slope is 0.72 and RMSE is 0.48,

indicating that while prediction accuracy slightly degrades compared to

predictions for the validation set, SolventNet still generalizes well. Notably,

the test set accuracy exceeds the validation set accuracy of the baseline

multidescriptor models. The parity plot also shows high linear correlation

with Pearson’s r = 0.80 for the test set data. Thus, even for systems for

which SolventNet predictions are less accurate, the model still captures

qualitative trends regarding solvent compositions that improve reaction

rates, despite including reactants (GLU), cosolvents (MeCN, DMSO, and

ACE), and organic weight fractions (44, 65, and 88 wt%) not present for

any of the reactant-solvent combinations in the training set. These find-

ings suggest that SolventNet extracted features of the reactant-solvent

environment that are important to reaction performance and that are gen-

eralizable across different reactant-solvent combinations. The reduced

accuracy may be due, in part, to the different literature sources for the

test set data (which may introduce experimental error) and the use of a

hydrochloric acid rather than triflic acid catalyst in Ref. 43, since chloride

can impact reaction kinetics.9

The test set results show that SolventNet performs well for DMSO-

water mixtures with a RMSE of 0.43. This result is somewhat surprising

because DMSO is more basic than the cosolvents used for training6 and is
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known to compete against water for binding sites around hydroxyl groups

on hydrophilic reactants.15,17 In addition, we have previously found that

reactant-DMSO interactions can be favored over reactant-water interac-

tions in DMSO-water mixtures, whereas reactant-water interactions are

favored in the other cosolvent-water systems.18 Despite these unique be-

haviors, the features learned by SolventNet can translate to reaction rate

predictions for DMSO-water mixtures with accuracy comparable to predic-

tions for all other systems tested. Of the reactants in the test set, the worst

prediction accuracy was obtained for GLU with a RMSE of 0.88. Since GLU

was not part of the training set, we expect that the prediction accuracy

for this reactant would be lower than FRU; moreover, this system used

a hydrochloric acid catalyst as noted above. Nonetheless, the qualitative

trend is again captured for GLU conversion with a Pearson’s r = 0.93

(computed only for systems with GLU).
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Figure 5.5: Generalizability of SolventNet to new reactants and cosolvents.
Parity plots between predicted (σpred) and experimental (σexp) kinetic sol-
vent parameters for the test set. Predictions were made using SolventNet
after training with all training set data. σpred is the average prediction of 2
voxel representations per label. Error bars show the standard deviation
of these predictions. The slope and root-mean-squared error (RMSE) be-
tween σpred and σexp values are shown within each plot. Solid and dashed
lines follow the convention of Figure 5.2.

Based on the DMSO and GLU analysis, we also used leave-one-out

cross-validation to determine if SolventNet predictions were sensitive

to particular reactants or cosolvents included in the training set, further

motivated by the weak performance of descriptor-based models for THF-
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and GVL-water mixtures. In this procedure (illustrated in Figure 5.6a), we

held out all labels and associated voxel representations for reactant-solvent

combinations in the original training set that either contained a given

cosolvent (e.g., all DIOX-water mixtures) or a given reactant (e.g., XYL in all

solvent systems) and used these data as the test set. SolventNet was trained

using the remaining data and used to predict kinetic solvent parameters

for 10 voxel representations per test set reactant-solvent combination. This

procedure was repeated by iteratively using data for each cosolvent or

reactant as the test set. Figure 5.6b shows the parity plot between σpred

and σexp for leave-one-out cross validation across cosolvents. The RMSE

varies between 0.27-0.43, which is comparable to the predictions for DMSO-

water mixtures. These results indicate that SolventNet predictions are

comparable for a wide range of mixed-solvent environments, including

the THF- and GVL-water mixtures that were poorly predicted by the linear

multidescriptor model. Figure 5.6c shows the parity plot between σpred and

σexp for leave-one-out cross validation across reactants. The RMSE varies

between 0.11-0.81 depending on the specific reactant, which is comparable

to the results for leave-one-out cross validation across cosolvents. The

largest RMSE is obtained for LGA which is comparable to the test set results

for GLU. As with the GLU results, σpred and σexp for LGA exhibit strong

linear correlation with a r of 0.90, indicating that quantitative trends of

reactivity are captured. LGA may be an outlier due to the overestimation

of its hydrophilicity since the voxel representations account for all oxygens
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of LGA, including oxygens in ether bonds. Taken together, the results from

the independent test set and from leave-one-out cross-validation suggest

that SolventNet predictions generalize well across all cosolvents tested

and all reactants other than LGA.
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Figure 5.6: Leave-one-out cross validation of SolventNet. (a) Schematic
illustrating the leave-one-out cross validation procedure in which all data
for a single cosolvent or all data for a single reactant were used as the test
set and the remaining data were used as the training set. (b) Parity plot be-
tween predicted (σpred) and experimental (σexp) kinetic solvent parameters
for the leave-one-out cross validation of SolventNet across cosolvents. The
RMSE values between σpred and σexp labeled within each plot report the
values obtained when data for the listed cosolvent-water system were used
to as the test set. σpred is the average prediction of 10 voxel representations
per label. Error bars show the standard deviation of these predictions.
Solid and dashed lines follow the conventions of Figure 5.2. (c) Parity plot
between predicted (σpred) and experimental (σexp) kinetic solvent parame-
ters for the leave-one-out cross validation of SolventNet across reactants.
The RMSE values in the table report the values obtained when data for
the listed reactant were used as the test set.
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5.3.6 Physical interpretation of SolventNet features

While SolventNet offers improved prediction accuracy and computational

efficiency compared to models based on human-selected descriptors, it is

difficult to physically interpret features extracted by the model.50 For ex-

ample, representative voxel representations for different reactant-solvent

combinations do not have visually distinctive features (Fig. S2).2 As an

initial step toward interpreting features recognized by SolventNet, we gen-

erated saliency maps to visualize the sensitivity of SolventNet predictions

to different voxels and thus to specific spatial regions around the reactant.

A saliency map consists of saliency values (normalized between 0-1) for

each voxel that indicate how sensitive the SolventNet prediction is to the

normalized occurrences of water, reactant, and cosolvent atoms in that

voxel. Larger saliency values indicate increased sensitivity. Figure 5.7

shows a saliency map that was generated using the integrated gradient

approach45 (described in the Methods) by inputting a voxel representa-

tion of XYL in 90 wt% DIOX to a fully trained SolventNet model. The

saliency map is split into separate 3D grids of voxels for reactant, cosolvent,

and water channels, with each voxel colored according to its normalized

saliency value using the same color scheme as the input voxel representa-

tion (Figure 5.3). Transparent voxels are unimportant to model predictions

(normalized saliency values less than 0.10).
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Figure 5.7: Saliency map using SolventNet. Example saliency map gener-
ated for a voxel representation of XYL in 90 wt% DIOX (shown in Figure
5.4a) using SolventNet after training with all training set data. The saliency
map is visualized on a 3D grid with the same dimensions as the input
voxel representation. Each voxel is assigned a saliency value normalized
from 0 to 1 that indicates the sensitivity of SolventNet predictions to the
normalized occurrences of water, reactant, and cosolvent atoms in that
voxel. Larger saliency values indicate greater sensitivity. The saliency
map is visualized by separate grids showing the water value in red, the
reactant value in green, and the cosolvent value in blue. Half of the voxels
are transparent to illustrate the saliency values around the reactant and
only the voxels with values greater than 0.10 for each system component
are shown. 2D contours are plotted by averaging along the z-axis for
normalized values of 0.10, 0.25, 0.50, 0.75, and 0.90.

Inspection of the saliency map in Figure 5.7 confirms that SolventNet

primarily recognizes features of the solvent environment within a local
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domain near the reactant, in agreement with the assumption underlying

the definition of human-selected descriptors. Saliency maps for each

channel are further projected from 3D to 2D by averaging saliency values

along the z-axis (selected arbitrarily) to generate the contour plots shown

in Figure 5.7. These plots clearly show that regions near the reactant are

most important for predictions, that the size of the simulated volume

is sufficiently large that regions far from the reactant are unimportant,

and that SolventNet extracts non-intuitive geometrical features that are

not captured by the assumptions of spherical symmetry. Similar saliency

maps may be useful for guiding future ab initio calculations by identifying

important solvent regions to be studied, thus minimizing the number of

molecules needed for quantum chemical calculations.

5.4 Summary

In this chapter, we combined machine learning tools with classical MD sim-

ulations to develop SolventNet, a 3D CNN which interprets MD simulation

data that has been transformed into a voxel representation to predict acid-

catalyzed reaction rates in aqueous mixtures with polar aprotic cosolvents.

SolventNet does not require the human selection of descriptors a priori

and can capture spatial correlations without assuming spherical symmetry.

SolventNet (and other 3D CNNs) more accurately predicts reaction rates

than models based on human-selected descriptors and generalizes to new
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polar aprotic cosolvents, cosolvent mass fractions, and reactants not used

during model training. These findings indicate that SolventNet extracts

features from the spatial configurations of reactant, solvent, and cosolvent

molecules determined by classical MD simulations that encode sufficient

information to predict solvent effects on acid-catalyzed reactions, even

though the reaction mechanisms and possible transition states are not

explicitly modeled.

A significant advantage of this newly developed approach is computa-

tional efficiency. Once trained, SolventNet requires as little as 4 ns of MD

simulation data to predict a reaction rate for a single reactant-solvent com-

bination. For the system sizes considered in this work, these trajectories

can be simulated in less than an hour on single node of a typical high-

performance computing cluster, greatly diminishing the time necessary to

predict reaction rates compared to ab initio methods. This reduced compu-

tational expense suggests that SolventNet could be leveraged for solvent

screening, potentially in combination with process models,10 to design

more efficient biomass conversion processes without costly experimental

trial-and-error. However, all systems studied so far involve mixtures of

water and polar aprotic cosolvents; extending SolventNet to predict reac-

tion rates in substantially different solvent systems (e.g., ionic liquids) will

likely require additional training.

The voxel representations input to SolventNet also only contain atomic

positions, thus omitting important chemical information such as the pres-
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ence of covalent bonds between atoms and atomic charges. These data

could possibly be interpreted by alternative network architectures. For ex-

ample, a graph neural network could represent atoms as nodes and atomic

interactions as edges.16,19,20,51 Thus, we anticipate that further model de-

velopment can continue to increase prediction accuracy. Furthermore, the

voxel representations input to SolventNet are only generated from MD

simulations of reactant states; future work will explore whether including

voxel representations from simulations of product states can improve the

accuracy of reaction rate predictions or enable predictions of reaction se-

lectivities.17 Classical MD can also model molecules much larger than the

small-molecule reactants studied here, such as biomass-relevant polymers

(e.g., cellulose, hemicellulose, or lignin).14,15 Future work will explore the

use of SolventNet with semantic segregation techniques, which enable

individual regions of data input to a CNN to be separately classified,52

to predict the reactivity of multiple reactive sites simultaneously based

on MD simulations of biomass-relevant polymers. Screening solvents for

these larger systems is difficult with ab initio methods.

5.5 References
[1] Chew, A. K.; Jiang, S.; Zhang, W.; Zavala, V. M.; Van Lehn, R. C.

Fast predictions of liquid-phase acid-catalyzed reaction rates using
molecular dynamics simulations and convolutional neural networks.
Chemical Science 2020, 11, 12464–12476.



176

[2] Chew, A. K.; Jiang, S.; Zhang, W.; Zavala, V. M.; Van Lehn, R. C.
Fast predictions of liquid-phase acid-catalyzed reaction rates using
molecular dynamics simulations and convolutional neural networks
[Supporting Information]. Chemical Science 2020, 11, 12464–12476.

[3] Walker, T. W.; Chew, A. K.; Li, H.; Demir, B.; Zhang, Z. C.; Huber,
G. W.; Van Lehn, R. C.; Dumesic, J. A. Universal kinetic solvent effects
in acid-catalyzed reactions of biomass-derived oxygenates [Support-
ing Information]. Energy & Environmental Science 2018, 11, 617–628.

[4] Shuai, L.; Luterbacher, J. Organic solvent effects in biomass conversion
reactions. ChemSusChem 2016, 9, 133–155.

[5] Mellmer, M. A.; Sener, C.; Gallo, J. M. R.; Luterbacher, J. S.; Alonso,
D. M.; Dumesic, J. A. Solvent effects in acid-catalyzed biomass conver-
sion reactions. Angewandte chemie international edition 2014, 53, 11872–
11875.

[6] Mellmer, M. A.; Sanpitakseree, C.; Demir, B.; Bai, P.; Ma, K.; Neurock,
M.; Dumesic, J. A. Solvent-enabled control of reactivity for liquid-
phase reactions of biomass-derived compounds. Nature Catalysis 2018,
1, 199–207.

[7] Walker, T. W.; Chew, A. K.; Li, H.; Demir, B.; Zhang, Z. C.; Huber,
G. W.; Van Lehn, R. C.; Dumesic, J. A. Universal kinetic solvent effects
in acid-catalyzed reactions of biomass-derived oxygenates. Energy &
Environmental Science 2018, 11, 617–628.

[8] Varghese, J. J.; Mushrif, S. H. Origins of complex solvent effects on
chemical reactivity and computational tools to investigate them: a
review. Reaction Chemistry & Engineering 2019, 4, 165–206.

[9] Mellmer, M. A.; Sanpitakseree, C.; Demir, B.; Ma, K.; Elliott, W. A.;
Bai, P.; Johnson, R. L.; Walker, T. W.; Shanks, B. H.; Rioux, R. M.;
et al.. Effects of chloride ions in acid-catalyzed biomass dehydration
reactions in polar aprotic solvents. Nature communications 2019, 10,
1–10.

[10] Mushrif, S. H.; Varghese, J. J.; Krishnamurthy, C. B. Solvation dy-
namics and energetics of intramolecular hydride transfer reactions



177

in biomass conversion. Physical Chemistry Chemical Physics 2015, 17,
4961–4969.

[11] Caratzoulas, S.; Vlachos, D. G. Converting fructose to 5-
hydroxymethylfurfural: a quantum mechanics/molecular mechanics
study of the mechanism and energetics. Carbohydrate research 2011,
346, 664–672.

[12] Tsilomelekis, G.; Josephson, T. R.; Nikolakis, V.; Caratzoulas, S. Origin
of 5-hydroxymethylfurfural stability in water/dimethyl sulfoxide
mixtures. ChemSusChem 2014, 7, 117–126.

[13] He, J.; Liu, M.; Huang, K.; Walker, T. W.; Maravelias, C. T.;
Dumesic, J. A.; Huber, G. W. Production of levoglucosenone and 5-
hydroxymethylfurfural from cellulose in polar aprotic solvent–water
mixtures. Green Chemistry 2017, 19, 3642–3653.

[14] Patri, A. S.; Mostofian, B.; Pu, Y.; Ciaffone, N.; Soliman, M.; Smith,
M. D.; Kumar, R.; Cheng, X.; Wyman, C. E.; Tetard, L.; et al.. A multi-
functional cosolvent pair reveals molecular principles of biomass de-
construction. Journal of the American Chemical Society 2019, 141, 12545–
12557.

[15] Mushrif, S. H.; Caratzoulas, S.; Vlachos, D. G. Understanding solvent
effects in the selective conversion of fructose to 5-hydroxymethyl-
furfural: a molecular dynamics investigation. Physical Chemistry
Chemical Physics 2012, 14, 2637–2644.

[16] Vermaas, J. V.; Petridis, L.; Ralph, J.; Crowley, M. F.; Beckham, G. T.
Systematic parameterization of lignin for the CHARMM force field.
Green Chemistry 2019, 21, 109–122.

[17] Chew, A. K.; Walker, T. W.; Shen, Z.; Demir, B.; Witteman, L.; Euclide,
J.; Huber, G. W.; Dumesic, J. A.; Van Lehn, R. C. Effect of mixed-
solvent environments on the selectivity of acid-catalyzed dehydration
reactions. ACS Catalysis 2019, 10, 1679–1691.

[18] Chew, A. K.; Van Lehn, R. C. Quantifying the stability of the hydro-
nium ion in organic solvents with molecular dynamics simulations.
Frontiers in chemistry 2019, 7, 439.



178

[19] Coley, C. W.; Jin, W.; Rogers, L.; Jamison, T. F.; Jaakkola, T. S.; Green,
W. H.; Barzilay, R.; Jensen, K. F. A graph-convolutional neural network
model for the prediction of chemical reactivity. Chemical science 2019,
10, 370–377.

[20] Duvenaud, D.; Maclaurin, D.; Iparraguirre, J.; Bombarell, R.; Hirzel,
T.; Aspuru-Guzik, A.; Adams, R. Advances in Neural Information
Processing Systems 28. Cortes C., Lawrence ND, Lee DD, Sugiyama M.,
Garnett R., Eds 2015, 2224–2232.

[21] Gómez-Bombarelli, R.; Wei, J. N.; Duvenaud, D.; Hernández-Lobato,
J. M.; Sánchez-Lengeling, B.; Sheberla, D.; Aguilera-Iparraguirre, J.;
Hirzel, T. D.; Adams, R. P.; Aspuru-Guzik, A. Automatic chemical
design using a data-driven continuous representation of molecules.
ACS central science 2018, 4, 268–276.

[22] Jackson, N. E.; Bowen, A. S.; Antony, L. W.; Webb, M. A.; Vishwanath,
V.; de Pablo, J. J. Electronic structure at coarse-grained resolutions
from supervised machine learning. Science advances 2019, 5, eaav1190.

[23] Lee, E. Y.; Fulan, B. M.; Wong, G. C.; Ferguson, A. L. Mapping mem-
brane activity in undiscovered peptide sequence space using ma-
chine learning. Proceedings of the National Academy of Sciences 2016,
113, 13588–13593.

[24] Wu, Z.; Ramsundar, B.; Feinberg, E. N.; Gomes, J.; Geniesse, C.; Pappu,
A. S.; Leswing, K.; Pande, V. MoleculeNet: a benchmark for molecular
machine learning. Chemical science 2018, 9, 513–530.

[25] Chmiela, S.; Tkatchenko, A.; Sauceda, H. E.; Poltavsky, I.; Schütt,
K. T.; Müller, K.-R. Machine learning of accurate energy-conserving
molecular force fields. Science advances 2017, 3, e1603015.

[26] Rawat, W.; Wang, Z. Deep convolutional neural networks for image
classification: A comprehensive review. Neural computation 2017, 29,
2352–2449.

[27] Krizhevsky, A.; Sutskever, I.; Hinton, G. E. Imagenet classification
with deep convolutional neural networks. Advances in neural informa-
tion processing systems 2012, 25, 1097–1105.



179

[28] Russakovsky, O.; Deng, J.; Su, H.; Krause, J.; Satheesh, S.; Ma, S.;
Huang, Z.; Karpathy, A.; Khosla, A.; Bernstein, M.; et al.. Imagenet
large scale visual recognition challenge. International journal of com-
puter vision 2015, 115, 211–252.

[29] Singh, R. D.; Mittal, A.; Bhatia, R. K. 3D convolutional neural net-
work for object recognition: a review. Multimedia Tools and Applica-
tions 2019, 78, 15951–15995.

[30] Torng, W.; Altman, R. B. High precision protein functional site detec-
tion using 3D convolutional neural networks. Bioinformatics 2019, 35,
1503–1512.

[31] Jiménez, J.; Doerr, S.; Martínez-Rosell, G.; Rose, A. S.; De Fabritiis,
G. DeepSite: protein-binding site predictor using 3D-convolutional
neural networks. Bioinformatics 2017, 33, 3036–3042.

[32] Jiménez, J.; Skalic, M.; Martinez-Rosell, G.; De Fabritiis, G. K
deep: protein–ligand absolute binding affinity prediction via 3d-
convolutional neural networks. Journal of chemical information and
modeling 2018, 58, 287–296.

[33] Sedaghat, N.; Zolfaghari, M.; Amiri, E.; Brox, T. Orientation-boosted
voxel nets for 3d object recognition. arXiv preprint arXiv:1604.03351
2016.

[34] Maturana, D.; Scherer, S. In 2015 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS); IEEE; pp 922–928.

[35] Alonso, D. M.; Hakim, S. H.; Zhou, S.; Won, W.; Hosseinaei, O.;
Tao, J.; Garcia-Negron, V.; Motagamwala, A. H.; Mellmer, M. A.;
Huang, K.; et al.. Increasing the revenue from lignocellulosic biomass:
Maximizing feedstock utilization. Science advances 2017, 3, e1603301.

[36] Best, R. B.; Zhu, X.; Shim, J.; Lopes, P. E.; Mittal, J.; Feig, M.; MacK-
erell Jr, A. D. Optimization of the additive CHARMM all-atom protein
force field targeting improved sampling of the backbone φ, ψ and
side-chain χ1 and χ2 dihedral angles. Journal of chemical theory and
computation 2012, 8, 3257–3273.



180

[37] Vanommeslaeghe, K.; Hatcher, E.; Acharya, C.; Kundu, S.; Zhong,
S.; Shim, J.; Darian, E.; Guvench, O.; Lopes, P.; Vorobyov, I.; et al..
CHARMM general force field: A force field for drug-like molecules
compatible with the CHARMM all-atom additive biological force
fields. Journal of computational chemistry 2010, 31, 671–690.

[38] Yu, W.; He, X.; Vanommeslaeghe, K.; MacKerell Jr, A. D. Extension of
the CHARMM general force field to sulfonyl-containing compounds
and its utility in biomolecular simulations. Journal of computational
chemistry 2012, 33, 2451–2468.

[39] Berendsen, H.; Grigera, J.; Straatsma, T. The missing term in effective
pair potentials. Journal of Physical Chemistry 1987, 91, 6269–6271.

[40] Hess, B.; Bekker, H.; Berendsen, H. J.; Fraaije, J. G. LINCS: a linear
constraint solver for molecular simulations. Journal of computational
chemistry 1997, 18, 1463–1472.

[41] Páll, S.; Abraham, M. J.; Kutzner, C.; Hess, B.; Lindahl, E. In Inter-
national conference on exascale applications and software; Springer; pp
3–27.

[42] Humphrey, W.; Dalke, A.; Schulten, K. VMD: visual molecular dy-
namics. Journal of molecular graphics 1996, 14, 33–38.

[43] Motagamwala, A. H.; Huang, K.; Maravelias, C. T.; Dumesic, J. A.
Solvent system for effective near-term production of hydroxymethyl-
furfural (HMF) with potential for long-term process improvement.
Energy & Environmental Science 2019, 12, 2212–2222.

[44] Abadi, M.; Agarwal, A.; Barham, P.; Brevdo, E.; Chen, Z.; Citro, C.;
Corrado, G. S.; Davis, A.; Dean, J.; Devin, M.; et al.. Tensorflow: Large-
scale machine learning on heterogeneous distributed systems. arXiv
preprint arXiv:1603.04467 2016.

[45] Sundararajan, M.; Taly, A.; Yan, Q. In International Conference on Ma-
chine Learning; PMLR; pp 3319–3328.

[46] Raschka, S. Model evaluation, model selection, and algorithm selec-
tion in machine learning. arXiv preprint arXiv:1811.12808 2018.



181

[47] Simonyan, K.; Zisserman, A. Very deep convolutional networks for
large-scale image recognition. arXiv preprint arXiv:1409.1556 2014.

[48] Derevyanko, G.; Grudinin, S.; Bengio, Y.; Lamoureux, G. Deep con-
volutional networks for quality assessment of protein folds. Bioinfor-
matics 2018, 34, 4046–4053.

[49] Sato, R.; Ishida, T. Protein model accuracy estimation based on local
structure quality assessment using 3D convolutional neural network.
PloS one 2019, 14, e0221347.

[50] Yosinski, J.; Clune, J.; Nguyen, A.; Fuchs, T.; Lipson, H. Under-
standing neural networks through deep visualization. arXiv preprint
arXiv:1506.06579 2015.

[51] Ying, R.; You, J.; Morris, C.; Ren, X.; Hamilton, W. L.; Leskovec, J. Hi-
erarchical graph representation learning with differentiable pooling.
arXiv preprint arXiv:1806.08804 2018.

[52] Guo, Y.; Liu, Y.; Georgiou, T.; Lew, M. S. A review of semantic segmen-
tation using deep neural networks. International journal of multimedia
information retrieval 2018, 7, 87–93.



182

6 effect of mixed-solvent environments on the

selectivity of acid-catalyzed dehydration

reactions

The preceding chapters focused on using molecular dynamics simulations

to predict the reactivity of biomass conversion reactions, which is useful

for screening solvent systems for a series reaction, but these tools are not

informative for reactions performing in parallel that result in multiple

products. As a result, this chapter focuses on developing computational

tools to estimate selectivity by analyzing solvation environments of both

reactant and product states. This chapter seeks to answer the following

questions:

• How can solvents affect the selectivity of parallel reactions?

• How do we estimate the selectivity a priori using molecular dynamics
simulations?

• What are the limitations of using molecular dynamics simulations
towards predicting reaction selectivity?

This chapter was reproduced with permission from Chew, A. K.; Walker, T. W.; Shen,
Z.; Demir, B.; Witteman, L.; Euclide, J.; Huber, G. W.; Dumesic, J. A.; Van Lehn, R. C.
Effect of mixed-solvent environments on the selectivity of acid-catalyzed dehydration
reactions. ACS Catalysis 2019, 10, 1679–1691.1 Copyright 2021 American Chemical Society.
The electronic supporting information is cited as Ref. 2. A. K. Chew and T. W. Walker
contributed equally to this work. T. W. Walker, B. Demir, L. Witteman, G. W. Huber, and
J. A. Dumesic designed and performed the experimental work of this chapter. J. Euclide
assisted with the ALAMO calculations. Z. Shen performed the ab initio calculations.
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In this chapter, we report the kinetics and selectivity of Brønsted

acid-catalyzed 1,2-propanediol dehydration in pure water and in aque-

ous mixtures of the polar aprotic cosolvents γ-valerolactone, 1,4-dioxane,

tetrahydrofuran, N-methyl-2-pyrrolidone, tetramethylene sulfoxide, and

dimethyl sulfoxide at 433 K. We find that the major product of 1,2-propanediol

dehydration is propanal in most mixed-solvent environments with selec-

tivities between 1-68 mol%. In contrast, 1,2-propanediol dehydration in

aqueous mixtures of dimethyl sulfoxide affords acetone as the major prod-

uct with up to 48% selectivity with minimal propanal formation. We use

classical molecular dynamics simulations to probe these solvent effects

by computing the difference between the solvation free energies of 1,2-

propanediol and propanal in aqueous mixtures of polar aprotic cosolvents

and in pure water. We find that the difference in the solvation free energies

is correlated with the rates of propanal formation in all mixed-solvent

environments, indicating that the solvent-mediated stabilization of the

product state relative to the reactant state translates to increased selectivity

toward the same product. Similar agreement between simulated solvation

free energies and experimental reaction rates/selectivities is established

for the acid-catalyzed dehydration of cis- and trans-1,2-cyclohexanediol

and 1,3-cyclohexanediol. Finally, analysis of the solvation environment

around 1,2-propanediol shows that dimethyl sulfoxide uniquely competes

against water to solvate reactive hydroxyl groups, which causes a change

in reaction mechanism in this solvent system that leads to the formation
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of acetone rather than propanal. These results represent a step toward the

computationally efficient screening of solvent systems for acid-catalyzed,

liquid-phase processes.

6.1 Introduction

The liquid-phase catalytic conversion of lignocellulosic biomass to trans-

portation fuels and valuable chemicals is a promising strategy for reducing

global dependence on fossil resources.3–8 However, achieving high selectiv-

ity toward desired products is a fundamental challenge inhibiting efficient

biomass conversion. One strategy to improve the performance of liquid-

phase catalytic processes is to modify the solvent composition, which can

alter the rates and selectivities of the underlying chemical reactions.9–11 In

particular, mixtures of water with organic cosolvents (i.e., mixed-solvent

environments) have garnered interest for their ability to improve the yields

of acid-catalyzed biomass conversion processes,3,12 and a corresponding

body of empirical knowledge has been accumulated regarding advanta-

geous solvent compositions for specific applications.13,14 However, it is

not typically possible to anticipate how mixed-solvent environments will

affect new processes a priori.15,16 Therefore, solvent selection often requires

trial-and-error experimentation or computationally expensive simulation

methods.

We recently utilized classical molecular dynamics (MD) simulations
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in combination with experimental reaction kinetics measurements to es-

timate the rates of acid-catalyzed reactions of biomass-analogous model

oxygenates in mixtures of water and polar aprotic cosolvents,17 based on

insights obtained from prior experiments and ab initio MD simulations.18

These simulation-derived estimates of reactivity translate into predictions

of selectivity for series reactions in which an intermediate rather than a

terminal product is desired. For example, the acid-catalyzed dehydration

of fructose to afford 5-hydroxymethylfurfural (HMF), a platform chemical

for fuel and other commodity chemicals production,13,19–23 can be difficult

to control due to the subsequent hydrolysis of HMF to form levulinic and

formic acids.24 Inclusion of dimethyl sulfoxide (DMSO) has been shown

to increase HMF selectivity, in part by preventing the subsequent, un-

desirable hydrolysis step.25 However, the reaction networks underlying

liquid-phase processes are often comprised of reactions occurring both in

series and in parallel. Therefore, it is desirable to understand how solvent

composition affects not just the rates of acid-catalyzed reactions, but also

the selectivity of reactions occurring in parallel.

The mechanisms by which solvent molecules influence acid-catalyzed

reaction selectivity can be broadly understood in terms of solvent effects

that we divide into three categories:26–28 equilibrium solvation,18,29–33 co-

solvent participation,25,34–36 and solvent dynamics.18,33,34,37 Equilibrium

solvation refers to the effect of the solvent environment on the stabilities

(i.e., relative free energies) of the reactant, transition, and product states.3,30
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For example, polar aprotic cosolvents can lower the activation energy bar-

riers for certain biomass conversion processes by stabilizing key transition

states, resulting in enhanced reaction rates compared to the same reac-

tions in pure water.27,31,32 Cosolvent participation refers to the influence

of cosolvent molecules on reaction selectivity by participating in reaction

steps or by sterically “shielding” reactive sites around the reactant.25,34 For

example, classical MD simulations suggest that the competition between

DMSO and water molecules for the hydroxyl groups of fructose molecules

promotes conversion to HMF by protecting fructose from undesirable

parallel reactions and shielding HMF from subsequent rehydration to

levulinic acid.25 Solvent dynamics are relevant when charged transition

states polarize nearby solvent molecules and the rates at which these polar-

ized solvent molecules relax towards more stable spatial and/or electronic

configurations control the stability of the charged transition state. For

example, the slow orientational relaxation of methanol molecules com-

pared to water molecules increases the activation energy barrier for the

isomerization of glucose to fructose by leading to poor solvation of the

transition state.34 These examples illustrate some of the processes by which

the solvent environment can influence reaction selectivity. However, this

mechanistic analysis has only been performed for a limited set of reactant-

solvent combinations. Developing a quantitative understanding of solvent

effects that can apply across a range of mixed-solvent environments and

acid-catalyzed reaction mechanisms remains a challenge.
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In this chapter, we investigate how the solvent composition can be

systematically varied to influence the selectivity of model acid-catalyzed

dehydration reactions to afford different products, and we explore how

the stability and local solvent environments of reactants and products, as

probed using classical MD simulations, can be used to anticipate these

effects. We demonstrate that the selectivity of Brønsted acid-catalyzed 1,2-

propanediol (PDO) dehydration varies in six different cosolvent-water mix-

tures with different mass fractions of cosolvent, affording low-to-moderate

yields of propanal (PRO) or acetone (ACE) as the major product. We find

that ACE is formed as the major product in aqueous solutions of DMSO,

whereas all other solvent environments produce PRO over ACE with the

rate of PRO formation depending on the specific cosolvent composition.

Using experimental reaction kinetics measurements, we demonstrate that

these solvent-induced changes in reaction selectivity can be understood

in terms of the rate of PRO formation, relative to ACE, as a function of

solvent composition. Furthermore, we find that MD-derived reactant and

product solvation free energies, which quantify the effect of equilibrium

solvation on selectivity, can explain these solvent-mediated changes to the

rate of PRO formation. This finding generalizes to reaction rate trends

for other representative diols in 90 wt% GVL- and DMSO-water mixtures.

However, equilibrium solvation calculations do not explain the forma-

tion of ACE in DMSO-water mixtures. Analysis of the unique spatial

distribution of solvent molecules around PDO in DMSO-water mixtures
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instead suggests that DMSO competes with water for reactive sites which

may lead to changes in the reaction mechanism to favor the production

of ACE via a cosolvent participation effect. Supporting this hypothesis,

density functional theory calculations indicate that the local solvent envi-

ronment in DMSO-water mixtures preferentially stabilizes the protonated

primary hydroxyl group of PDO, which is consistent with a mechanism

that affords ACE. These results demonstrate how the combination of ex-

perimental reaction kinetic measurements, classical MD simulations, and

ab initio calculations can generate insight into the effect of mixed-solvent

environments on the selectivity of acid-catalyzed reactions. Furthermore,

these results represent a step toward anticipating how solvent composition

affects the selectivity of reactions occurring in parallel using computation-

ally efficient simulation methods capable of analyzing a range of solvent

systems.

6.2 Methods

6.2.1 Reaction kinetics studies

Reactions were carried out in closed, 10 mL thick-walled glass reactors.

In a typical experiment, an appropriate amount of reactant (i.e. PDO),

acid catalyst, water and organic cosolvent (e.g. DMSO) were charged to

the reactors, which were then sealed and placed in an oil bath at 433

K. Reactors were removed at the desired reaction time and quenched in
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an ice bath at 273 K. The conversion of the reactant was monitored as

a function of reaction time using a Shimadzu high-performance liquid

chromatograph equipped with a differential refractometer. Products were

quantified using a Shimadzu gas chromatograph equipped with a flame

ionization detector. All products were quantified using calibration curves

with external standards. Rate constants for the conversion of reactants and

the formation products were derived from Equation 6.1 using the method

of initial rates. Trifluoromethane sulfonic (triflic) acid (pKa, H2O = 14.7,

pKa, DMSO = -14.3) was used as catalyst in all experiments. Triflic acid

behaves as a strong acid even in pure polar aprotic solvents.18,38,39 We thus

assume complete dissociation of the acidic proton in all mixed-solvent

environments, allowing for normalization of the apparent rate constants

on a per-proton basis.

The sum of reaction selectivities is less than 100% in all solvent systems

displayed in Figure 6.2. This is due to the formation of a range of conden-

sation products, such as 2-ethyl-4-methyl-1,3-dioxolane, 2-methoxy-1,3-

dioxolane, 4-methyl-1,3-dioxolane and 1,3-dioxolane. In our prior work,

we have also detected the presence of multiple degradation products such

as 3-hydroxyl-2-methyl-pentanal, 2-ethyl-2-butenal, heptanal and 2-(1-

methylethoxy)-1-propanol using gas chromatography-mass spectrometry

analysis.18 However, due to difficulties in isolating and quantifying these

species, their formation rates were not investigated in this study.
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6.2.2 Molecular dynamics simulations

All classical molecular dynamics simulations were performed using Gro-

macs version 2016.40 Reactant, products, and cosolvents were parameter-

ized using the CGenFF/CHARMM36 force fields.41–43 Water was modeled

using the Single Point Charged/Extended (SPC/E) model.44 We initial-

ized simulations of mixed-solvent environments following the protocol

discussed in our previous work.17,45 The initial simulation box dimensions

were set to (6 nm)3 in all simulations and water and cosolvent molecules

were added at the desired composition. The system was equilibrated in a

NPT simulation for 5 ns at 300 K using a velocity-rescale thermostat and 1

bar using a Berendsen barostat.

Solvation free energies were computed from a series of stochastic dy-

namics simulations, as described in Section 2.1.2. For each simulation,

the system was energy minimized with the steepest descent algorithm

and equilibrated for 100 ps at constant temperature followed by 2 ns at

constant temperature and constant pressure using the Berendsen barostat.

An 11-ns production simulation at constant temperature and pressure

was then performed with the Parrinello-Rahman barostat. All simulations

were performed at 433.15 K and 1 bar. Conformations of the reactants and

products were not restrained during the solvation free energy calculations.

Energy differences computed between all pairs of windows were collected

every 0.2 ps and solvation free energies were computed with the Multistate

Bennett Acceptance Ratio46 method using the python alchemical-analysis
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tool.47 The last 10 ns of each production simulation were split into two 5

ns trajectories and treated as two independent trials. All solvation free

energy results and error bars are reported as the average and standard

deviation of the two trials, respectively.

Spatial distribution maps were generated using simulations with the

reactant restrained and the solvent free to explore reactive sites. A sin-

gle reactant was added to an equilibrated solvent system and then the

system was equilibrated again for 500 ps at 433.15 K using a velocity-

rescale thermostat and 1 bar using a Berendsen barostat. The system was

simulated for 300 ns for PDO and 50 ns for cis- and trans-isomers of 1,2-

cyclohexanediol at the same temperature and pressure, controlled by the

Parrinello-Rahman barostat and Nóse-Hoover thermostat, respectively.

We extracted the most likely configuration of the reactant from unbiased

simulations and restrained the reactant’s atomic positions with a force

constant of 10,000 kJ/(mol-nm) to eliminate rotational degrees of freedom

(ESI, Section S7).2 We then performed an additional 200 ns simulation

with the restrained reactant in solution, where the final 190 ns of the trajec-

tory was used to calculate spatial distribution maps. Simulation analysis

was performed using the MDTraj package48 and analysis tools developed

in-house.
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6.2.3 Ab initio calculations

All ab initio calculations were carried out using Gaussian16.49 For calcula-

tions with a single protonated PDO molecule (HPDO), geometry optimiza-

tions were performed at the unrestricted B3LYP,50–52 PBE53,54 and MP255–59

levels of theory in vacuum with the 6-311++G(d) basis set to compare

results obtained using multiple levels of theory. These structures were

subsequently optimized using the conductor-like polarizable continuum

model (CPCM) with either water or DMSO as an implicit solvent.60,61 For

calculations with HPDO and explicit DMSO and/or water molecules, all

geometry optimizations were performed with the PBE functional and

6-311++G(d) basis set, followed by subsequent optimization with either

DMSO or water as an implicit solvent model using CPCM. Frequency

analyses were performed to ensure true energy minima.

6.3 Results and Discussion

6.3.1 Proposed reaction mechanism for the

acid-catalyzed dehydration of 1,2-propanediol

Figure 6.1A depicts a possible mechanism for the Brønsted acid-catalyzed

dehydration of PDO in the gas phase over an acid catalyst.62 Depending

upon which hydroxyl moiety is removed in the form of water, this reac-

tion affords either PRO or ACE as the major product, passing through



193

a secondary- or primary-carbocation-like intermediate, respectively. If

subsequent conversion of the products is neglected, then the selectivity

of this reaction depends upon the relative rates at which corresponding

products are formed; or, equivalently, upon the relative energy differences

between the reactant, transition, and product states. Accordingly, PRO

is the major observable product in the gas phase because a secondary

carbocation is more stable than a primary carbocation.63 However, liquid

solvents can alter the reaction mechanism by stabilizing structures that

may be unstable in the gas phase.27–29 Liquid-phase reactions may also

proceed through a different mechanism, such as a reaction mechanism

that is more concerted rather than stepwise, or a reaction mechanism with

intermediates that are chemically distinct from those shown in Figure

6.1A. Following these insights, we now explore whether the composition

of mixed-solvent environments can be tuned to modulate the relative rates

of PDO dehydration to selectively afford either PRO or ACE. We examine

the effects of mixed-solvent environments composed of water and one of

six polar aprotic cosolvents; their chemical structures are shown in Figure

6.1B.
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Figure 6.1: A Proposed mechanism for Brønsted acid-catalyzed dehydra-
tion of 1,2-propanediol (PDO) to afford either propanal (PRO) or acetone
(ACE) in the gas phase over a solid acid catalyst.62 Red arrows denote the
transfer of electrons. B Polar aprotic cosolvents used for this study.

6.3.2 Product selectivities for the acid-catalyzed

dehydration of 1,2-propanediol

We carried out PDO dehydration in batch reactors over a triflic acid catalyst

and monitored reactant conversion as a function of time. The kinetics of

PDO dehydration have been shown to be first order with respect to the

concentration of the reactant and acidic protons in solution.18 Accordingly,

Equation 6.1 relates the initial rate of reactant conversion (ri) to the molar

concentration of reactant i (Ci), the molar concentration of acidic protons

(CH+) in solution, and the apparent first-order rate constant (kapp) at a
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fixed solvent composition and temperature:

ri = −
dCi

dt
= kappCiCH+ (6.1)

Simultaneously, the formation of product p (i.e., PRO or ACE) was moni-

tored as a function of time, and the selectivity to each product (Sp) was

quantified as the ratio of the initial rate of product formation (rp) to the

initial rate of reactant conversion (ri) or, equivalently, as a ratio of rate

constants (Equations 6.2-6.3):

rp =
dCp

dt
= kpCiCH+ (6.2)

Sp =
rp

ri
=

kp

kapp
(6.3)

The rate constant for the formation of each product is therefore obtained

by multiplying kapp by the selectivity to either ACE or PRO.

Figure 6.2 shows the selectivities and apparent rate constants for PDO

dehydration in water and in aqueous mixtures with DIOX or DMSO. The

reaction selectivities do not sum to one due to the formation of condensa-

tion products that are difficult to quantify (see Methods); thus, we focus

on the effect of the solvent composition on the formation of PRO and ACE.

In pure water, PRO is formed with 41% selectivity on a molar basis and

ACE is formed with 9% selectivity. In both solvent systems, the value of

the apparent rate constant for PDO conversion increases monotonically
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with the mass fraction of the organic phase, an effect that was explored

in prior work.17,18 In 25 wt% DIOX, the selectivity to ACE decreases to

zero and the selectivity to PRO decreases to 15% (Figure 6.2A). Upon fur-

ther addition of DIOX, the selectivity to PRO partially recovers, passing

through a maximum of 30% at 90 wt% DIOX. The selectivity to PRO trends

towards zero for mass fractions of DIOX above 90 wt%, indicating that

water might play a role in the reaction mechanism that affords this prod-

uct. This observation is consistent with prior studies indicating that protic

solvents such as water can facilitate acid-catalyzed reaction mechanisms

by stabilizing carbocation-like intermediates.18,34 In contrast, almost no

PRO is formed in 25 wt% DMSO, whereas the selectivity to ACE increases

to 49% (Figure 6.2B). The further addition of DMSO results in a monotonic

decrease in the selectivity to ACE, again indicating that this reaction is at

least partially facilitated by water.
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Figure 6.2: Apparent rate constants (kapp, dashed lines) and selectivities
to propanal (PRO, blue columns) and acetone (ACE, red columns) for
Brønsted-acid-catalyzed 1,2-propanediol (PDO) dehydration in mixtures
of water with (A) 1,4-dioxane (DIOX) and (B) dimethyl sulfoxide (DMSO)
as a function of the mass fraction of the organic component (mDIOX or
mDMSO). Rate constants are derived from Equation 6.1 and selectivities
are derived from Equation 6.3. The standard error in selectivities is ± 5
mol%. Reaction conditions: ~20 mol% PDO conversion; 433 K; 0.4-0.005 M
triflic acid; 0.01 M PDO; 90-150 min reaction time; 500 rpm stirring rate, 2 mL
total solvent volume.

To understand the trends in selectivity, we probe the role of DMSO

water mixtures in altering the relative rates of PRO and ACE formation.

Figure 6.3 shows the apparent rate constants for PDO consumption, PRO

formation, and ACE formation as a function of solvent composition in

DMSO-water mixtures. As the mass fraction of DMSO is increased from 7

to 25 wt%, the overall rate of PDO conversion remains roughly constant,

while the rate of ACE formation increases by a factor of four. In contrast,

the rate of PRO formation decreased by a factor of more than 30 in this
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same mass fraction range. As the mass fraction of DMSO is increased from

25 to 90 wt%, the rate constants for PDO consumption and the formation

of both products generally increase together.

Figure 6.3: Apparent rate constants for reactant conversion and product
formation for 1,2-propanediol (PDO) dehydration in mixtures of water
with dimethyl sulfoxide (DMSO) as a function of the mass fraction of
DMSO (mDMSO). Dashed lines are visual aids. Reaction conditions: ~20
mol% conversion; 433 K; 0.4-0.005 M triflic acid; 0.1 M PDO; 150 min reaction
time; 500 rpm stirring rate, 2 mL total solvent volume.

6.3.3 Relating selectivity trends to tabulated cosolvent

properties

The results shown in Figure 6.3 suggest that DMSO suppresses the rate

of PRO formation, or equivalently, increases the activation energy bar-
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rier for PRO formation.64 We sought to determine if this behavior could

generalize to other cosolvents based on the hypothesis that the polariz-

ability or dielectric constant of a solvent could be related to activation

energy barriers that lead to a specific product.28 Previous work has also

shown that more nucleophilic (basic) or polar solvents, such as DMSO,

can facilitate distinct reaction mechanisms compared to pure water.65,66

We thus carried out the acid-catalyzed dehydration of PDO in four other

cosolvent-water mixtures at 90 wt% cosolvent to determine if there is a

relationship between selectivity and cosolvent polarity or basicity. Se-

lected cosolvents include γ-valerolactone (GVL), tetrahydrofuran (THF),

N-methyl-2-pyrrolidone (NMP), and tetramethylene sulfoxide (TMSO)

because these cosolvents have dielectric constants that lie between those

of DIOX (2.20) and DMSO (46.46) (Table 6.1). To facilitate comparison

of relative reaction rates between mixed-solvent environments, Equation

6.4 defines the product kinetic solvent parameter (σp, with p indicating

a specific product) based on the rate of product formation in the mixed-

solvent environment (kporg) and the rate of product formation in pure water

(kpH2O
):17

σp = log10

(
kporg

kpH2O

)
(6.4)

σp > 0 indicates increased product formation in a particular mixed-solvent

environment compared to the same reaction in pure water, while σp < 0

has the converse implication.
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Table 6.1 presents apparent rate constants for acid-catalyzed PDO dehy-

dration, selectivities to PRO and ACE, and σPRO for each of the cosolvent-

water mixtures. Entries in Table 6.1 are organized in descending order

based on σPRO. Table 6.1 also displays the dielectric constant67–70 and

basicity of the cosolvents, as expressed by the pKa’s of their protonated

conjugate acids (pK∗a).71,72 Larger dielectric constants indicate a more polar

solvent and pK∗a values below -1.71 indicate solvents that are more basic

than pure water. With the exception of DMSO-water mixtures, PRO is the

preferred product in all solvent systems, as expected based on analysis of

the reaction mechanism presented in Figure 6.1.63,73 Furthermore, neither

the product selectivities nor σPRO correlate with the dielectric constant

or the basicity of the organic cosolvent. Finally, we found no correlation

between σPRO and Kamlet-Taft parameters (π∗, β, α),74 which are com-

monly used to characterize solvent properties, for the cosolvents listed in

Table 6.1 (ESI, Figure S3).2 These observations illustrate that properties

of mixed-solvent environments cannot generally be understood in terms

tabulated descriptors of the pure individual components.
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Table 6.1: Apparent rate constants (kapp), product kinetic solvent parame-
ters (σPRO), and selectivities of Brønsted acid-catalyzed 1,2-propanediol
(PDO) dehydration in mixed-solvent environments. The cosolvent mass
fraction was 90 wt% in all experiments (excluding pure water). Rate con-
stants are derived from Equations 6.1 and 6.2. Selectivities are derived
from Equation 6.3. The standard error in selectivities is± 5 mol%. Reaction
conditions: ~20 mol% conversion; 433 K; 0.4 M triflic acid; 0.1 M PDO; 150
min reaction time; 500 rpm stirring rate, 2 mL total solvent volume.

Cosolvent pK∗aa
Dielectric
constantb

kapp
(M−1ks−1)

Conversion
(mol%) SPRO SACE σPRO

GVL -7.00 36.47 0.880 55 68 0 1.24
DIOX -3.00 2.20 0.336 12 34 0 0.52
THF -2.05 7.40 0.434 23 8 0 0.48
NMP -0.71 32.16 0.084 24 52 1 0.09
TMSO N/A 42.84 0.281 14 3 0 -0.44
DMSO -1.80 46.46 0.670 37 1 33 -0.57
Pure
water -1.71 80.10 0.084 9 41 9 N/A

∗basicity is quantified as the pKa of the solvent’s protonated conjugate
acid. For example, -2.05 is the pKa of the protonated ether group on THF.
apKa values are from Ref. 71 and 72.
bDielectric constants are from Ref. 67, except for GVL,69 NMP,70 and
TMSO.68
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6.3.4 Equilibrium solvation: quantifying reactant and

product solvation free energies

Because the selectivity of PDO dehydration in mixed-solvent environ-

ments cannot be rationalized by the tabulated bulk properties of the pure

cosolvents, we use classical MD to investigate mechanisms by which mixed-

solvent environments might influence selectivity to ACE and PRO. We

first hypothesize that solvent relaxation is fast relative to the timescales

associated with reaction elementary steps such that the activation energy

for the formation of a specific product is correlated with the difference

between the equilibrium free energies of the reactant and product. Similar

hypotheses, all of which follow from the Hammond postulate, lead to

the typical linear free energy relationships that relate changes in reaction

rates to changes in the energy of reactant and product states in catalytic

processes.75–77 This hypothesis is equivalent to assuming that equilibrium

solvation effects dictate selectivity and suggests that changes in selectivity

can be related to the free energies of the reactants and products without

knowledge of the reaction mechanism or explicitly modeling the transition

state itself. Figure 6.4A schematically illustrates the hypothesized effect

of a mixed-solvent environment on a reaction free energy landscape that

would influence selectivity to a particular product. Furthermore, ab initio

MD simulations have shown that the PDO dehydration mechanism that

forms PRO is characterized by a late transition state18 that is analogous to
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the late transition state formed in the acid-catalyzed conversion of fructose

to HMF.29 This finding emphasizes the importance of quantifying product

stability because in many instances the structure of a late transition state

more closely resembles the product than the reactant.

To investigate equilibrium solvation effects, we leverage the computa-

tional efficiency of classical MD simulations to quantify the solvation free

energy of each product and reactant in each mixed-solvent environment

studied experimentally. The solvation free energy of a species is defined

as the change in free energy associated with transferring the species from

vacuum to solvent; the difference in the solvation free energy of a species in

two solvent environments is the change in the free energy associated with

transferring the species from one solvent environment to the other. Figure

6.4B illustrates the thermodynamic cycle used to determine the influence

of the solvent environment on the reactant and product free energies. The

free energy of transferring species s from water to a mixed-solvent environ-

ment (∆GH2O→org
s ) is related to the solvation free energy of s in pure water

(GH2O
s ) and the solvation free energy of s in a mixed-solvent environment

(Gorgs ) by Equation 6.5.

∆GH2O→org
s = Gorgs −GH2O

s (6.5)

A negative value of ∆GH2O→org
s indicates that s is more favorably solvated

in the mixed-solvent environment than in pure water. We then quantify
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the free energy difference between the reactant (r) and product (p) in

a mixed-solvent environment (∆∆G) by performing four solvation free

energy calculations that are related by Equation 6.6.

∆∆G = ∆GH2O→org
p − ∆GH2O→org

r

= (Gorgp −Gorgr ) − (GH2O
p −GH2O

r )

(6.6)

∆∆G quantifies the Gibbs free energy difference between the reactant and

product in the mixed-solvent environment (Gorgp − Gorgr ) relative to the

same free energy difference in a pure water reference state (GH2O
p −GH2O

r ).

If ∆∆G < 0, the difference between the free energy of the product and the

reactant is more negative in the mixed-solvent environment than in pure

water, indicating that the product is stabilized to a greater degree than the

reactant (Figure 6.4A). Therefore, we hypothesize that a negative value of

∆∆G for a product in a given mixed-solvent environment should increase

its rate of formation compared to pure water due to equilibrium solva-

tion effects, and conversely a positive value of ∆∆G for a product should

decrease its rate of formation. This hypothesis is qualitatively consistent

with the free energy landscapes previously computed in mixed-solvent

environments for tert-butanol and PDO dehydration using ab initio MD

simulations.18 We emphasize that ∆∆G quantifies changes to the relative

stabilities of the reactant and products in mixed-solvent environments and

does not directly report the relative stabilities of the reactant and products
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in pure water. Because the experiments (Figure 6.2) indicate that PRO is

preferentially formed in pure water, we assume that this product is more

favorable according to the equilibrium solvation hypothesis.

Figure 6.4C plots ∆∆G for PRO and ACE against experimentally de-

termined values of σPRO in mixed-solvent environments. ∆∆G for PRO

formation is negative for aqueous mixtures containing 90 wt% GVL, DIOX,

THF, or NMP, indicating that PRO formation should be enhanced in these

mixed-solvent environments compared to pure water. For these same

mixtures, σPRO is positive, indicating that experimental reaction rates for

PRO formation are enhanced relative to pure water and agreeing with

the simulation predictions. Conversely, ∆∆G > 0 and σPRO < 0 for 90

wt% TMSO and DMSO mixtures, indicating that in these systems equilib-

rium solvation effects predict the suppression of PRO formation. Figure

6.4D plots the correlation between ∆∆G and σPRO for each of the solvent

mixtures from Figure 6.4C and for aqueous mixtures containing 25, 50,

and 75 wt% DIOX. As hypothesized, ∆∆G and σPRO exhibit a negative

linear correlation (Pearson’s r = −0.81) with a root-mean-squared error

(RMSE) of 0.33 between values of σPRO predicted using the linear correla-

tion and experimentally determined values. These results are consistent

with the hypothesis that equilibrium solvation can account for the effect

of mixed-solvent environments on the rate of PRO formation. However,

∆∆G does not capture the non-monotonic behavior found in σPRO across

different mass fractions of DIOX and DMSO (ESI, Section S6.1)2 and ∆∆G
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for PRO is more negative than ACE for all solvents. Because PRO is the

preferred product in pure water (Figure 6.2), the more negative values of

∆∆G for PRO than ACE in all other solvent systems studied indicate that

PRO should always be the preferred product compared to ACE. These data

thus do not explain the experimental finding that ACE is preferentially

formed over PRO in DMSO-water mixtures, suggesting that the formation

of ACE in the presence of DMSO is due to alternative solvent effects as

will be further discussed below.
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Figure 6.4: A Hypothesized effect of mixed-solvent environment on the
free energies of reactant, transition, and product states. The change in
the relative free energy between the reactant and product states (∆∆G) is
proportional to the change in the activation energy (∆∆Gact) for a reaction
in a mixed-solvent environment compared to the same reaction in pure
water. Free energies are schematically drawn relative to the free energy of
the reactant state in each solvent environment. B Thermodynamic cycle
to calculate the free energy difference between a reactant and product
in a mixed-solvent environment relative to pure water. Purple arrows
indicate solvation free energies computed from MD simulations which are
used to calculate the transfer free energies indicated by filled black arrows.
The dashed black arrow indicates ∆∆G. C Simulated ∆∆G for PRO (red
bar) and ACE (blue bar) and experimental kinetic solvent parameter for
PRO formation (σPRO, dashed black lines) in 90 wt% organic cosolvents. D
Correlation between σPRO and ∆∆G for 90 wt% mass fraction of organic
solvent (black) and various wt% mass fractions of DIOX (orange).
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6.3.5 Equilibrium solvation effects extended to diol

dehydration

To determine if∆∆G can quantify product formation for different dehydra-

tion reactions, we performed the acid-catalyzed dehydration of three other

representative diols in 90 wt% GVL- and DMSO-water mixtures: cis-1,2-

cyclohexanediol, trans-1,2-cyclohexanediol, and trans-1,3-cyclohexenediol;

dehydration reaction schemes are shown in Figure 6.5A. GVL and DMSO

were selected as cosolvents because they correspond to the highest and

lowest rates of PRO formation from PDO dehydration (Table 6.1). Table

6.2 shows the rates and the selectivities of these reactions towards the

dehydration products in 90 wt% GVL- and DMSO-water mixtures over a

triflic acid catalyst at 433 K. For all reactions, we find that the selectivity to

the dehydration products in Table 6.2 is higher in 90 wt% GVL than 90 wt%

DMSO and ∆∆G is more negative in 90 wt% GVL than in 90 wt% DMSO.

Figure 6.5B shows σp (where p refers generically to the dehydration prod-

uct of each reaction) and ∆∆G for each different reaction in 90 wt% GVL-

and DMSO-water mixtures. σp and ∆∆G are again inversely related for

each separate reaction, agreeing with the results for PDO dehydration

(Figure 6.4D). This result indicates that reactant and product solvation

free energies in mixed-solvent environments can provide insight into the

selectivity for a dehydration product.
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Figure 6.5: A Four acid-catalyzed dehydration reactions of representative
diols. B Experimental kinetic solvent parameter for dehydration product
formation (σp) and ∆∆G for each of the four reactions in 90 wt% GVL-
and DMSO-water mixtures.
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Table 6.2: Dehydration of diols over triflic acid in 90 wt% GVL-water and
DMSO-water mixtures. Reaction conditions: 0.1 M reactant, 433 K, 0.05-0.6
M triflic acid, 500 rpm stirring, reaction time 0-120 min.

Reaction Solvent kapp
(M−1ks−1)

Conversion
(mol%)

Selectivity
(mol%)

a σp ∆∆G

1 GVL 0.88 55 68 1.23 -4.37
DMSO 0.67 37 1 -0.71 2.44

2 GVL 45.74 56 70 1.85 -3.01
DMSO 1.52 31 27 -0.04 0.98

3 GVL 3.13 18 3 1.54 -2.43
DMSO 0.34 11 1 -0.08 2.65

4b GVL 68.19 33 99 2.27 -5.14
DMSO 0.32 44 25 -0.65 -1.32

adehydration products shown in Figure 6.5A.
bconsists of equal cis and trans isomers of 1,3-cyclohexanediol. The ∆∆G
value is the average result from both isomers.

6.3.6 Competition of DMSO for hydroxyl groups on

reactant

Figure 6.4C shows that ∆∆G is more negative for PRO than ACE in all

solvent mixtures, which indicates that equilibrium solvation effects can

explain trends underlying PRO formation in multiple solvent systems but

cannot explain the formation of ACE in DMSO-water mixtures. We thus

hypothesize that DMSO molecules can participate directly in the reaction

mechanism to promote ACE formation. The unique ability of DMSO to
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mediate distinct reaction mechanisms compared to other polar aprotic

solvents has been previously reported. For instance, ab initio molecular

dynamics simulations have shown that DMSO can act as a proton acceptor

to mediate the proton transfer steps in glucose dehydration reactions.78 As

noted previously, DMSO is also thought to promote fructose conversion to

HMF by shielding HMF from rehydration.25 These processes require that

DMSO molecules localize near the reactant in mixed-solvent environments.

Figure 6.6 shows spatial distribution maps that quantify the density

of water and either DIOX or DMSO molecules in the three-dimensional

volume near PDO. Densities are normalized by the density of the bulk

solvent. Spatial distribution maps are computed for PDO in pure water,

90 wt% DIOX, and 90 wt% DMSO and show normalized density values

between 1.5-3.0 for water (shown in red) and 1.3-1.5 for cosolvent (shown

as blue). These values were selected to show spatial regions enriched in

either water or cosolvent molecules relative to the composition of the bulk

solvent. Spatial distribution maps are shown for both the trans conforma-

tion (Figure 6.6A) and gauche conformation (Figure 6.6B) of PDO vicinal

diols. The trans conformation is the most probable conformation obtained

in unbiased MD simulations in all solvent systems, while the gauche con-

formation is obtained in ~20-40% of all simulation configurations (ESI,

Section S7.1)2 and thus still frequently occurs. Supplementary Movie

S1 further shows several alternative rotations of the spatial distribution

maps.2



212

Focusing first on the trans conformation, Figure 6.6A shows that in

pure water there is slight enrichment of water around the hydroxyl groups

of PDO, indicating a near-uniform distribution of water molecules. In 90

wt% DIOX, there are two water-enriched regions associated with each

hydroxyl moiety, in agreement with our previous work in which water-

enriched local domains were shown to form around hydrophilic reactants

in the presence of DIOX.17 These regions correspond to positions occupied

by water molecules that act as both hydrogen bond donors and acceptors

for the PDO hydroxyl groups. Conversely, in 90 wt% DMSO, there is

enrichment of both water and DMSO molecules around the hydroxyl

groups. Importantly, the water-enriched regions corresponding to water

molecules that donate hydrogen bonds to the hydroxyl groups are missing.

Figure S9 and Supplementary Movie S2 show spatial distribution maps for

90 wt% mixtures of the other cosolvents listed in Table 6.1;2 DMSO is the

only cosolvent that strongly competes with water for reactive sites around

PDO. Figure 6.6B shows that similar behavior is observed for the gauche

conformation in pure water and in 90 wt% DIOX, with water-enriched

regions observed near the hydroxyl groups. Three, rather than four, water-

enriched regions are present because one region contains water molecules

that act as both hydrogen bond donors and acceptors to the two hydroxyl

groups; minimal intramolecular hydrogen bonding between the vicinal

diols occurs (ESI, Table S5).2 DMSO again competes with water molecules

in regions near the hydroxyl groups. Notably, a water-enriched region
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corresponding to water molecules that accept hydrogen bonds from the

primary hydroxyl group is present, but a similar region near the secondary

hydroxyl group is diminished.

The spatial distribution maps indicate that DMSO exhibits unique

solvation behavior among all studied cosolvents by occluding regions

containing water molecules that act as hydrogen bond donors, which

would correspond to the protonation site if an acidic proton were trans-

ferred from a hydronium ion to the reactant.25 DMSO itself can act as a

base79 and the stability of charged intermediates in base-catalyzed reac-

tion mechanisms follow opposite trends compared to their acid-catalyzed

counterparts (i.e., a primary carbanion is relatively stable compared to a

primary carbocation).66 We thus hypothesized that DMSO may suppress

PRO formation from PDO by occluding access of the hydronium ion to

the hydroxyl groups of the reactant, while simultaneously acting as a

base to remove the primary OH group in the form of water. To probe

this hypothesis, we experimentally studied PDO dehydration in 90 wt%

DMSO-water mixtures in the absence of triflic acid catalyst and found that

PDO underwent no reaction. Thus, we reject the hypothesis that DMSO is

acting as a base catalyst to afford ACE from PDO.

We next probed the generality of the influence of DMSO beyond PDO

by experimentally characterizing the products of 1-butanol (with one

primary hydroxyl group) and glycerol (with three hydroxyl groups) dehy-

dration at 433 K over a triflic acid catalyst in 90 wt% DMSO-water mixtures.
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No dehydration product (butene) was formed from 1-butanol. Conversely,

glycerol dehydration afforded hydroxyacetone, a primary dehydration

product analogous to ACE in PDO dehydration, with 97% selectivity (ESI,

Section S3).2 We further found that glycerol dehydration afforded hydrox-

yacetone with only 3% selectivity in pure water and no hydroxyacetone

was formed in 90 wt% GVL-water mixtures. These results indicate that

vicinal diols may promote dehydration for the linear alcohols considered.
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Figure 6.6: A Spatial distribution maps of the trans vicinal diol conforma-
tion of PDO in pure water, 90 wt% DIOX, and 90 wt% DMSO. PDO is
positioned so that the view angle is along theC1−C2 bond as illustrated in
the projection diagram at the left. B Spatial distribution maps of a gauche
vicinal diol conformation of PDO in pure water, 90 wt% DIOX, and 90 wt%
DMSO. PDO is positioned to the view angle is above the C1 − C2 bond as
shown in the diagram at the left. In both A and B, normalized density iso-
values between 1.5-3.0 are shown for water in red and isovalues between
1.3-1.5 are shown for cosolvent in blue. Dashed lines emphasize regions
that remain enriched in water in DMSO-water mixtures, whereas other
water-enriched regions are missing. Additional angles of these spatial
distribution maps are available in Supplementary Movie S1.2



216

6.3.7 Hypothesized participation of DMSO in

dehydration reaction

Based on the simulation and experimental findings in this work and prior

literature results, Figure 6.7A shows a possible mechanism for the DMSO-

mediated formation of ACE in DMSO-water mixtures. An acidic pro-

ton, stabilized in solution either by DMSO-water clusters or by DMSO

molecules alone,18 first adds to the primary hydroxyl group of PDO. The

protonated hydroxyl group is stabilized by a nearby DMSO molecule,

which acts as a proton acceptor, and a nearby water molecule, which do-

nates a hydrogen bond. Previous ab initio studies of acid-catalyzed dehy-

dration reactions have shown that DMSO stabilizes protonated hydroxyl

groups16,78 and DMSO-water clusters stabilize protons more strongly

than DMSO alone,18 suggesting that the proposed intermediate is most

favorably stabilized by both solvating water and DMSO molecules. The

acidic proton then catalyzes a semipinacol rearrangement80 to yield the

final products, consistent with the observation that a vicinal hydroxyl

group promotes dehydration.

For the proposed mechanism to selectively produce ACE, the primary

hydroxyl group should be preferentially protonated over the secondary

hydroxyl group. We thus performed ab initio calculations to determine if

DMSO-water mixtures more favorably stabilize the protonated primary

hydroxyl group by computing the energy difference (∆E) between pro-
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tonated primary and secondary hydroxyl groups of PDO, as defined in

Equation 6.7.

∆E = EsecondaryHPDO − EprimaryHDPO (6.7)

∆E > 0 indicates that the protonation of the primary hydroxyl group is

more favorable than the protonation of the secondary hydroxyl group of

PDO, which would favor ACE formation. In both pure water and pure

DMSO (to represent 90 wt% DMSO-water mixtures), ∆E < 0 when us-

ing implicit solvent models at multiple levels of theory (ESI, Table S6).2

These findings may indicate that implicit solvent models are insufficient

to capture the influence of the local solvent environment encoded within

the spatial distribution maps computed using MD. We next performed

density functional theory (DFT) calculations using a cluster-continuum

approach in which a small number of solvent molecules near the reac-

tant were explicitly modeled while the rest of the solvent was modeled

implicitly. Similar techniques have been previously used to significantly

improve DFT predictions of pKa’s in aqueous solution,81–83 and moreover

prior ab initio MD simulations have shown only a small number of DMSO

molecules contribute to dehydration reactions.78 System configurations

were extracted from the MD trajectories, the solvent molecules in close

proximity to the two hydroxyl groups of PDO were retained, and either

the primary or secondary hydroxyl group was protonated. The system

was then relaxed via DFT to obtain energy-minimizing structures and
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calculate ∆E.

We first calculated ∆E for PDO in a trans vicinal diol conformation

with a solvation shell containing DMSO molecules and a single water

molecule to represent 90 wt% DMSO configurations. The number of

DMSO molecules was varied between one and four to consider multiple

possible solvent configurations. Focusing on configurations with 2 DMSO

molecules and 1 water molecule to avoid effects associated with solvent

molecules far from the protonated hydroxyl group, we find that the pro-

tonated hydroxyl group is stabilized by a nearby DMSO molecule and

a water molecule that acts as a hydrogen bond acceptor, in agreement

with the proposed mechanism (Figure 6.7A). If a similar solvent structure

is maintained around each hydroxyl group, ∆E = 2.59 kJ/mol, favoring

the protonated primary hydroxyl group (Figure 6.7B). When the same

solvent structure is maintained for the gauche conformation (Figure 6.7C),

the energy difference increases to ∆E = 7.64 kJ/mol, indicating that proto-

nation of the primary hydroxyl group is preferred to a greater extent for

the gauche conformation compared to the trans conformation. Figure 6.6B

further indicates that in the gauche conformation, the primary hydroxyl

group is preferentially solvated by both a DMSO molecule and a water

molecule, which is the preferred solvent structure in the DFT calculations.

This finding suggests that the gauche conformation of PDO may both en-

ergetically prefer protonation of the primary hydroxyl group and drive

the formation of solvent structures that stabilize this group. In support
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of this hypothesis, Table 6.2 also indicates that cis-1,2-cyclohexanediol

is significantly more reactive and selective to its dehydration product in

DMSO-water mixtures than trans-1,2-cyclohexanediol. Spatial distribu-

tion maps for these two isomers (ESI, Figure S11)2 exhibit similar trends

as for the trans and gauche conformations of PDO, with only a single wa-

ter domain observed near cis-1,2-cyclohexanediol and DMSO molecules

enriched in regions corresponding to hydrogen bonding donors.
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Figure 6.7: A Proposed mechanism of PDO dehydration to afford acetone
in DMSO-water mixtures. Red arrows denote the transfer of electrons. B
Relaxed structures of protonated primary or secondary hydroxyl groups
of the trans vicinal diol conformation of PDO with two DMSO molecules
and 1 water. C Relaxed structures of protonated primary or secondary
hydroxyl groups of the gauche vicinal diol conformation of PDO with two
DMSO molecules and 1 water molecule. In B and C, black arrows are
drawn as a visual guide to identify PDO, the green atom is a proton, and
cyan dashed lines indicate hydrogen bonds.

Overall, the simulations and experiments are consistent with the mech-

anism in Figure 6.7A, in which the unique localization of DMSO and

water molecules near reactive sites of PDO contribute to the preferen-

tial formation of ACE over PRO in DMSO-water simulations. The gauche

conformation in particular favors protonation of the primary hydroxyl

group while simultaneously driving the formation of preferential solvation
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environments. These results are also consistent with the “shielding” mech-

anism because the gauche conformation inhibits access of acidic protons

to secondary hydroxyl groups. An alternative possibility is that solvent

dynamic effects may affect reaction selectivity. DMSO-water mixtures

have been shown to exhibit slow solvent relaxation for ~19-33 and ~52-70

wt% DMSO,37 which may lead to non-equilibrium solvation of charged

transition states during PRO dehydration that could increase the activa-

tion energy barrier for forming PRO. Caratzoulas et al. found that solvent

reorganization is the primary contribution to hydride transfer activation

energy barriers in the acid-catalyzed dehydration of fructose to HMF,33

which may similarly affect PDO dehydration. As these effects are neglected

by the static relaxation calculations performed here, more detailed ab ini-

tio MD simulations coupled with enhanced sampling techniques may be

necessary to further validate the mechanism for the of PDO to ACE in

DMSO-water mixtures.

6.4 Summary

We have studied the Brønsted acid-catalyzed dehydration of PDO as a

model compound for biomass conversion. Reactions were carried out

in pure water and in aqueous mixtures of γ-valerolactone, 1,4-dioxane,

tetrahydrofuran, N-methyl-2-pyrrolidone, tetramethylene sulfoxide, and

dimethyl sulfoxide at 433 K over a triflic acid catalyst to demonstrate that
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the selectivity of PDO dehydration can be modulated by solvent composi-

tion. PRO is the major product in all mixed-solvent environments, except

in mixtures of water with DMSO, in which ACE is the major product. We

find that the presence of DMSO suppresses the rate of PRO formation. We

attribute this suppression behavior to increases in activation energy barri-

ers for transition states corresponding to PRO formation in mixed-solvent

environments. We probe changes to these activation barriers by assuming

that the reactant and product states of PDO and PRO, respectively, are cor-

related in energy with their corresponding transition states. Using classical

molecular dynamics simulations, we use solvation free energy calculations

to quantify the free energy difference between the reactant and product in

a mixed-solvent environment relative to water (∆∆G) and find that this

free energy difference correlates with the experimental rate of propanal

formation in five cosolvent systems. ∆∆G also captures trends in the sup-

pression of the main dehydration product in three other acid-catalyzed

dehydration reactions: cis-1,2-cyclohexanediol, trans-1,2-cyclohexanediol,

and 1,3-cyclohexanediol. However, ∆∆G does not predict the preference

for ACE formation in DMSO-water mixtures. Analysis of the spatial dis-

tribution of solvent molecules around PDO instead shows that DMSO

uniquely competes with water for reactive sites, which can lead to changes

in mechanisms that favor steps towards forming acetone. Static relaxation

calculation using density functional theory show that a protonated hy-

droxyl group is stabilized by DMSO and water molecules, pointing to the
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importance of the local solvent environment. Calculations of the energy

difference between protonated primary and secondary hydroxyl groups

on PDO further demonstrate that protonation of the primary hydroxyl

group is favorable in DMSO-water mixtures, particularly for PDO in the

gauche vicinal diol conformation, which is consistent with a mechanism

producing acetone.

These findings show that classical MD simulations can efficiently screen

multiple solvent systems to determine trends underlying the suppression

of the main dehydration product, without requiring the explicit modeling

of reaction mechanisms. This methodology represents a step toward the

rational design of mixed-solvent environments for liquid-phase reaction

schemes and has the potential to alleviate the time-intensive exercise

of experimentation that typically accompanies the development of new

processes. Moreover, from the perspective of solvent screening, classical

MD appears to be sufficient to capture trends and can be a useful guide

for ab initio studies, such as the density functional theory calculations

performed here, or experimental investigations.

6.5 References
[1] Chew, A. K.; Walker, T. W.; Shen, Z.; Demir, B.; Witteman, L.; Euclide,

J.; Huber, G. W.; Dumesic, J. A.; Van Lehn, R. C. Effect of mixed-
solvent environments on the selectivity of acid-catalyzed dehydration
reactions. ACS Catalysis 2019, 10, 1679–1691.



224

[2] Chew, A. K.; Walker, T. W.; Shen, Z.; Demir, B.; Witteman, L.; Euclide,
J.; Huber, G. W.; Dumesic, J. A.; Van Lehn, R. C. Effect of mixed-solvent
environments on the selectivity of acid-catalyzed dehydration reac-
tions [Supporting Information]. ACS Catalysis 2019, 10, 1679–1691.

[3] Shuai, L.; Luterbacher, J. Organic solvent effects in biomass conversion
reactions. ChemSusChem 2016, 9, 133–155.

[4] Walker, T. W.; Motagamwala, A. H.; Dumesic, J. A.; Huber, G. W. Fun-
damental catalytic challenges to design improved biomass conversion
technologies. Journal of Catalysis 2018, 369.

[5] Huber, G. W.; Iborra, S.; Corma, A. Synthesis of transportation fuels
from biomass: chemistry, catalysts, and engineering. Chemical reviews
2006, 106, 4044–4098.

[6] Stöcker, M. Biofuels and biomass-to-liquid fuels in the biorefinery:
Catalytic conversion of lignocellulosic biomass using porous materi-
als. Angewandte Chemie International Edition 2008, 47, 9200–9211.

[7] Tock, L.; Gassner, M.; Maréchal, F. Thermochemical production of
liquid fuels from biomass: Thermo-economic modeling, process de-
sign and process integration analysis. Biomass and bioenergy 2010, 34,
1838–1854.

[8] Nguyen, T. Y.; Cai, C. M.; Kumar, R.; Wyman, C. E. Overcoming
factors limiting high-solids fermentation of lignocellulosic biomass
to ethanol. Proceedings of the National Academy of Sciences 2017, 114,
11673–11678.

[9] Mukherjee, S.; Vannice, M. A. Solvent effects in liquid-phase reactions:
I. Activity and selectivity during citral hydrogenation on Pt/SiO2
and evaluation of mass transfer effects. Journal of Catalysis 2006, 243,
108–130.

[10] Foresman, J. B.; Keith, T. A.; Wiberg, K. B.; Snoonian, J.; Frisch, M. J.
Solvent effects. 5. Influence of cavity shape, truncation of electrostatics,
and electron correlation on ab initio reaction field calculations. The
Journal of Physical Chemistry 1996, 100, 16098–16104.



225

[11] Reichardt, C.; Welton, T. Solvents and solvent effects in organic chemistry;
John Wiley & Sons, 2011.

[12] Mellmer, M. A.; Sener, C.; Gallo, J. M. R.; Luterbacher, J. S.; Alonso,
D. M.; Dumesic, J. A. Solvent effects in acid-catalyzed biomass conver-
sion reactions. Angewandte chemie international edition 2014, 53, 11872–
11875.

[13] He, J.; Liu, M.; Huang, K.; Walker, T. W.; Maravelias, C. T.;
Dumesic, J. A.; Huber, G. W. Production of levoglucosenone and 5-
hydroxymethylfurfural from cellulose in polar aprotic solvent–water
mixtures. Green Chemistry 2017, 19, 3642–3653.

[14] Wei, Z.; Li, Y.; Thushara, D.; Liu, Y.; Ren, Q. Novel dehydration of
carbohydrates to 5-hydroxymethylfurfural catalyzed by Ir and Au
chlorides in ionic liquids. Journal of the Taiwan Institute of Chemical
Engineers 2011, 42, 363–370.

[15] Madon, R. J.; Iglesia, E. Catalytic reaction rates in thermodynamically
non-ideal systems. Journal of Molecular Catalysis A: Chemical 2000, 163,
189–204.

[16] Cesarotti, E.; Ugo, R.; Kaplan, L. A discussion of the different kinds
of solute-solute and solute-solvent interactions acting in homoge-
neous catalysis by transition metal complexes. Coordination Chemistry
Reviews 1982, 43, 275–298.

[17] Walker, T. W.; Chew, A. K.; Li, H.; Demir, B.; Zhang, Z. C.; Huber,
G. W.; Van Lehn, R. C.; Dumesic, J. A. Universal kinetic solvent effects
in acid-catalyzed reactions of biomass-derived oxygenates. Energy &
Environmental Science 2018, 11, 617–628.

[18] Mellmer, M. A.; Sanpitakseree, C.; Demir, B.; Bai, P.; Ma, K.; Neurock,
M.; Dumesic, J. A. Solvent-enabled control of reactivity for liquid-
phase reactions of biomass-derived compounds. Nature Catalysis 2018,
1, 199–207.

[19] Chheda, J. N.; Huber, G. W.; Dumesic, J. A. Liquid-phase catalytic
processing of biomass-derived oxygenated hydrocarbons to fuels
and chemicals. Angewandte Chemie International Edition 2007, 46, 7164–
7183.



226

[20] Corma, A.; Iborra, S.; Velty, A. Chemical routes for the transformation
of biomass into chemicals. Chemical reviews 2007, 107, 2411–2502.

[21] Román-Leshkov, Y.; Barrett, C. J.; Liu, Z. Y.; Dumesic, J. A. Production
of dimethylfuran for liquid fuels from biomass-derived carbohydrates.
Nature 2007, 447, 982–985.

[22] Mellmer, M. A.; Gallo, J. M. R.; Martin Alonso, D.; Dumesic, J. A.
Selective production of levulinic acid from furfuryl alcohol in THF
solvent systems over H-ZSM-5. ACS Catalysis 2015, 5, 3354–3359.

[23] Pagan-Torres, Y. J.; Wang, T.; Gallo, J. M. R.; Shanks, B. H.; Dumesic,
J. A. Production of 5-hydroxymethylfurfural from glucose using a
combination of Lewis and Brønsted acid catalysts in water in a bipha-
sic reactor with an alkylphenol solvent. Acs Catalysis 2012, 2, 930–934.

[24] Román-Leshkov, Y.; Chheda, J. N.; Dumesic, J. A. Phase modifiers
promote efficient production of hydroxymethylfurfural from fructose.
Science 2006, 312, 1933–1937.

[25] Mushrif, S. H.; Caratzoulas, S.; Vlachos, D. G. Understanding solvent
effects in the selective conversion of fructose to 5-hydroxymethyl-
furfural: a molecular dynamics investigation. Physical Chemistry
Chemical Physics 2012, 14, 2637–2644.

[26] Varghese, J. J.; Mushrif, S. H. Origins of complex solvent effects on
chemical reactivity and computational tools to investigate them: a
review. Reaction Chemistry & Engineering 2019, 4, 165–206.

[27] Shrivastav, G.; Khan, T. S.; Agarwal, M.; Haider, M. A. A Car–
Parrinello Molecular Dynamics Simulation Study of the Retro Diels–
Alder Reaction for Partially Saturated 2-Pyrones in Water. The Journal
of Physical Chemistry C 2018, 122, 11599–11607.

[28] Guo, N.; Caratzoulas, S.; Doren, D. J.; Sandler, S. I.; Vlachos, D. G. A
perspective on the modeling of biomass processing. Energy & Envi-
ronmental Science 2012, 5, 6703–6716.

[29] Caratzoulas, S.; Courtney, T.; Vlachos, D. G. Hybrid quantum me-
chanics/molecular mechanics-based molecular dynamics simulation
of acid-catalyzed dehydration of polyols in liquid water. The Journal
of Physical Chemistry A 2011, 115, 8816–8821.



227

[30] Giorgianni, G.; Abate, S.; Centi, G.; Perathoner, S.; van Beuzekom, S.;
Soo-Tang, S.-H.; Van der Waal, J. C. Effect of the solvent in enhancing
the selectivity to furan derivatives in the catalytic hydrogenation
of furfural. Acs Sustainable Chemistry & Engineering 2018, 6, 16235–
16247.

[31] Gupta, S.; Alam, M. I.; Khan, T. S.; Sinha, N.; Haider, M. A. On the
mechanism of retro-Diels–Alder reaction of partially saturated 2-
pyrones to produce biorenewable chemicals. RSC advances 2016, 6,
60433–60445.

[32] Khan, T. S.; Gupta, S.; Alam, M. I.; Haider, M. A. Reactivity descriptor
for the retro Diels–Alder reaction of partially saturated 2-pyrones:
DFT study on substituents and solvent effects. RSC advances 2016, 6,
101697–101706.

[33] Caratzoulas, S.; Vlachos, D. G. Converting fructose to 5-
hydroxymethylfurfural: a quantum mechanics/molecular mechanics
study of the mechanism and energetics. Carbohydrate research 2011,
346, 664–672.

[34] Mushrif, S. H.; Varghese, J. J.; Krishnamurthy, C. B. Solvation dy-
namics and energetics of intramolecular hydride transfer reactions
in biomass conversion. Physical Chemistry Chemical Physics 2015, 17,
4961–4969.

[35] Nikolakis, V.; Mushrif, S. H.; Herbert, B.; Booksh, K. S.; Vlachos,
D. G. Fructose–water–dimethylsulfoxide interactions by vibrational
spectroscopy and molecular dynamics simulations. The Journal of
Physical Chemistry B 2012, 116, 11274–11283.

[36] Vasudevan, V.; Mushrif, S. H. Insights into the solvation of glucose
in water, dimethyl sulfoxide (DMSO), tetrahydrofuran (THF) and N,
N-dimethylformamide (DMF) and its possible implications on the
conversion of glucose to platform chemicals. Rsc Advances 2015, 5,
20756–20763.

[37] Hazra, M. K.; Bagchi, B. Non-equilibrium solvation dynamics in
water-DMSO binary mixture: Composition dependence of non-linear
relaxation. The Journal of chemical physics 2018, 149, 084501.



228

[38] Trummal, A.; Lipping, L.; Kaljurand, I.; Koppel, I. A.; Leito, I. Acidity
of strong acids in water and dimethyl sulfoxide. The Journal of Physical
Chemistry A 2016, 120, 3663–3669.

[39] Raamat, E.; Kaupmees, K.; Ovsjannikov, G.; Trummal, A.; Kütt, A.;
Saame, J.; Koppel, I.; Kaljurand, I.; Lipping, L.; Rodima, T.; et al..
Acidities of strong neutral Brønsted acids in different media. Journal
of Physical Organic Chemistry 2013, 26, 162–170.

[40] Páll, S.; Abraham, M. J.; Kutzner, C.; Hess, B.; Lindahl, E. In Inter-
national conference on exascale applications and software; Springer; pp
3–27.

[41] Best, R. B.; Zhu, X.; Shim, J.; Lopes, P. E.; Mittal, J.; Feig, M.; MacK-
erell Jr, A. D. Optimization of the additive CHARMM all-atom protein
force field targeting improved sampling of the backbone φ, ψ and
side-chain χ1 and χ2 dihedral angles. Journal of chemical theory and
computation 2012, 8, 3257–3273.

[42] Vanommeslaeghe, K.; Hatcher, E.; Acharya, C.; Kundu, S.; Zhong,
S.; Shim, J.; Darian, E.; Guvench, O.; Lopes, P.; Vorobyov, I.; et al..
CHARMM general force field: A force field for drug-like molecules
compatible with the CHARMM all-atom additive biological force
fields. Journal of computational chemistry 2010, 31, 671–690.

[43] Yu, W.; He, X.; Vanommeslaeghe, K.; MacKerell Jr, A. D. Extension of
the CHARMM general force field to sulfonyl-containing compounds
and its utility in biomolecular simulations. Journal of computational
chemistry 2012, 33, 2451–2468.

[44] Berendsen, H.; Grigera, J.; Straatsma, T. The missing term in effective
pair potentials. Journal of Physical Chemistry 1987, 91, 6269–6271.

[45] Chew, A. K.; Van Lehn, R. C. Quantifying the stability of the hydro-
nium ion in organic solvents with molecular dynamics simulations.
Frontiers in chemistry 2019, 7, 439.

[46] Shirts, M. R.; Chodera, J. D. Statistically optimal analysis of samples
from multiple equilibrium states. The Journal of chemical physics 2008,
129, 124105.



229

[47] Klimovich, P. V.; Shirts, M. R.; Mobley, D. L. Guidelines for the anal-
ysis of free energy calculations. Journal of computer-aided molecular
design 2015, 29, 397–411.

[48] McGibbon, R. T.; Beauchamp, K. A.; Harrigan, M. P.; Klein, C.; Swails,
J. M.; Hernández, C. X.; Schwantes, C. R.; Wang, L.-P.; Lane, T. J.;
Pande, V. S. MDTraj: a modern open library for the analysis of molec-
ular dynamics trajectories. Biophysical journal 2015, 109, 1528–1532.

[49] Frisch, M. J.; Trucks, G. W.; Schlegel, H. B.; Scuseria, G. E.; Robb, M. A.;
Cheeseman, J. R.; Scalmani, G.; Barone, V.; Petersson, G. A.; Nakat-
suji, H.; Li, X.; Caricato, M.; Marenich, A. V.; Bloino, J.; Janesko, B. G.;
Gomperts, R.; Mennucci, B.; Hratchian, H. P.; Ortiz, J. V.; Izmaylov,
A. F.; Sonnenberg, J. L.; Williams-Young, D.; Ding, F.; Lipparini, F.;
Egidi, F.; Goings, J.; Peng, B.; Petrone, A.; Henderson, T.; Ranasinghe,
D.; Zakrzewski, V. G.; Gao, J.; Rega, N.; Zheng, G.; Liang, W.; Hada,
M.; Ehara, M.; Toyota, K.; Fukuda, R.; Hasegawa, J.; Ishida, M.; Naka-
jima, T.; Honda, Y.; Kitao, O.; Nakai, H.; Vreven, T.; Throssell, K.;
Montgomery, J. A., Jr.; Peralta, J. E.; Ogliaro, F.; Bearpark, M. J.; Heyd,
J. J.; Brothers, E. N.; Kudin, K. N.; Staroverov, V. N.; Keith, T. A.;
Kobayashi, R.; Normand, J.; Raghavachari, K.; Rendell, A. P.; Burant,
J. C.; Iyengar, S. S.; Tomasi, J.; Cossi, M.; Millam, J. M.; Klene, M.;
Adamo, C.; Cammi, R.; Ochterski, J. W.; Martin, R. L.; Morokuma,
K.; Farkas, O.; Foresman, J. B.; Fox, D. J.; GaussianËœ16 Revision C.01;
2016; Gaussian Inc. Wallingford CT.

[50] Becke, A. D. Density-functional exchange-energy approximation with
correct asymptotic behavior. Physical review A 1988, 38, 3098.

[51] Lee, C.; Yang, W.; Parr, R. G. Development of the Colle-Salvetti
correlation-energy formula into a functional of the electron density.
Physical review B 1988, 37, 785.

[52] Miehlich, B.; Savin, A.; Stoll, H.; Preuss, H. Results obtained with the
correlation energy density functionals of Becke and Lee, Yang and
Parr. Chemical Physics Letters 1989, 157, 200–206.

[53] Perdew, J. P.; Burke, K.; Ernzerhof, M. Generalized gradient approxi-
mation made simple. Physical review letters 1996, 77, 3865.



230

[54] Perdew, J. P.; Burke, K.; Ernzerhof, M. Generalized Gradient Approxi-
mation Made Simple [Phys. Rev. Lett. 77, 3865 (1996)]. Phys. Rev. Lett.
1997, 78, 1396–1396.

[55] Frisch, M. J.; Head-Gordon, M.; Pople, J. A. A direct MP2 gradient
method. Chemical Physics Letters 1990, 166, 275–280.

[56] Frisch, M. J.; Head-Gordon, M.; Pople, J. A. Semi-direct algorithms
for the MP2 energy and gradient. Chemical physics letters 1990, 166,
281–289.

[57] Head-Gordon, M.; Head-Gordon, T. Analytic MP2 frequencies with-
out fifth-order storage. Theory and application to bifurcated hydro-
gen bonds in the water hexamer. Chemical Physics Letters 1994, 220,
122–128.

[58] Head-Gordon, M.; Pople, J. A.; Frisch, M. J. MP2 energy evaluation
by direct methods. Chemical physics letters 1988, 153, 503–506.

[59] Sæbø, S.; Almlöf, J. Avoiding the integral storage bottleneck in LCAO
calculations of electron correlation. Chemical Physics Letters 1989, 154,
83–89.

[60] Barone, V.; Cossi, M. Quantum calculation of molecular energies
and energy gradients in solution by a conductor solvent model. The
Journal of Physical Chemistry A 1998, 102, 1995–2001.

[61] Cossi, M.; Rega, N.; Scalmani, G.; Barone, V. Energies, structures,
and electronic properties of molecules in solution with the C-PCM
solvation model. Journal of computational chemistry 2003, 24, 669–681.

[62] Zhang, D.; Barri, S. A.; Chadwick, D. Dehydration of 1, 2-propanediol
to propionaldehyde over zeolite catalysts. Applied Catalysis A: General
2011, 400, 148–155.

[63] Akiyama, M.; Sato, S.; Takahashi, R.; Inui, K.; Yokota, M. Dehydration–
hydrogenation of glycerol into 1, 2-propanediol at ambient hydrogen
pressure. Applied Catalysis A: General 2009, 371, 60–66.

[64] Lowry, T. H.; Richardson, K. S. Mechanism and theory in organic chem-
istry; Harper & Row New York, 1987; Vol. 294.



231

[65] Jencks, W. Ingold Lecture. How does a reaction choose its mechanism?
Chemical society reviews 1981, 10, 345–375.

[66] Richard, J. P.; Toteva, M. M.; Amyes, T. L. What is the stabilizing inter-
action with nucleophilic solvents in the transition state for solvolysis
of tertiary derivatives: nucleophilic solvent participation or nucle-
ophilic solvation? Organic letters 2001, 3, 2225–2228.

[67] Fowler, F.; Katritzky, A.; Rutherford, R. The correlation of solvent
effects on physical and chemical properties. Journal of the Chemical
Society B: Physical Organic 1971, 460–469.

[68] Wohlfarth, C. Static dielectric constants of pure liquids and binary liquid
mixtures: supplement to IV/6; Springer Science & Business Media, 2008;
Vol. 17.

[69] Wohlfarth, C. In Static Dielectric Constants of Pure Liquids and Binary
Liquid Mixtures; Springer, 2015; pp 91–91.

[70] Uosaki, Y.; Kawamura, K.; Moriyoshi, T. Static Relative Permittivities
of Water + 1-Methyl-2-pyrrolidinone and Water + 1,3-Dimethyl-2-
imidazolidinone Mixtures under Pressures up to 300 MPa at 298.15
K. Journal of Chemical & Engineering Data 1996, 41, 1525–1528.

[71] Klein, D. R. Organic Chemistry, 3rd ed.; Wiley: USA, 2017.

[72] Bagno, A.; Scorrano, G. Acid-base properties of organic solvents.
Journal of the American Chemical Society 1988, 110, 4577–4582.

[73] Nakamura, K.; Osamura, Y. Theoretical study of the reaction mecha-
nism and migratory aptitude of the pinacol rearrangement. Journal of
The American Chemical Society 1993, 115, 9112–9120.

[74] Kamlet, M. J.; Abboud, J. L. M.; Abraham, M. H.; Taft, R. Linear
solvation energy relationships. 23. A comprehensive collection of
the solvatochromic parameters,. pi.*,. alpha., and. beta., and some
methods for simplifying the generalized solvatochromic equation.
The Journal of Organic Chemistry 1983, 48, 2877–2887.

[75] Sutton, J. E.; Vlachos, D. G. A theoretical and computational analysis
of linear free energy relations for the estimation of activation energies.
ACS Catalysis 2012, 2, 1624–1634.



232

[76] Van Santen, R. A.; Neurock, M.; Shetty, S. G. Reactivity theory of
transition-metal surfaces: a Brønsted- Evans- Polanyi linear activation
energy- free-energy analysis. Chemical reviews 2009, 110, 2005–2048.

[77] Wang, S.; Petzold, V.; Tripkovic, V.; Kleis, J.; Howalt, J. G.; Skulason, E.;
Fernández, E.; Hvolbæk, B.; Jones, G.; Toftelund, A.; et al.. Universal
transition state scaling relations for (de) hydrogenation over transition
metals. Physical Chemistry Chemical Physics 2011, 13, 20760–20765.

[78] Qian, X.; Liu, D. Free energy landscape for glucose condensation and
dehydration reactions in dimethyl sulfoxide and the effects of solvent.
Carbohydrate research 2014, 388, 50–60.

[79] Martin, D.; Weise, A.; Niclas, H.-J. The solvent dimethyl sulfoxide.
Angewandte Chemie International Edition in English 1967, 6, 318–334.

[80] Song, Z.-L.; Fan, C.-A.; Tu, Y.-Q. Semipinacol rearrangement in natural
product synthesis. Chemical reviews 2011, 111, 7523–7556.

[81] Bryantsev, V. S.; Diallo, M. S.; Goddard Iii, W. A. Calculation of solva-
tion free energies of charged solutes using mixed cluster/continuum
models. The Journal of Physical Chemistry B 2008, 112, 9709–9719.

[82] Thapa, B.; Schlegel, H. B. Density functional theory calculation of p
K aâŁ™s of thiols in aqueous solution using explicit water molecules
and the polarizable continuum model. The Journal of Physical Chem-
istry A 2016, 120, 5726–5735.

[83] Thapa, B.; Schlegel, H. B. Improved p K a Prediction of Substituted
Alcohols, Phenols, and Hydroperoxides in Aqueous Medium Us-
ing Density Functional Theory and a Cluster-Continuum Solvation
Model. The Journal of Physical Chemistry A 2017, 121, 4698–4706.



233

7 rational design of mixed solvent systems for

acid-catalyzed biomass conversion processes

using a combined experimental, molecular

dynamics and machine learning approach

Chapter 5 provides a computational workflow for using molecular dy-

namcis simulations and convolutional neural networks (i.e. SolventNet) to

predict solvent-mediated reaction rates, and Chapter 6 provides a method

for estimating selectivities of products using solvation free energy calcula-

tions. This chapter combines the tools from the preceding chapters into

a workflow for screening solvents in biomass conversion reactions. This

chapter aims to address the following questions:

• How do we merge the computational tools from Chapters 5 and 6
into a systematic workflow for screening solvents for biomass-related
reactions?

• How effective is this predictive framework for select case studies?

• What are the limitations of the computational workflow?
This chapter was reproduced from Walker, T. W.; Chew, A. K.; Van Lehn, R. C.;

Dumesic, J. A.; Huber, G. W. Rational design of mixed solvent systems for acid-catalyzed
biomass conversion processes using a combined experimental, molecular dynamics and
machine learning approach. Topics in Catalysis 2020, 63, 649–663 with permission from
Springer Nature.1 The supporting information is cited as Ref. 2. T.W. Walker and A.K.
Chew contributed equally to this work. T.W. Walker performed all experimental reaction
kinetic studies.
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In this chapter, we summarize our efforts to estimate solvent effects on

the rates and selectivities of liquid-phase, acid-catalyzed biomass conver-

sions reactions using experiments, classical molecular dynamics simula-

tions, and machine learning tools. We then synthesize these insights into

a workflow that allows for the rational design of mixed solvent systems

for acid-catalyzed biomass conversion processes using computationally

efficient methods and minimal experiments. We demonstrate this design

framework by analyzing two case studies: the acid-catalyzed dehydration

of cyclohexanol to cyclohexene, and the partial dehydration of fructose to

5-hydroxymethylfurfural.

7.1 Introduction

Owing to the development of advanced spectroscopic and computational

methods, it is now possible to resolve molecular-level details regarding

how elementary reaction sequences proceed on the surface of a catalyst,3,4

and to produce accurate, a priori estimates of the corresponding reaction

barriers.5,6 These molecular details are typically quantified and combined

into quantitative structure-property relationships that enable the ratio-

nal design of new catalytic materials tailored for specific applications.7–10

Accordingly, catalyst research and design has assumed a key role in ad-

dressing challenges across the full spectrum of societal needs.10

Recent interest in liquid-phase, acid-catalyzed biomass conversion reac-
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tions11 has produced a corresponding interest in the role of solvents in me-

diating these processes12,13 (e.g., conversion of xylitol to 1,4-anhydroxylitol,

Figure 7.1a). In particular, aqueous mixtures with organic, polar aprotic

cosolvents (e.g., tetrahydrofuran (THF), Figure 7.1b) have been shown to

enable the complete dissolution of biomass-derived materials,14 while also

enhancing reaction selectivity toward desired products15 compared to the

same processes in pure water. However, our understanding of the role of

mixed solvent systems in mediating acid-catalyzed biomass conversion

reactions can, in some ways, be compared to the state of catalyst science

and technology forty years ago:16 experimental efforts have identified

optimal solvent compositions for key applications17–20 while, in parallel,

state-of-the-art quantum chemical methods have produced important,

molecular-level insights regarding the role of the solvent system in rep-

resentative case studies.21–23 However, a general framework to anticipate

solvent effects in biomass conversion processes is currently lacking. De-

signing mixed solvent systems for biomass conversion processes therefore

typically involves laborious, empirical screening of the continuous space

of possible water-cosolvent compositions.

Toward developing a framework to effect the rational design of sol-

vent compositions for biomass conversion reactions, we recently inves-

tigated the mechanistic role of mixed solvent systems on liquid-phase,

acid-catalyzed hydrolysis and dehydration reactions for several biomass-

derived model compounds.24 We found that the addition of polar aprotic
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cosolvents to water leads to the formation of water-enriched local domains

around hydrophilic reactants.24,25 The acid catalyst is drawn into these

regions due to preferential catalyst-water interactions,24,26 essentially co-

locating reactants and catalysts in solution, and resulting in enhanced

reaction rates (Figure 7.1c). We then generalized these insights into a

predictive framework that allows for the rates of acid-catalyzed reactions

of biomass-derived oxygenates to be estimated as a function of the water

content of the solvent systems using computationally efficient classical

molecular dynamics (MD) simulations and machine learning tools.25–27

We also demonstrated that MD simulations can be used to estimate the

selectivity of reactions occurring in parallel by computing difference in the

solvation free energies of the reactant and possible products as a function

of solvent composition.28

In this chapter, we build upon these past fundamental studies to

develop a new workflow for selecting mixed solvent systems for acid-

catalyzed biomass conversion processes. We combine the prior MD- and

machine-learning based tools to efficiently screen possible solvent systems

using minimal experimentation and computationally efficient methods.

We demonstrate the usage of this workflow by analyzing two case studies:

the acid-catalyzed dehydration of cyclohexanol to cyclohexene, and the

partial dehydration of fructose to 5-hydroxymethylfurfural.
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Figure 7.1: Overview of acid-catalyzed reactions in mixed solvent systems
for biomass conversion. (a) Acid-catalyzed reaction example of xylitol
(XYL) dehydration to afford 1-4-anhydroxylitol. (b) Example of three
organic, polar aprotic cosolvents. (c) Schematic of acid-catalyzed reactions
in a mixed solvent systems that proceeds through a charged transition
state (TS), formed after the protonation of the reactant by a hydronium
ion catalyst.24 The schematic illustrates the formation of a local solvent
domain around the reactant in a mixed solvent system that modifies the
reaction free energy landscape, thus affecting reaction kinetics. These
images were adapted with permission of 25,26.
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7.2 Materials, methods, and definitions

7.2.1 Materials

Solvents (tetrahydrofuran, 99% with 200 ppm BHT; gamma-valerolactone,

98%+; acetone, 99% anhydrous; dioxane, 99%+ with 200 ppm BHT; and

dimethyl sulfoxide, 98%+) were obtained from vendors and used as re-

ceived. Fructose, 5-hydroxymethylfurfural, levulinic acid, cyclohexanol

and cyclohexene (all reagent grade) were obtained from Sigma and used

as received. Triflic acid (99%) was obtained from Acros Organics and used

as received.

7.2.2 Methods

Reaction kinetics studies of fructose dehydration, 5-hydroxymethylfurfural

hydrolysis, and cyclohexanol dehydration were carried out in glass re-

actors. Briefly, an appropriate amount of reactant material (e.g., 1 wt%

fructose) was dissolved in the desired solvent system (e.g., 90% tetrahydro-

furan with 10 wt% water) containing an appropriate amount of dissolved

acid catalyst (e.g., 0.1 M). This reaction mixture was then charged into

closed, 10 mL thick-walled glass reactors equipped with magnetic stir

bars, which were then sealed with Teflon-lined screw-top caps and sub-

merged in an oil bath at the desired reaction temperature (e.g., 130°C).

Reactors were agitated using a magnetic stir plate at 500 rpm. Reactors

were then removed at intervals corresponding to the desired reaction time
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points, and quenched in an ice bath at 0°C.

The contents of the reactors were filtered with a 0.2 micron PTFE sy-

ringe filter, and analyzed using high-performance liquid chromatographs

(HPLC, for fructose, 5-hydroxymethylfurfual, and levulinic acid) or gas-

chromatographs (GC, for cyclohexanol and cyclohexene). Analytes were

quantified using calibration curves using known external standards. The

gas chromatograph was a Shimadzu GC-2010 equipped with a flame ion-

ization detector and a RTX-VMS column. The HPLC was a Shimadzu 1020

series equipped with a refractive index detector and a photodiode array.

The column was a proton-based Aminex HP87-X ion exclusion column

with a mobile phase of 0.005 M sulfuric acid in water at a flow rate of 0.6

mL/min.

Triflic acid was used as an acid catalyst in all experiments, as it has

been shown to fully dissociate even in organic solvents, which allows

kinetic parameters (rate constants) to be estimated by normalizing the

experimentally determined reaction rate on an accurate per-proton basis

using Equation 7.1. ri is the rate at which the reactant i is consumed

in units of mol L−1 s−1, Ci is the molar concentration of the ith species,

CH+ is the molar concentrations of excess protons in solution (assumed

to be equal to the molar concentration of dissolved triflic acid in these

experiments), and ki is the rate constant associated with this reaction step

at a fixed solvent composition and temperature.
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ri = −
dCi

dt
= kiCiCH+ (7.1)

The rate constant associated with formation of the corresponding prod-

uct (j) from reactant (i) is then shown in Equation 7.2.

rj = −
dCj

dt
= kjCiCH+ (7.2)

Equation 7.3 defines the selectivity to product j as the ratio of the yield

of product j to the conversion of the reactant i, where the conversion (X)

of species i is defined in Equation 7.4.

Sj =
Cfinal
j

Cinitial
i

X−1
i (7.3)

Xi = 1 −
Cfinal
j

Cinitial
i

(7.4)

Herein, for every case but fructose conversion in pure water, we report

rate constants measured in the kinetic regime, meaning that subsequent

conversion of the product j can be neglected. Under these conditions, the

selectivity (Sj) of the reaction going from the reactant i to the product j

is independent of conversion, so that selectivity is equivalent to the ratio

of initial rates or, equivalently, the ratio of rate constants as shown in

Equation 7.5. Throughout this investigation, reported reaction selectivities

are therefore consistent with and equal to the definitions provided in both
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Equations 7.3 and 7.5. See Table S1 and the associated discussion in the

ESI for details.2

Sj =
rj

ri
=
kj

ki
(7.5)

Finally, to facilitate comparison of reactivity across multiple mixed

solvent systems, we quantify solvent effects on acid-catalyzed reaction

rates in terms of a kinetic solvent parameter (σ), which we have defined in

previously as Equation 3.4. Positive σ values indicate an increase the rate

of the corresponding reaction step in the mixed solvent system compared

to pure water; negative values have the converse implication.

7.2.3 Classical molecular dynamics simulations

All classical MD simulations were performed using Gromacs 2016.29 Re-

actant, product, and cosolvent molecules were parameterized using the

CGenFF/CHARMM36 force fields.30–32 Water was modeled using the Sin-

gle Point Charged/Extended (SPC/E) model.33 A (6 nm)3 simulation box

was initialized with water and cosolvent molecules at the desired com-

position. The system was equilibrated in a NPT simulation for 5 ns at T

= 300 K and P = 1 bar with a velocity-rescale thermostat and Berendsen

barostat. Then, a single reactant molecule was added to the system and

equilibrated with the same barostat and thermostat for 500 ps. 4 ns NPT

productions were performed at the reaction temperature (T = 433.15 K
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for cyclohexanol dehydration or T = 403.15 K for fructose dehydration)

and P = 1 bar using a Nóse-Hoover thermostat and Parrinello-Rahman

barostat. The 4 ns trajectory was partitioned into two 2 ns trajectories.

Each partition was used to generate voxel representations as described in

Chapter 527 and summarized here. For each simulation configuration, a

3D histogram was generated with the system centered on the center-of-

mass of the reactant. The histogram covered a (4 nm)3 volume that was

divided into a 20× 20× 20 grid of bins corresponding to (0.2 nm)3 volume

elements. For each bin, normalized occurrences of reactant, cosolvent,

and water molecules were stored in three separate channels to obtain a

20× 20× 20× 3 grid of voxels for a single MD configuration. These grid

values were averaged using 2 ns of simulation data, equivalent to 200 MD

configurations, to generate a single voxel representation that captures the

spatial distribution of atoms within the system. Voxel representations

were then inputted into a pre-trained 3D convolutional neural network

called SolventNet, as described in Ref. 27, which outputs the predicted

kinetic solvent parameters. Each 2 ns partition was treated as an indepen-

dent trial. We report the average predicted kinetic solvent parameter for

these two trials and report the standard deviation of the predictions as the

error.

Solvation free energies were computed from a series of stochastic dy-

namics simulations following the procedure described in Section 2.1.2.26,28

Starting from an equilibrated solvent system, a reactant or product was
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added to the system. The total potential of the system was defined in

Equation 2.2 as a function of Lennard-Jones (λLJ) and electrostatic (λelec)

coupling parameters. For each simulation, the system was energy min-

imized with the steepest descent algorithm and equilibrated for 100 ps

at constant temperature followed by 2 ns at constant temperature and

constant pressure using the Berendsen barostat. A 11 ns production sim-

ulation at constant reaction temperature and pressure (P = 1 bar) was

then performed with the Parrinello-Rahman barostat. The last 10 ns of

each NPT production simulation were split into two 5 ns trajectories and

treated as two independent samples; the average and standard deviation

of these samples are reported as the free energy and error. Energy differ-

ences computed between all pairs of windows were collected every 0.2 ps

and solvation free energies were computed with the Multistate Bennett

Acceptance Ratio34 method using the python alchemical-analysis tool.35

All simulations were performed using a leapfrog integrator with a

2-fs timestep. Verlet lists were generated using a 1.2 nm neighbor list

cutoff. Van der Waals interactions were modeled with a Lennard-Jones

potential that was smoothly shifted to zero between 1.0 nm and 1.2 nm.

Electrostatic interactions were calculated using the smooth Particle Mesh

Ewald method with a short-range cutoff of 1.2 nm, grid spacing of 0.12

nm, and 4th order interpolation. Bonds were constrained using the LINCS

algorithm.36 All thermostats used a 1.0 ps time constant and all barostats

used a 5.0 ps time constant with an isothermal compressibility of 5.0×10−5
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bar−1.

7.3 Computational design tools and a general

procedure for screening mixed solvent

systems for biomass conversion processes

Liquid-phase, acid-catalyzed transformations of biomass-derived materi-

als are often characterized by a complex network of reaction steps occur-

ring both in series and in parallel.37 In these cases, the general challenge

in effecting the selective transformation of the raw material into a single,

desired product is to selectively enhance the rates of the desirable reac-

tion steps over the undesirable ones. In principle, this challenge can be

addressed by modulating the properties of the liquid solvent,15,38 which is

connected to the free-energy landscape that controls the kinetics of each

reaction step through a series of non-covalent solvent-solute interactions

(solvation energies). However, few predictive frameworks exist to antici-

pate these effects, and this is particularly true for mixtures of water with

organic cosolvents, wherein the relevant mechanistic details are myriad,

complex, and not well understood.

Herein, we propose a general process to screen mixed solvent systems

for acid-catalyzed biomass conversion reactions using a combination of

the experimental and computational approaches described in our prior
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work, which can reduce the overall experimental burden associated with

designing new solvent systems using empirical screening methods alone.

This process is outlined in Figure 7.2 and is composed of four key steps:

1. Establish the reaction network in a reference solvent system and

pre-select an initial library of possible mixed solvent systems;

2. Use MD and machine-learning-based tools to screen the initial li-

brary of candidate mixed solvent systems, differentiating those that

promote the rates of the desired reaction steps;

3. Perform solvation free energy calculations to estimate the thermo-

dynamic selectivity preference for a desired product in candidate

mixed solvent systems, and;

4. Experimentally validate the model-predicted, best-performing mixed

solvent systems.

We discuss these four generalized steps in more detail, and then demon-

strate the procedure outlined in Figure 7.2 by analyzing two case studies:

(1) the conversion of cyclohexanol to cyclohexene and (2) the conversion

of fructose (FRU) to 5-hydroxymethylfurfural (HMF).
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Figure 7.2: Process to screen candidate mixed solvent systems for biomass
conversion processes. An arbitrary reaction network as determined using
experiments; as an example, product B is desired from reactant A. Polar
aprotic cosolvents are selected to mix with water and test the effects of
solvent composition on reaction performance. Kinetic solvent parameters
(σ) are predicted using molecular dynamics simulations in conjunction
with SolventNet, a machine-learning algorithm parameterized to predict
kinetic solvent parameters as described in Figure 7.3. The top performing
solvents are then tested to see if the reaction selectively forms product B by
calculating relative solvation free energies (∆∆G). Negative values of∆∆G
indicate that product B is more stabilized in the mixed solvent system.
The top mixed solvent system for the conversion of A and production of B
is then selected for experimental testing.



247

7.3.1 Step 1: Establish reaction network and pre-select

candidate solvent systems

The first step in the solvent design process is to elucidate the reaction

network underlying the desired chemical transformations in a reference

solvent system. An obligatory reference solvent would be pure water,

owing to its affordability and ease of handling. However, the reference

solvent may contain an organic cosolvent; the minimum criterion is that

the reactants and products are soluble at the desired concentrations. For

example, cyclohexanol is soluble in pure water, but a minimum amount

of organic cosolvent (e.g., ~75 wt% THF) is required to solubilize its dehy-

dration product (cyclohexene). In such cases, this minimum, threshold

organic cosolvent content could dictate the reference state.

The reaction network underlying the desired transformation should

include all discernable reaction steps between the reactant and products.

Accordingly, kinetic parameters at a fixed reaction temperature (rate con-

stants as described in Equations 7.1 and 7.2) should be obtained for all

known steps in the reaction network. Note that here we define reaction

steps as the transformation between a quantifiable reactant and corre-

sponding product, not elementary steps. This reaction kinetics model is

constituted by rate laws that describe the rates of each reaction step as a

function of temperature and reactant concentrations,39,40 and forms the

basis for the MD-enabled screening process described below.



248

Finally, once the reaction kinetics model is formulated in a reference

solvent system, a library of candidate mixed solvent systems is proposed.

Candidate mixed solvent systems at this stage are selected based on sim-

ple design criteria, such as: compatibility with the anticipated reaction

conditions (e.g., thermal stability at the anticipated reaction temperature),

miscibility with water, toxicity limits, affordability or availability, and

so on. Multiple cosolvent-water compositions are considered for each

organic cosolvent, or a fixed cosolvent composition can be specified to ex-

pedite the MD-screening process outlined in the next step. If a minimum

amount of organic cosolvent is required in the reference solvent system,

then this cosolvent-water composition can be used. If pure water is used

as a reference solvent system then, as above, the base-case cosolvent-water

composition can be fixed based on the solubility limits of the reactants

and products. For example, fructose is highly soluble in pure water, but is

only minimally soluble in solvent systems containing more than 90 wt%

of common organic solvents (e.g. THF).

7.3.2 Step 2: Compute σ to screen mixed solvent systems

for improved reactivity

Once the reaction network and library of candidate mixed solvent systems

have been selected, MD and machine learning based tools are used to

sort mixed solvent systems based on predictions of reaction rate enhance-
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ments and selectivity. In recent work, we have established methods to

analyze solvent effects on the rates of acid-catalyzed biomass conversion

reactions in mixed solvent systems using classical MD simulations.25,26

For each mixed solvent system of interest, one reactant molecule is added,

and simulated at the desired reaction temperature and pressure in the

NPT ensemble. We then developed a machine learning environment to

correlate the atomic positions of reactant, water, and cosolvent molecules

to experimentally determined kinetic solvent parameters (σ), outlined

in Figure 7.3a,b.27 Of the different machine learning tools (e.g. support

vector machines, deep neural networks), convolutional neural networks

(CNNs) have been found to be the best performer in identifying spatial

patterns within 2D images.41 Thus, we first converted atomic positions

from MD simulations into an input representation that could be used

for a CNN, called voxel representations. These representations are nor-

malized 3D histograms of water, cosolvent, and reactant atomic positions

that are stored in red, blue, and green channels (Figure 7.3a). We then

input the voxel representations into a 3D CNN, called SolventNet (Figure

7.3b),27 which is trained on experimental kinetic solvent parameters for

7 biomass-relevant reactants (ethyl tert-butyl ether, tert-butanol, levoglu-

cosan, 1,2-propandiol, cellobiose, FRU, and XYL), 3 cosolvents (Figure

7.1b), and 4 cosolvent mass fractions (25, 50, 75, 90 wt%). We found that

SolventNet outperformed other machine learning techniques and human-

engineered MD observables in predicting reaction rates.27 Given a new
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reactant-solvent combination, σ values are extracted from MD simulations

using SolventNet by: (1) performing a MD simulation of the reactant in

the desired mixed solvent composition; (2) generating voxel representa-

tions based on the atomic positions of the MD trajectory; and (3) inputting

the voxel representations into the trained SolventNet to predict σ. Sol-

ventNet only requires 2 ns production simulations to make a prediction,

requiring less than an hour in a supercomputing environment for a single

reactant-solvent combination. Therefore, we use SolventNet to rapidly

screen through mixed solvent systems and predict solvent effects on reac-

tion rates, as expressed by σ, for biomass-derived reactants as a function

of solvent system.

7.3.3 Step 3: Compute ∆∆G to estimate selectivities

within reaction networks

While SolventNet can rapidly predict forward reaction rates as a function

of solvent compositions, it does not directly quantify the selectivity toward

a specific product. Based on ab initio molecular dynamics studies,24 we

hypothesized that the modulation of solvent composition could affect

the reaction energy barriers towards specific products, and we estimate

changes in these energy barriers by measuring the relative stability of the

reactant and product states in mixed solvent systems (Figure 7.3c). There-

fore, we have developed a separate framework using solvation free energy



251

calculations to estimate the selectivity of parallel reactions as a function

of solvent composition, as shown in Figure 7.3.28 We define the stability

of reactant and product states with solvation free energy calculations,

which measures the free energy associated with transferring a reactant or

product molecule from vacuum to a solvent system. We quantify the free

energy difference between reactant (r) and product (p) in mixed solvent

systems (∆∆G) by performing four solvation free energy calculations that

are related by Equation 6.6 and shown in Figure 7.3d. If ∆∆G < 0, the free

energy difference between product and reactant state is more negative

in mixed solvent systems compared to pure water, indicating that the

product state is stabilized to a greater degree than the reactant. We have

shown that∆∆G values capture the suppression or enhancement of a main

dehydration product without having to model the reaction mechanism or

the catalyst explicitly.28

Solvation free energy calculations are computationally more demand-

ing than the aforementioned machine-learning tools, which limits their

applicability as a high-throughput screening tool. Since ∆∆G values take

a significantly longer time to compute, requiring ~85 ns of production sim-

ulation time (~12 hours on a supercomputer) for a single reactant-solvent

combination, initial screening with SolventNet is necessary to lower the

necessary number of ∆∆G calculations. However, once the larger library

of candidate mixed solvent systems has been prescreened using Solvent-

Net to differentiate systems that best promote the reactivity of a reactant
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molecule, solvation free energy calculations can be used to quantify a sub-

set of mixed solvent systems that might best enhanced selectivity towards

a desired product.
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Figure 7.3: Computational tools used to predict reaction rates and selectivi-
ties. (a) Conversion of atomic positions obtained from molecular dynamics
simulation trajectories into a voxel representation using XYL in 90 wt%
DIOX as an example. For each MD configuration, a 20×20×20 grid of (0.2
nm)3 volume elements was centered on the reactant. Voxel representations
are visualized by showing the water channel in red, the reactant channel in
green, and the cosolvent channel in blue. Half of the voxels are transparent
to illustrate the solvent distribution around the reactant. (b) Architecture
of SolventNet, a 3D CNN that inputs voxel representations and outputs the
predicted kinetic solvent parameter (σ). (c) Hypothesized effect of mixed
solvent systems on the free energy landscape of reactant, transition, and
product states. The change in the relative free energy between the reactant
and product states (∆∆G) is proportional to the change in the activation
energy (∆∆Gact) for a reaction in a mixed solvent system compared to the
same reaction in pure water. The free energies are drawn relative to the
reactant state in pure water. (d) Thermodynamic cycle to calculate the free
energy difference between a reactant and product in a mixed solvent sys-
tem relative to pure water. Purple arrows indicate solvation free energies
computed from MD simulations which are used to calculate the transfer
free energies indicated by filled black arrows. The dashed black arrow
indicates ∆∆G. These images were adapted with permission of 26,28.
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7.3.4 Step 4. Probe selected solvent systems using

experiments

The results of the MD-enabled solvent screening processes outlined in

Steps 2 and 3 above are:

1. a list of mixed solvent systems ranked by SolventNet-generated pre-

dictions of reaction rates as a function of solvent composition for

each step in the reaction network and;

2. a separate list of mixed solvent systems ranked by solvation-free-

energy-enabled predictions as to which systems may best enhance

the selectivity of each reaction step toward a desired product.

These ordered lists of candidate mixed solvent systems is then used to

guide experiments toward confirming best performers, as determined by

solvent systems that maximize selectivity toward a desired product. Once

the most selective solvent system has been confirmed by experimentation,

other reaction conditions, such as temperature or reactant concentration,

can be varied to check for the effect of these parameters on reaction per-

formance. If desired, this optimized set of reaction conditions can be used

as a new reference solvent system, and the solvent selection process can

be repeated from step one, forming a feedback loop to further improve

reaction performance, or generate reaction performance data for techno-
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economic analyses.

7.4 Case Study 1: cyclohexanol dehydration to

cyclohexene

The Brønsted-acid-catalyzed dehydration of cyclohexanol affords cyclo-

hexene, as displayed in Figure 7.4a. This reaction proceeds via a known

sequence of elementary steps, so that some of the factors which control

the reactivity of cyclohexanol are understood from first principles.42,43

However, the reactive, carbocation-like intermediates underlying this re-

action mechanism readily participate in a series of side reactions, so that

the selectivity to cyclohexanol is often less than 100%.44 Together, these

factors make cyclohexanol dehydration of general interest as a probe reac-

tion to understand the factors which control liquid-phase, acid catalyzed

biomass conversion reactions.45 Accordingly, we now demonstrate how

the tools described above can be used to anticipate the effects of mixed

solvent systems in modulating the selectivity of cyclohexanol dehydration

to afford cyclohexene.

Cyclohexanol and cyclohexene are both converted to unaccountable

degradation products (humins) in the presence of an acid catalyst, but

for simplicity only the formation of cyclohexene is considered here. The

rate constant associated with this reaction was obtained in pure water at
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160°C and is in agreement with the values reported elsewhere.42,45 Water

was chosen as a reference state solvent system for this example, though

it should be noted that the product (cyclohexene), is insoluble in water.

In THF-, DIOX-, dimethyl sulfoxide (DMSO)-, GVL-, and acetone (ACE)-

water mixtures, a minumum amount of ~75 wt% organic cosolvent was

added to water to achieve complete mixing of a 1 wt% cyclohexene solution.

To facilitate the computational solvent screening process, the mass fraction

of the organic phase for each candidate cosolvent-water mixture is fixed

at 75 wt% of the organic phase, as a lower limit. Accordingly, we consider

75 wt% mixtures of ten common organic cosolvents, which are shown in

Figure 7.4b.

Following the computation screening steps outlined in Figure 7.2, we

first sort this initial library of ten cosolvent-water systems using SolventNet-

predicted σ values for cyclohexanol dehydration as shown in Figure 7.4c.

SolventNet predicts negative σ values for all mixed solvent systems that

indicate the reactivity of cyclohexanol is suppressed compared to the same

reaction in pure water. Despite the suppression of reactivity, a minimum

amount of organic cosolvent is necessary to facilitate the solubilization of

cyclohexene. In this context, the solvent systems which might best promote

the reactivity of cyclohexanol are therefore those with the least negative

σ values. Following this criterion, THF, GVL and ACE are anticipated to

best promote the reactivity of cyclohexanol, whereas DMSO and DIOX

are anticipated to suppress the reactivity of cyclohexanol.
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Figure 7.4: Case study of cyclohexanol conversion to cyclohexene. (a)
Acid-catalyzed conversion of cyclohexanol to cyclohexene. (b) Ten organic,
polar aprotic cosolvents considered for the initial library of mixed sol-
vent systems. (c) Kinetic solvent parameters predicted by SolventNet for
75 wt% organic cosolvents. Black asterisks indicate solvent systems that
are representative of good cosolvents (THF, GVL, and ACE), and poor
cosolvents (DIOX and DMSO). (d) Relative solvation free energies (∆∆G)
between product (cyclohexene) and reactant state (cyclohexanol) in 75 wt%
organic cosolvents relative to pure water. (e) Comparison between kinetic
solvent parameters as predicted by SolventNet (red) and determined by
experiments (blue). (f) Comparison between ∆∆G (green bars) and exper-
imental percent selectivity (black line) towards cyclohexene. Gray regions
denote the error in selectivity measurements.
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As discussed above, SolventNet-predicted changes in reactivity (as

expressed by σ values) apply only to the overall reactivity of the cyclo-

hexanol, and cannot explicitly distinguish between changes in selectivity

towards a desired product (e.g., cyclohexene). To anticipate which mixed

solvent systems promote reactivity toward a desired product, we therefore

interrogate a subset of these ordered cosolvent-water systems using the

more computationally demanding solvation free energy calculations, as

described above. Note that in practice we would prescribe analyzing solva-

tion free energies for only those solvent systems that are predicted to most

enhance the overall reactivity of cyclohexanol. In this example, a subset of

candidate solvent systems that meets this criterion would be THF, ACE

and GVL. Herein, however, we select DMSO, DIOX, GVL, ACE and THF,

which span the range of SolventNet-predicted σ values, to demonstate

whether trends in overall reactivity can predict trends in selectivity for a

given reaction step.

Figure 7.4d shows solvation free energy differences (∆∆G) between

cyclohexanol and cyclohexene in 75 wt% DMSO, DIOX, GVL, ACE, and

THF relative to pure water. Negative ∆∆G values are obtained for all five

mixed solvent systems, indicating that the solvent-induced reaction free

energy change is negative in all mixed solvent systems relative to pure

water. 75 wt% THF has the most negative ∆∆G, implying that this solvent

mixture is predicted to best promote the selectivity towards cyclohexene.

In contrast, 75 wt% DMSO is predicted to least promote selectivity toward
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cyclohexene. Note that the ordering of the solvents based on σ and ∆∆G

values (Figures 7.4b and 7.4c, respectively) are not the exactly the same.

This result is expected, since σ only captures solvent-induced changes in

the rate of reactant conversion, without any consideration of the thermo-

dynamic preference towards a specific product as a function of solvent

composition. In contrast, ∆∆G considers the stability of a specific prod-

uct state relative to the reactant state as function of solvent composition.

Despite this difference, σ and ∆∆G both predict that 75 wt% THF will

best facilitate the selective conversion of cyclohexanol into cyclohexene,

whereas 75 wt% DMSO would be the worst-performing solvent mixture

in this regard.

Figures 7.4e and 7.4f compare the predicted and experimentally de-

termined values for the rate and selectivity of cyclohexanol conversion

to cyclohexene, respectively, for 75 wt% DMSO, DIOX, GVL, ACE, and

THF. As shown in Figure 7.4e, the experimental kinetic solvent parameters

of cyclohexanol agree with the sign predicted by SolventNet, where σ is

negative for all mixed solvent mixtures in this study. However, Solvent-

Net does not quantitatively capture the experimental trends that have σ

values less than -0.5. This behavior is likely attributable to the fact that

SolventNet was trained on datasets that did not include rate values below

σ.27 The errors in predicted σ values during SolventNet validation were

all less than or equal to ~0.15,27 but we suspect the error is larger for the

case studies presented here due to the limitations of the training data.
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This limitation could be addressed by an integrated experimental and

computational feedback approach to improve predictions by retraining

SolventNet with reactants or solvent mixtures that have distinct properties

from the original training set. THF also appears to be a strong outlier in

the predictions. This behavior may be due to the unusual phase behavior

of THF-water mixtures, which exhibit a closed-loop miscibility gap.46 Our

previous work also found that 90 wt% THF-water systems show signifi-

cant water-enrichment around 1,2-propanediol that is distinct from from

other cosolvents, such as GVL and DIOX.28 These unique properties of

THF-water mixtures may explain the large error in values of σ predicted

by SolventNet relative to the experimental measurements. Despite this

quantitative disagreement, SolventNet captures the general reactivity be-

haviors, where 75 wt% DMSO supresses the reactivity of cyclohexanol

to the greatest extent, while GVL and DIOX suppress the reactivity of

cyclohexanol to a lesser extent.

Comparing the∆∆G values in the selected solvent systems to the exper-

imentally determined reaction selectivities, we see that the solvation free

energy calculations are able to capture the key behaviors that 75 wt% THF

produces cyclohexene with the greatest selectivity, while 75 wt% DMSO

produces cyclohexene with the lowest selectivity. In practice and without

experimental data to guide the solvent design process, the computational

tools have correctly identified THF-water mixtures as “good” candidate

solvent systems to facilitate the selective dehydration of cyclohexanol into
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cyclohexene, and this prediction would then be confirmed with a sin-

gle experiment. Together, these results demonstrate how the MD- and

machine-learning based tools can be used to guide the solvent selection

process for acid-catalyzed dehydration reactions, reducing the experimen-

tal burden of empirically screening a large library possible cosolvent-water

combinations.

It should be noted that fully characterizing the solvent’s role in con-

trolling selectivity towards a specfic product would be best enabled by

calculating the solvent-induced reaction free energy change for every pos-

sible product generated in parallel. Modeling all possible products is

often not possible in practice because polymeric degredation products

(humins) afforded by acid-catalyzed reactions of oxygenated compounds

can be complex and difficult to characterize, which is especially true of

acid-catalyzed reaction schemes underlying the decomposition of real

biomass. For example, the acid-catalyzed degradation of cychexanol likely

affords a range of condensation products such as such as dicyclohexyl

ether or higher oligmoers, or etherified aggregates of cyclohexene and

organic cosolvent molecules.44,45 However, these degradation products

were not observed by GC-FID, likely owing to their high boiling points.

Despite this limitation, the agreement between simulations and experi-

ments indicate that MD-derived solvation free energy calculations that

describe the thermodynamic relationship between the reactant state and a

single, desired product state can predict a mixed solvent system’s ability
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to promote selectivity toward the same product. In the context of solvent

design for biomass converion processes, this predictive power is desirable

even if all possible products cannot be considered, given that the full set

of possible products being formed is difficult to acertain and the full space

of possible cosolvent-water systems cannot realistically be interrogated

using experiments alone.

7.5 Case study 2: fructose dehydration to

5-hydroxymethylfurfural

HMF is an important platform molecule derived from biomass, which is

produced by the partial dehydration of FRU over Brønsted-acid catalysts.47

However, in a pure aqueous solvent, HMF yields are limited by: (1) the

formation of humins,48 which are produced in parallel with HMF via the

acid-catalyzed polymerization of FRU, and (2) the hydrolysis of HMF to

form stoichiometric amounts of formic and levulinic acids (LA).49 As a

result, the highest yields of HMF obtained from FRU in pure water are

about 40% at 100% fructose conversion.50 Exhaustive experimental efforts

over the past decade have identified a number of solvent systems that

will facilitate this reaction in higher yields than pure water.17,51,52 Impor-

tant among these alternative solvent systems are mixtures of water with

DMSO.21,53 Following the generalized solvent design procedure outlined

above, we now demonstrate how DMSO-water mixtures could be readily
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identified from among a subset of other common industrial solvents as a

promising candidate to facilitate the production of HMF in high yield.

Figure 7.5a shows a simplified reaction scheme describing the acid-

catalyzed conversion of FRU to HMF, and subsequent conversion of HMF

into LA. FRU and HMF are both converted to humins, but for simplic-

ity only the formations of HMF and LA are considered here. The rate

constants associated with each step in the reaction scheme were obtained

in pure water at 130°C, and are in agreement with the values reported

elsewhere.54 Water was chosen as a reference state solvent system for this

example, because the reactant and products are all water-soluble. However,

FRU is only minimally soluble in most cosolvent-water mixtures when

the organic phase is present in mass fractions above 90 wt%, resulting in

an upper limit to the cosolvent concentration. Therefore, to facilitate the

computational solvent screening process, we focus on 90 wt% cosolvent

for each candidate mixed solvent system.

Following the procedure outlined in Figure 7.2, we first analyze MD

simuations of FRU and HMF in the 90 wt% cosolvent-water systems using

SolventNet. In this example, since the intermediate dehydration product

(HMF) is desired, we are interested in cosolvent-water systems that will

selectively enhance the reactivity of FRU over HMF. Therefore, we sort

the candidate cosolvent-water systems based on the differences in the

predicted kinetic solvent parameters between HMF and FRU as a function

of solvent system (σHMF − σFRU). More negative values of σHMF − σFRU
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indicate that the rate of HMF production is enhanced to a greater extent

than the rate of LA formation, and selectivity to HMF is therefore pro-

moted. Figure 7.5b shows these SolventNet-predicted σHMF − σFRU values

across the same ten cosolvent-water systems used in the previous case

study (Figure 7.4b) at 90 wt% cosolvent composition. SolventNet-predicted

σHMF − σFRU values indicate that 90 wt% GVL, TMSO and DMSO might

best facilitate the selective conversion of FRU into HMF while suppressing

the formation of LA, whereas 90 wt% ACE and THF are predicted to be

the worst-performing mixed solvent systems. 90 wt% DIOX is predicted

to perform in a capacity intermediate between these extrema. Therefore,

as in the previous example, we select GVL, DMSO, DIOX, ACE and THF

for further analysis using the solvation free energy calculations. We note

again that, in practice, only those mixed solvent systems that SolventNet

predicts to most enhance the reactivity of the desired reaction step would

be interrogated further using solvation free energy calculations, whereas

in this work, we select solvent systems spanning the full range of predictied

reactivities for validation purposes.

Since this is a series reaction, we focus on suppression of the LA prod-

uct. Accordingly, Figure 7.5d shows the ∆∆G values between FRU and LA

(∆∆GFRU→LA) for 90 wt% GVL, DMSO, DIOX, ACE and THF. Note that pos-

itive ∆∆GFRU→LA values correspond to the suppression of the undesired

product (LA). Of the five cosolvent-water systems, we find that 90 wt%

DMSO is the only mixed solvent systems that is anticipated to suppress
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the formation of LA, whereas all other mixed solvent systemsstabilize the

formation of LA from FRU. Therefore, between the SolventNet-predicted

σHMF − σFRU values and the MD-estimated ∆∆GFRU→LA values, 90 wt%

THF is predicted to effect the lowest selectivity towards HMF, whereas 90

wt% DMSO is predicted to effect the highest selectivity towards HMF.

Figure 7.5d compares the predicted and experimentally determined

σHMF −σFRU values. While SolventNet does not capture quantitative agree-

ment with experiments, the predicted values capture the general trend that

90 wt% GVL and DMSO are the best-performing mixed solvent systems

and 90 wt% DIOX, THF, and ACE are the worst-performing mixed solvent

systems. Figure 7.5e compares the ∆∆GFRU→LA values to the percent se-

lectivity towards HMF (SHMF) in 90 wt% DMSO, GVL, ACE, DIOX, and

THF. The suppression behavior found from positive ∆∆GFRU→LA values in

90 wt% DMSO correctly corresponds with the highest selectivity towards

HMF. ∆∆GFRU→LA also correctly predicts that 90 wt% THF would be the

worst-performing solvent with low HMF selectivities of ~20%.

Together, these results demonstrate how the generalized workflow de-

scribed in Figure 7.2 could be used to identify 90 wt% DMSO as a promis-

ing solvent system to improve the yield HMF from FRU as compared

to pure water, in agreement with experimental findings from multiple

reports. However, these results also indicate that 90 wt% ACE and THF

solvent systems perform poorly in selectively converting FRU to HMF.

This finding is in constrast to recent reports that ACE-water mixtures
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are able to produce HMF from FRU in high yield.51 Other studies found

that THF-water mixtures facilitate the conversion of whole biomass into

fermentable sugars and furanic fuels precersuors in high yield.55,56 We ra-

tionalize these discrepancies by noting that these reports utilized different

water contents, temperatures, and acid catalysts than those investigated in

this work. Furthermore, the reactant material in the reports by Wyman

and coworkers was whole biomass, a complex mixture of carbohydrate-

and lignin-derived molecules,55,56 so that the chemical intermediates be-

tween this starting material and the final products are likely distinct from

the well-defined FRU/HMF system studied herein. Together, these results

illuminate some imporant limitations of our approach: (1) reaction kinet-

ics can only be estimated at a fixed temperature as a function of solvent

systems; (2) differences in the acidic proton’s conjugate base are not incor-

porated into our predictions, and; (3) model reactions do not capture the

complex reaction schemes underlying the transformation of real biomass-

derived materials. As a result, future work will focus on incorporating

the effects of temperature and catalyst selection to the design of efficient

reaction systems for biomass conversion processes.

Previous ab initio MD simulations have shown that hydride shifts in

FRU dehydration are key steps to forming HMF, which may occur in-

tramolecularly or through solvent participation.57–59 A limitation of the

current framework described in Figure 7.2 is that it does not probe changes

in reaction pathway due to the addition of cosolvents. However, the com-
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putational approach can identify top candidate mixed solvent systems that

are predicted to have enhanced reactivity or selectivity compared to pure

water that could then be further interrogated with ab initio calculations

to capture potential mechanistic changes due to solvent participation.28

Analysis of the top candidate mixed solvent systems could also be used to

understand the behavior that underlies improved reactivity and selectivity.

For example, the preferential solvation of hydrophilic reactants by water

and long reactant-water hydrogen bonding lifetimes are generally found

in the presence of high cosolvent concentration,25,60 leading to improved

reaction rates due to preferred acid catalyst-water interactions.24–26 How-

ever, significant differences in solvation environment between the reactant

and product could lead to decreased reactivity because of the extent of

solvent rearrangement required to stabilize the product state, especially

in the presence of highly polarizable cosolvents such as DMSO.61 Future

work will thus focus on characterizing the solute-solvent interactions for

top candidate mixed solvent systems identified via this computational

approach, which could then give insight into solvent effects on improved

reaction performance.
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Figure 7.5: Case study of fructose conversion to HMF. (a) Acid-catalyzed
dehydration of fructose (FRU) to afford 5-hydroxymethylfurfural (HMF),
followed by an addition reaction to afford levulinic acid (LA). (b) Kinetic
solvent parameters predicted by SolventNet for 90 wt% cosolvent-water
mixtures. The difference between kinetic solvent parameters predicted
for HMF and FRU is shown in the top axis (σHMF − σFRU), where more
negative σHMF − σFRU values indicate that the mixed solvent system is pre-
dicted to selectively form HMF from FRU. Black asterisks indicate mixed
solvent systems that are representative of good cosolvents (THF, GVL, and
ACE), and poor cosolvents (DIOX and DMSO). (c) Relative solvation free
energies (∆∆GFRU→LA) between product (LA) and reactant state (FRU) in
90 wt% organic cosolvents relative to pure water. (d) Comparison between
σHMF − σFRU predicted from SolventNet (red) and experimentally deter-
mined (blue). (e) Comparison between∆∆GFRU→LA and percent selectivity
towards HMF. Gray regions denote the error in σHMF − σFRU in (b) and
selectivity measurements in (e).
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7.6 Summary

We have developed a general workflow to select mixed solvent systems for

enhanced reaction rates and selectivities of acid-catalyzed reactions for

biomass conversion processes using computationally efficient methods

and minimal experiments. Classical MD simulations and machine learn-

ing tools were used to estimate the influence of solvent composition on

the reactivity of biomass-derived molecules by analyzing the solvent envi-

ronment around the reactant. Furthermore, MD simulations can estimate

solvent-induces changes in the selectivity of biomass conversion reactions

to specific products by quantifying solvation free energies for reactant

and product states as a function of solvent composition. Together, these

MD- and machine-learning-based tools are combined into a workflow for

selecting mixed solvent systems for biomass conversion applications with

minimal experiments.

We have demonstrated the utility of this workflow by analyzing two

case studies: the dehydration of cyclohexanol into cyclohexene and the

acid-catalyzed partial dehydration of fructose to 5-hydroxymethylfurfural.

In both case studies, the MD- and machine-learning based tools predict

trends that enable the selection of best-performing solvent systems (as

expressed by their ability to faciliate the desired reactions in high yield) to

be down-selected from a large library of candidate solvent systems that

would be laborous and cost-inefficient to investigate using experimental
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screening methods alone. These results demonstrate that computationally

efficient screening methods and predictive design tools allow for the selec-

tion of top candidate mixed solvent systems, which could be then further

interrogated to determine how solute-solvent interactions drive reactivity

in liquid phase catalytic processes. These efforts therefore represent a

step toward a molecular-level understanding the role of mixed solvent

systems in controlling reactivity of liquid phase reactions, and toward the

rational design of mixed solvent systems in a framework that reduces the

experimental burden that accompanies the development of new chemical

processes.
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8 effect of core morphology on the structural

asymmetry of alkanethiol monolayer-protected

gold nanoparticles

Chapter 7 shows the success of integrating molecular dynamics simula-

tions and machine learning to guide solvent selection in biomass conver-

sion reactions. One could envision that those computational tools could be

applied to more complex systems. This chapter and subsequent chapters

(9-11) focuses on integrating molecular dynamics simulation and machine

learning to guide the design of monolayer-protected gold nanoparticles

for biomedical applications. This chapter seeks to address the following

questions:

• How do we develop a generalized workflow to model gold nanopar-
ticle systems, which could account for variations in gold core shape
and size, and ligand selection?

• How does the shape and size of the gold core affect monolayer char-
acteristics?

• How do we encode complex, cooperative behavior (e.g. formation
of bundles) into a molecular descriptor that could provide physical
description of the monolayer?

This chapter was reproduced with permission from Chew, A. K.; Van Lehn, R. C. Ef-
fect of core morphology on the structural asymmetry of alkanethiol monolayer-protected
gold nanoparticles. The Journal of Physical Chemistry C 2018, 122, 26288–26297.1 Copyright
2021 American Chemical Society. The supporting information is cited as Ref. 2.
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In this chapter, atomistic molecular dynamics simulations were used

to study the influence of gold core morphology, size, and ligand length

on the structure of uniformly nonpolar alkanethiol monolayer-protected

GNPs in water. Using a generalized system preparation workflow, three

gold core models were selected for this study: (1) a uniformly spherical

hollow gold core, (2) a spherical gold core cut from a bulk gold lattice,

and (3) a faceted gold core obtained from variance-constrained semigrand-

canonical simulations. Independent of the gold core morphology, we

found that long alkanethiol ligands exhibit increased ligand order and

form quasi-crystalline domains, or bundles, in which ligands orient in the

same direction, leading to asymmetric monolayer structures. Faceted gold

cores promote the formation of ligand bundles for short ligand lengths,

but the influence of the gold core is diminished for long ligand lengths.

We used a clustering algorithm to identify the subpopulation of bundled

ligands and found that bundling leads to heterogeneous surface properties,

whereby bundled ligands have a higher ligand order and lower surface

area accessible for solvent interactions. These findings demonstrate the

importance of GNP compositional features on monolayer structure, which

could impact GNPs interactions with other molecules.
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8.1 Introduction

Gold nanoparticles (GNPs) have attracted significant interest for biomedi-

cal applications because of their low cytotoxicity, stability, and detectability

in vivo.3–5 Particularly prominent are GNPs protected by self-assembled

monolayers (SAMs) consisting of alkanethiol ligands that are bound to

the gold surface via a gold-sulfur interaction.6,7 SAM-protected GNPs are

advantageous because of their ease of fabrication and the ability to syn-

thetically control a large number of parameters, including the gold core

size, shape, ligand grafting density, and ligand chemistry, to tune GNP

properties and behavior.8,9 However, identifying how specific components

of the GNP design space affect GNP properties in biological environments,

or even in aqueous solution, remains an ongoing challenge, particularly

because the experimental characterization of GNPs is currently limited

in the level of molecular detail that can be obtained10 and often requires

a combination of multiple techniques.11,12 New techniques are needed to

develop structure-function relationships that can be used to guide GNP

design.

Recently, molecular simulations have emerged as a valuable tool for

informing materials design, as GNPs are small enough that their behavior

can be characterized in silico at atomistic resolution.13–25 Molecular simula-

tions are particularly valuable for quantifying GNP properties that emerge

from the collective behavior of SAM ligands and cannot be inferred from
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single-ligand properties. An important example of how collective ligand

interactions affect behavior is the observation that alkanethiol ligands

grafted to GNPs spontaneously form highly asymmetric structures, even

if the SAM composition is chemically homogeneous.26,27 Simulations have

shown that this asymmetry arises due to preferred interactions between

nonpolar ligand backbones that drive the formation of quasi-crystalline

ligand domains in vacuum,27–29 water,30 and nonpolar solvents.26,31,32 This

structural asymmetry plays an important role in various nanoscale pro-

cesses; for example, SAM asymmetry has been shown to affect GNP-

induced DNA bending,19 GNP aggregation and colloidal stability,30,31

GNP-protein binding,33 and GNP interactions with lipid membranes.34–37

The relevance of SAM asymmetry to these disparate processes has fur-

ther inspired studies of factors affecting SAM asymmetry, including the

temperature, GNP size, and alkanethiol tail length.27–29

While these prior findings demonstrate the importance of SAM struc-

tural features, most GNP simulation studies rely on assumptions regard-

ing the morphology of the GNP core and the surface grafting density of

alkanethiol ligands that could affect simulation observations. Previous

authors have represented the gold core implicitly,26,30 as a perfect, hollow

sphere,27,38 as a sphere cut from a bulk gold lattice,39 or as a facetted ge-

ometry.28,29 As a result, the effect of the gold core morphology on SAM

asymmetry is still unclear. Specifically, it is possible that gold core facets,

which are predicted computationally40 and observed experimentally41–44
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promote the formation of quasi-crystalline ligand domains. Previous au-

thors have also used different approaches to approximate SAM coverage,

typically either assuming uniform ligand grafting26,31,32 or self-assembling

ligands onto the surface via molecular simulations.28,29,45,46 These different

assumptions regarding the treatment of the gold core and SAM coverage

make comparisons across the literature challenging, especially since ligand

grafting densities depend on GNP size.39,47 Finally, parameters used to

quantify asymmetry have included the free volume per ligand,26 center

of mass differences between the ligand and GNP core,48 and eigenval-

ues of the moment of inertia tensor.49 These ensemble-average quantities

do not directly identify ligand domains and cannot easily classify differ-

ences in properties between various regions on the GNP surface. There is

thus a need for new approaches to prepare GNP simulations that account

for variations in GNP morphology and ligand grafting density, enabling

improved characterization of SAM structure.

In this chapter, we developed a workflow to streamline the preparation

of GNPs with arbitrary core sizes, morphologies, and ligand coatings for

atomistic molecular dynamics (MD) simulations. We then performed MD

simulations to compare the effects of the core and ligand properties on

the structural characteristics of alkanethiol SAMs. These simulations con-

firm that ligands organize into quasi-crystalline domains, or bundles, that

lead to spatially heterogeneous, asymmetric surface properties even for

uniform coatings. We used the Hierarchical Density-based Spatial Clus-



283

tering of Applications with Noise (HDBSCAN) clustering algorithm50,51

to quantify ligand bundling as a function of ligand length for three gold

core morphologies. Our results show that bundle formation is promoted

by gold core facets for sufficiently short ligand lengths. Finally, we char-

acterized distinguishing structural features of bundled and non-bundled

ligand subpopulations, including ligand order and the available surface

area for ligand water interactions. These findings provide new insight into

the role of gold core physical characteristics, and specifically morphology,

on SAM structure and provide a new workflow to standardize future GNP

studies.

8.2 Methods

The workflow for preparing GNP simulations is summarized in Figure 8.1.

A gold core of a desired size and morphology is first selected and added to

a simulation box containing an excess of butanethiol ligands. These ligands

then self-assemble onto the gold core during atomistic MD simulations

based on protocols explored previously,28,29,45 which allows the ligand

grafting density to adjust to the gold core size and morphology rather

than being predefined. The excess, unattached butanethiol ligands are

removed and the remaining adsorbed ligands are replaced with desired

ligands. The GNP is then solvated and equilibrated in the NPT ensemble.

In this chapter, we focus on GNPs with nonpolar alkanethiol ligands
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(see Figure 8.2A) in water, although this workflow can be adapted to

develop GNPs with more complex ligands. All MD simulations were

performed using GROMACS version 2016.52 Three trials of this workflow

were performed for each core morphology, size, and ligand selection. All

simulation measurables are reported as the average of three trials. Error

bars report the standard deviation of each measurement between the three

trials.

Figure 8.1: Schematic of workflow for automatic GNP assembly.

8.2.1 Gold core

Three gold core morphologies of increasing complexity were selected for

this study:

1. a hollow gold core (HGC), in which gold atoms were uniformly

distributed on a spherical surface;

2. a spherical gold core (SGC), in which an approximately spherical

core was truncated from the bulk gold face-centered cubic lattice;

and
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3. a faceted gold core (FGC), in which gold atom positions were ob-

tained from the lowest-energy structure for a given core diameter

obtained using variance-constrained semigrand-canonical simula-

tions53 with an embedded atom potential.54

Additional details of how the gold core morphologies were developed

are included in the SI.2 The three different morphologies differ in the coor-

dination of surface atoms; snapshots of each morphology for varying core

diameters are shown in Figure 8.2B. Notably, the FGC models are domi-

nated by planar (111) facets and form structures similar to the icosahedral

and truncated octahedral morphologies predicted by density functional

theory calculations40 and observed experimentally;43 the HGC and SGC

models thus represent extremes of small facets, while the FGC model

represents the extreme of large facets. We approximate the diameter of

each gold core as the maximum gold-gold pairwise distance. Diameters

between 2-7 nm were modeled for each morphology. The FGC models

have average diameters of 2.0, 2.9, 3.8, 4.8, 5.7, and 6.7 nm, which we

denote for simplicity as 2, 3, 4, 5, 6, and 7 nm, respectively.
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Figure 8.2: A Alkanethiol ligand structures used in this study, where n
denotes the number of methylene groups. B Snapshots of hollow gold core
(HGC), spherical gold core (SGC), and faceted gold core (FGC) for various
diameters. Each atom is colored by its coordination number, defined as
the number of gold atoms within a cutoff of 0.41, 0.37, and 0.34 nm for
HGC, SGC, and FGC, respectively. Colors correspond to coordination
numbers of 1-6 (red), 7-8 (orange), 9 (green), 10 (blue) and 11 (violet).

8.2.2 Self-assembly process

We selected butanethiol as the model ligand to self-assemble onto the gold

core because prior studies have found that varying the alkanethiol chain

length (i.e., the number of methylene groups in the alkanethiol backbone)
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does not significantly affect the number of adsorbed ligands during this

process.45 For this procedure, butanethiol ligands were modeled using

a united atom model, where the SH, CH2, and CH3 groups were each

represented as a single interaction site. Gold atoms and ligands were

parameterized based on the model by Djebaili and coworkers,45 which

yields good agreement with experimental results.55 Au-S interactions were

modeled using a Lennard-Jones potential, which ignores features of the Au-

S bonds (i.e., adatom coordination,56 top-site grafting,7 etc.), but we justify

our model a posteriori based on favorable comparison to experiments as

described below. This workflow also correctly leads to a grafting density

of 4.62 ligands/nm2 for a planar gold surface (SI, Figure S8).2 Force field

parameters used for the ligands and the gold for the self-assembly process

are available in the SI.2

The gold core was placed at the center of a cubic, periodic simulation

box and frozen for all self-assembly simulations. An excess number of

ligands, corresponding to 20 ligands/nm2 of GNP surface area, were

randomly positioned in the simulation box. The simulation box was then

expanded, leaving a 2 nm distance between the ligands and the periodic

boundaries (SI, Figure S3).2 This expansion allowed the butanethiol ligands

to bind to or leave the gold surface. The system was energy minimized with

the steepest descent algorithm and a force tolerance of 1000.0 kJ/(mol-nm),

then MD was performed in the NVT ensemble using a leapfrog integrator

with a 1 femtosecond time step for a total of 30 ns. The temperature was
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maintained at 300 K with the Nóse-Hoover thermostat with a 0.4 ps time

constant.

8.2.3 Ligand-exchange and production simulations.

Upon completion of the self-assembly process, excess butanethiol ligands

were removed, leaving only butanethiol ligands that had adsorbed to the

gold core (SI, Figure S9).2 A ligand was considered adsorbed if its sulfur

atom was within 0.327 nm of any gold atom.45 Each adsorbed butanethiol

ligand was then replaced with a desired alkanethiol ligand by aligning

the position of the new ligand’s sulfur atom with the sulfur atom of the

adsorbed ligand and orienting the new ligand radially away from the

center of mass of the gold core. The GNP was then solvated with water

using the TIP3P model.57,58 Adsorbed sulfur atoms were bonded to all

gold atoms within 0.327 nm and gold atoms were bonded to other gold

atoms within 0.290 nm. All Au-S and Au-Au bonds were modeled using a

harmonic potential with a spring constant of 50,000 kJ mol−1 nm−2. The

system was energy minimized with the steepest descent algorithm and

a force tolerance of 1000.0 kJ/(mol nm), then MD was performed in the

NPT ensemble using a leapfrog integrator with a 2 femtosecond time step.

The simulation was split into 5 ns of equilibration followed by 50 ns of pro-

duction. Simulation configurations were output every 100 ps and the final

40 ns of each production trajectory were used for analysis. The pressure

was maintained at 1 bar using the Berendsen barostat for equilibration
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and the Parrinello-Rahman barostat for production. A physiological tem-

perature of 310.15 K was maintained using a velocity rescale thermostat.

All thermostats used a 0.1 ps time constant and all barostats used a 1.0 ps

time constant with an isothermal compressibility of 4.5× 10−5 bar−1.

8.2.4 Simulation parameters

Gold atoms were parameterized using the INTERFACE force field59 and lig-

ands were parameterized using the CGenFF/CHARMM36 force fields.60–62

We selected the INTERFACE force field because of its compatibility with

the CHARMM force fields, fast performance by using simple 12-6 LJ po-

tentials for gold parameters, and its validity at atmospheric pressures and

temperatures within 298 ± 200 K59 that are within the range of this study.

The CGenFF/CHARMM36 force fields are comparable to other force fields,

such as GAFF and OPLS-AA, in benchmark studies of a range of small-

molecule liquids63 and are compatible with a range of biomolecules for

future studies. In all simulations, Verlet lists were generated using a 1.2

nm neighbor list cutoff. Van der Waals interactions were modeled with a

Lennard-Jones potential using a 1.2 nm cutoff that was smoothly shifted to

zero between 1.0 nm and 1.2 nm. Electrostatic interactions were calculated

using the Smooth Particle Mesh Ewald method with a short-range cutoff of

1.2 nm, grid spacing of 0.12 nm, and 4th order interpolation. Bonds were

constrained using the LINCS algorithm.64 Periodic boundary conditions

were enabled in all directions.
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8.3 Results

8.3.1 Effect of core morphology on the number of grafted

ligands

We first determined how the gold core morphology affects ligand sur-

face coverage after self-assembly. Figure 8.3 compares the number of

adsorbed ligands as a function of GNP core diameter (estimated based

on the maximum gold-gold distance) between simulations and published

experiments. Increasing the core diameter results in a monotonic increase

in the number of adsorbed ligands for all three morphologies. The number

of adsorbed ligands for the spherical SGC and HGC models is greater than

the number of adsorbed ligands for the FGC model for all diameters and

converges for diameters greater than ~5 nm. The results for the SGC and

HGC models agree well with data by Hostetler et al.,65 who approximated

the number of adsorbed ligands by dividing the surface areas of ideal

truncated octahedra by the surface area footprint of an alkanethiol ligand.

The authors used this data to predict experimental thermogravimetric

analysis measurements and found reasonable agreement, although the

calculations overestimated experimental measurements. The similarity

between the results for the SGC and HGC models and the Hostetler data

suggests that these spherical models represent an upper bound on the

number of adsorbed ligands for a given GNP core diameter. Since the SGC

and HGC models have a very similar number of adsorbed ligands, we
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found that their surface properties are nearly indistinguishable. Therefore,

we focus the subsequent sections solely on differences between the SGC

and FGC models. Results for the HGC model can be found in the SI.2

Jiang et al.66 used matrix-assisted laser desorption/ionization mass

spectroscopy (MALDI-MS) to directly determine the number of adsorbed

ligands for 2, 4, and 6 nm GNPs (shown as purple squares in Figure 8.3).

The MALDI-MS results agree well with the number of ligands adsorbed

for the FGC model, which is significantly lower than the values for the

spherical HGC and SGC models. Treating the core as uniformly spherical

with a grafting density of 4.62 ligand/nm2 - the grafting density of a

planar gold (111) surface67,68 - also yields a similar number of adsorbed

ligands (black line in Figure 8.3). However, this approach ignores spatial

variations in ligand grafting density; ligands adsorb with a higher density

at the facets, where there are more favorable gold-sulfur interactions (SI,

Figure S7).2 Since the experimental MALDI-MS results report directly

on the number of adsorbed ligands without assumptions regarding core

geometry, the agreement between the MALDI-MS results and the FGC

model simulations suggests that this morphology is representative of the

highly faceted shapes observed experimentally.41–44
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Figure 8.3: Number of adsorbed ligands for different gold core morpholo-
gies and sizes. Teal triangles are model data verified by thermogravimetric
analysis from Ref. 65. Purple squares indicate data from MALDI-MS ex-
periments from Ref. 66. The black line denotes the number of adsorbed
ligands on a sphere with a planar gold (111) average surface density of 4.62
ligand/nm2. Snapshots show gold cores colored with the same scheme as
Figure 8.2 and the sulfur atoms of adsorbed ligands in yellow. The color of
each arrow corresponds to the gold core shape (i.e. HGC, SGC, and FGC
models are red, blue, and green, respectively).

8.3.2 Effect of core morphology on SAM structure

We next investigated the effect of core morphology on the structure of

nonpolar alkanethiol SAMs in aqueous solution as the core size and ligand

chain length (i.e., the number of methylene groups, n, in the ligand back-

bone) were varied. Increasing either the gold core size or the ligand chain
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length leads to a gradual transition from a SAM containing an approx-

imately uniform, spherical distribution of disordered ligands to a SAM

containing anisotropic, aspherical “bundles” of quasi-crystalline ligands

that are oriented in the same direction, as illustrated in Figure 8.4A. This

transition was quantified by measuring ligand order and SAM eccentricity.

As a measure of ligand order, we calculated the fraction of trans di-

hedral angles, which is defined as the number of trans dihedral angles

(120° < φ < 240°) normalized by the total number of dihedral angles

in the ligand chain. We only calculated the dihedral angles of the heavy

atoms, ignoring all hydrogen atoms. A fraction of trans dihedral angles

value near one indicates a highly ordered ligand structure and a value near

zero indicates a highly disordered ligand structure. Figure 8.4B shows the

fraction of trans dihedral angles for the SGC and FGC models. For a given

core diameter, increasing n increases ligand order, as is also observed for

planar SAMs (SI, Figure S14).2 For a given n, increasing the core diameter

also increases ligand order due to the decreased free volume accessible

to each ligand. The combination of these two effects leads to ordered

quasi-crystalline configurations for large GNPs with long ligands. For

n < 11, ligands are more ordered for the FGC model than the SGC model

due to the reduced free volume for neighboring ligands on the faceted

surfaces, although this effect is diminished for n > 11.

To quantify SAM sphericity, we calculated the eccentricity, e, shown in

Equation 8.1, where Imin and Iavg are the smallest moment of inertia and
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average moment of inertia along the principal axes of the ligands (exclud-

ing the gold core and computed with the Gromacs tool gmx principal),

respectively.69,70

e = 1 −

〈
Imin

Imax

〉
(8.1)

Eccentricity values range from zero, indicating a spherical SAM, to one,

indicating a highly aspherical (e.g. ellipsoidal) SAM. Figure 8.4C shows

the eccentricity for the SGC and FGC models. The dominant feature is

the increase in the eccentricity with increasing n due to the formation

of oppositely oriented ligand bundles (snapshots shown in Figure 8.4C).

Eccentricity also increases as core diameter decreases for n > 11. On

average, the SGC model leads to a smaller eccentricity compared to the

FGC model for n 6 11. For 7 < n < 11, there is a transition where the

SAM begins to form highly asymmetric strutures that is highly dependent

on the gold core diameter. At the extremum ligand length (n = 16), the

SGC and FGC models produce similar eccentricity values, indicating that

long ligands form asymmetric SAMs regardless of the core morphology.

This analysis of SAM structure indicates that increasing n increases lig-

and order due to the formation of quasi-crystalline ligand bundles which

then increases SAM eccentricity. This behavior is expected given the for-

mation of quasi-crystalline ligand arrangements on planar SAMs for long

ligand lengths. The large amount of free volume accessible to ligands
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grafted to small cores further permits bundling into highly asymmetric

configurations that further increases eccentricity. The core morphology

primarily affects GNPs with shorter ligand lengths; the FGC model pro-

motes increased ligand order and eccentricity compared to the SGC model

for n 6 11, suggesting that ligand bundling is promoted as a consequence

of the facets present in the FGC model.
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Figure 8.4: A Simulation snapshots of 2 nm and 6 nm SGC and FGC GNPs
with butanethiol (n = 3) and hexadecanethiol (n = 15) ligands. Sulfur
atoms are represented by yellow beads and carbon chains are represented
by gray lines. Hydrogen atoms and surrounding water molecules are
not drawn. Gold cores are colored according to coordination number as
described in Figure 8.2. B Fraction of trans dihedral angles as a function
of ligand chain length (n) for the SGC (solid lines) and FGC (dashed
lines) models. C Eccentricity as a function of ligand chain length for the
SGC and FGC models. The legend is the same for both plots. Simulation
snapshots are shown for the 2 nm FGC model with octanethiol (n = 7)
and hexadecanethiol (n = 15).
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8.3.3 Identification of ligand bundles

Eccentricity is an ensemble-average parameter that does not directly iden-

tify ligand bundles, which are the most prominent structural features

observed for the alkanethiol SAMs. To complement the prior structural

observables, we used the HBDSCAN clustering algorithm50,51 to identify

specific sets of ligands that form bundles, enabling the analysis of ligand

subpopulations to quantify SAM structural properties. Ligands are as-

signed to the same bundle based on their relative orientations and end

group distances; ligands that have small deviations in angle (i.e., point in

the same direction) and have small end group distances are considered

in the same bundle. Some ligands are not assigned to bundles and are

labeled as “non-bundled.” Complete details on the algorithm and its

implementation are provided in the SI.2 To illustrate bundles identified

using this approach, Figure 8.5A shows simulation snapshots of 2 nm and

6 nm SGC and FGC GNPs with butanethiol (n = 3) and hexadecanethiol

(n = 15) ligands. Ligands with the same color are in the same bundle, and

each bundle is assigned a unique color. Non-bundled ligands are colored

as gray and are found at the perimeter of bundles where they can access

the surrounding free volume.

Figure 8.5B shows the number of bundles for the SGC and FGC models

as a function of n and core diameter. Increasing n results in a decrease

in the number of bundles and a corresponding increase in the fraction of

ligands that are in bundles (Figure 8.5C). For long ligand chains, a small
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number of bundles encompass a large fraction of all ligands. A lower num-

ber of bundles correlates with a higher eccentricity due to the formation of

highly asymmetric, oppositely oriented bundles as shown in Figure 8.4C.

Conversely, for short ligand chains, a much smaller fraction of ligands is in

bundles and the number of bundles is much larger, both results consistent

with disordered, uniformly distributed ligand end groups. Increasing

the core diameter increases the number of bundles without changing the

fraction of ligands that are in bundles. The FGC model in general has

fewer bundles compared to the SGC model, and at smaller ligand lengths

(n 6 7), the fraction of ligands in bundles is higher for the FGC model than

the SGC models, which may be attributed to the promotion of bundling

by the facets. Together, these results suggest that the tendency for lig-

ands to form bundles is determined primarily by ligand length, but the

distribution and number of bundles depends on the core size and morphol-

ogy for n 6 7 while the influence of the gold core is diminished for n > 11.



299

Figure 8.5: A Simulation snapshots of 2 nm and 6 nm SGC and FGC GNPs
with butanethiol (n = 3) and hexadecanethiol (n = 15) ligands. Ligands
with the same color are in the same bundle, whereas ligands in gray are
not in bundles. B Number of bundles as a function of ligand chain length
(n) for the SGC (solid lines) and FGC (dashed lines) models. C Fraction of
ligands in bundles as a function of ligand chain length for the SGC and
FGC models. The legend is the same for both plots.
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8.3.4 Relationship between gold core faceting and ligand

bundling

Figure 8.5 indicates that the FGC model favors the formation of a small

number of ligand bundles containing a larger fraction of all ligands relative

to the SGC model, particularly for shorter ligand lengths. We next investi-

gate the relationship between faceting and ligand bundling to determine

if facets locally promote bundle formation. We define gold atoms with co-

ordination numbers greater than seven as facet atoms (e.g. green/orange

atoms in Figure 8.2B) and the remaining gold atoms as edge atoms (red

atoms in Figure 8.2B). Figure 8.6A shows simulation snapshots of 6 nm

FGC GNPs with butanethiol and hexadecanethiol ligands. The top snap-

shots show the sulfur head groups of bundled and non-bundled ligands,

colored in black and grey respectively. The bottom snapshots show the

sulfur head groups colored in magenta if the nearest gold atom is an edge

atom and in cyan if the nearest gold atom is a facet atom. Comparing these

two representations illustrates that non-bundled ligands are clustered

near edges for the butanethiol ligands, while there is no clear correlation

between non-bundled ligands and either edges or facets for the longer

hexadecanethiol ligands. This comparison suggests that facets promote

ligand bundling for shorter ligand chain lengths.

Figure 8.6B shows the fraction of ligands for which the nearest gold

atom is a facet atom, ffacet, for the FGC model, distinguishing bundled
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(solid lines) and non-bundled (dashed lines) ligands. For short ligands

(n 6 7) and large core diameters (4 and 6 nm), a much larger fraction of

bundled ligands are coordinated by facet gold atoms than non-bunded

ligands, indicating that bundles preferentially form on facets while non-

bundled ligands reside at edges. For longer ligands (n > 11), both bundled

and non-bundled ligands exhibit a similar preference for facets, indicating

that the gold morphology no longer influences which ligands are bundled

together. There is also no clear preference of bundled or non-bundled

ligands for facets for the 2 nm GNP; note that the total fraction of facet

gold atoms increases with diameter (SI, Figure S10).2 Overall, this data

supports the argument that facets promote bundle formation for short

ligands on large GNPs.
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Figure 8.6: A Simulation snapshots of 6 nm butanethiol (n = 3) and
hexadecanethiol (n = 15) GNPs for the FGC model. Only the ligand sulfur
atoms are shown. At top, each sulfur atom is colored according to if the
ligand is in a bundle (black) or not (gray). At bottom, each sulfur atom is
colored according to if the nearest gold atom is at an edge (magenta) or
facet (cyan). Gold atoms are colored according to coordination number
as in Figure 8.2B. B The fraction of ligands on facets for bundled (filled
lines) and non-bundled (dashed lines) ligands as a function of ligand chain
length.
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8.3.5 Effect of bundling on ligand properties

The analysis of the preceding sections indicates that the core morphology

affects ligand bundling, leading to a heterogeneous population of bundled

and non-bundled ligands that are expected to have distinct properties.

Using the clustering algorithm, we can distinguish the average properties

of these two populations. Figure 8.7 shows the fraction of trans dihedral

angles for bundled and non-bundled ligands for the FGC model. The

observed trends are similar to those in Figure 8.4A, but bundled ligands are

more ordered on average than non-bundled ligands for all core diameters.

This effect is amplified for long ligand lengths (n > 11), where the ligands

form fewer, but more dense bundles (Figure 8.5). These results indicate

that non-bundled ligands are disordered due to their alignment with high

free volume edges (Figure 8.6), which disrupts ligand order.

Figure 8.7: Fraction of trans dihedrals for bundled (solid lines) and non-
bundled (dashed lines) ligands as a function of ligand chain length (n) for
the FGC model.
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We further quantify the differences between bundled and non-bundled

ligands by calculating the solvent-accessible surface area (SASA), which

describes the surface area available for solvent molecules to contact the

ligands. Figure 8.8A shows the SASA per ligand for bundled and non-

bundled ligands for the FGC model. Increasing the ligand chain length

increases the SASA while increasing the core diameter decreases the SASA

due to the reduced free volume accessible to each ligand. Bundled ligands

on average have a lower SASA than non-bundled ligands for all ligand

lengths and core sizes. To further elucidate these differences, Figure 8.8B

shows a probability density function of the SASA for a 2 nm butanethiol

GNP (top) and a 6 nm hexadecanethiol GNP (bottom). Short alkanethiol

chains (n = 3) have small, transient bundles due to low degrees of lig-

and order, leading to a SASA distribution that is almost indistinguishable

between bundled and non-bundled ligands. Conversely, there is a clear

bimodal distribution in the SASA between bundled and non-bundled

ligands for long ligand chains, with non-bundled ligands exhibiting a

broader distribution of SASA values indicating highly variable solvent ac-

cessibility. These findings are illustrated by the simulation snapshots that

are (i) colored by bundled (black) versus non-bundled (grey) ligands and

(ii) colored by the SASA of each ligand. This analysis thus indicates that

GNPs with ligand bundles dynamically display spatially heterogeneous

surface properties.
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Figure 8.8: A SASA for bundled (solid lines) and non-bundled (dashed
lines) ligands as a function of ligand chain length (n) for the FGC model.
B Probability density function of the SASA for a 2 nm FGC GNP with
butanethiol ligands (top) and a 6 nm FGC GNP with hexadecanethiol
ligands (bottom). The probability density function is shown only for one
of the three trials. Simulation snapshots are colored by (i) bundled (black)
and non-bundled (grey) ligands, and (ii) ligand SASA.



306

8.4 Discussion

Using a generalized workflow for GNP system preparation, we modeled a

series of single-component alkanethiol SAM-protected GNPs with vary-

ing core diameters and core morphologies. By allowing ligands to self-

assemble onto the GNP surface, rather than specifying a ligand surface

density a priori, we found that the number of ligands adsorbed to the

highly faceted FGC models agrees well with experimental estimates. More-

over, the choice of gold core morphology affects SAM structure; facets pro-

mote the formation of asymmetric structures even for single-component

SAMs. SAM asymmetry is amplified for small gold core diameters (~2

nm) and long alkanethiol chain lengths (n > 11). In these cases, ligands

bundle together and orient in the same direction to form quasi-crystalline

domains, a phenomenon reported extensively in the literature.14,26–32,48,49,71

The segregation of SAM ligands into bundles and non-bundles introduces

spatially heterogeneous surface properties due to the excess free volume

accessible to non-bundled ligands.

Furthermore, our findings suggest that gold core morphology is impor-

tant to the formation of ligand bundles for gold core diameters> 2 nm and

short ligand lengths (n < 11). We used a clustering algorithm to identify

bundled ligands and found that for long ligands (n > 11), the SAM consists

of a small number of bundles that contain nearly all ligands, independent

of the core morphology. However, core facets promote bundle formation
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for short ligands (n < 11) and for 4 and 6 nm core diameters; the influence

of facets on bundling for a 2 nm core diameter is minimized due to the

small size of each facet. This behavior can be interpreted in terms of the

order-disorder transition between disordered and quasi-crystalline ligand

conformations for planar SAMs, which occurs as n increases from 3 to 4

using the force field parameters in this work (SI, Figure S14).2 On planar

surfaces, sufficiently long ligands form quasi-crystalline arrangements to

maximize favorable interchain interactions which overcome the entropic

penalty associated with increased ligand order.72 Ligand bundling reflects

a similar order-disorder transition, but ligand packing is inhibited by the

curvature of the core. As a result, planar facets facilitate chain packing

and promote bundle formation for shorter ligand lengths, while edges act

as disclinations that inhibit chain packing due to the excess free volume.

Bundles form regardless of the core morphology and size if the ligand

chain length is sufficiently long.

Our results suggest that the formation of ligand bundles can be con-

trolled by selecting the gold core size and alkanethiol ligand length, or by

controlling the faceting of the gold core. Promoting bundle formation can

introduce spatially heterogeneous surface properties and influence overall

GNP behavior. For example, hexadecanethiol bundles have been found

to affect the colloidal stability of small GNPs (~4 nm) by allowing SAMs

to interdigitate and pack into energetically stable configurations.31 In an-

other example, the formation of ligand bundles was shown to bend and
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compact DNA.19 Spatial heterogeneities in ligand arrangements, similar to

the bundles identified here, can also lead to the formation of protein like

binding pockets in the SAM.33 We have limited our studies to homogenous

alkanethiols on GNPs, but future studies will focus on the inclusion of

complex ligands or mixed SAMs which can further tune surface properties

to tailor interactions in biological systems.

Finally, from the standpoint of developing accurate GNP models, we

summarize some recommendations below for future GNP simulations:

• The structural properties of long alkanethiol ligands (n > 11) are not

significantly influenced by the gold core morphology. For these sys-

tems, the SGC model is recommended for its ease of generation and

reproducibility. Despite the FGC model being a more accurate rep-

resentation of experimental systems, generating these morphologies

requires a separate simulation.

• Short ligand lengths (n < 11) are heavily influenced by the gold

core morphology. Our results suggest that the FGC model, or poten-

tially other faceted gold core morphologies, would more accurately

represent the structural properties of these GNPs.

• The SGC and HGC models produce similar results. However, since

the HGC model has a vacuum core, it imposes technical issues related

to the need for strong gold-gold bonds, weaker van der Waals inter-

actions with surrounding molecules due to missing core atoms, and
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the unphysical introduction of molecules within the core molecule

(e.g., during system preparation). Previous authors have overcome

these issues by fixing the positions of the gold and sulfur atoms and

adding alternative potentials to account for interactions between

the gold core, ligands, and solvent.31 Nonetheless, we recommend

the SGC model over the HGC model to avoid having to implement

correction for these issues given the similar results produced by both

models.

• Ligand self-assembly leads to higher surface densities for all gold

core morphologies than the surface density of a planar (111) surface.

Since experimental results also suggest that higher grafting densities

are expected on curved surfaces, we recommend permitting ligand

self-assembly rather than pre-defining surface densities based on

planar estimates.

8.5 Summary

In this chapter, we developed a workflow to generate GNP models for

any arbitrary size and ligand selection, enabling the systematic evaluation

of GNP properties using MD simulations. Using this workflow, we first

investigated the effect of three different gold core morphologies - a hollow

gold core (HGC) model, a spherical gold core (SGC) model, and a faceted

gold core (FGC) model - on alkanethiol SAM grafting densities. We found
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that the SGC and HGC models produce similar results that overestimate

the experimental number of grafted ligands, while the FGC model leads

to grafting ligands in good agreement with recent experimental measure-

ments. We next investigated the effect of gold core size, ligand chain length,

and morphology on SAM structural properties and determined that the

dominant parameters are the alkanethiol ligand chain length and gold

core diameter; in general, longer chain lengths increase ligand order, while

larger gold cores lead to more spherical SAM structures. SAM asymmetry

was promoted for long ligand chains on smaller gold cores and attributed

to the formation of discrete, quasi-crystalline ligand bundles.

To further investigate SAM asymmetry and domain properties, we

identified the specific subset of ligands that are in bundles using the HDB-

SCAN clustering algorithm, which classified ligands that were oriented in

the same direction with nearby end groups. This approach demonstrated

that longer alkanethiols tend to have fewer, densely packed bundles, while

bundle formation for short ligand lengths (fewer than 11 methylene groups

in the ligand chain) is highly influenced by the gold morphology. Specifi-

cally, we found that bundles are promoted on planar facets due to favorable

packing that promotes ligand order. Finally, we found that ligands in bun-

dles have increased order and a smaller surface area accessible to solvent

compared to non-bundled ligands. Therefore, the formation of bundles

can introduce heterogeneous surface properties, even though the mono-

layer is in principal homogenous. Future work will explore the use of
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more complex ligands with the workflow developed here to begin tuning

GNPs for biomedical applications.
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9 lipophilicity of cationic ligands promotes

irreversible adsorption of nanoparticles to lipid

bilayers

Chapter 8 described a generalized workflow for generating GNP systems.

We now extend this workflow to interrogate the effects of ligand end group

chemistry on the adsorption of GNPs onto lipid bilayers. This chapter

seeks to answer the following questions:

• How does the hydrophobicity (or similarly, lipophilicity) of the lig-
and end group affect GNP adsorption onto bilayers?

• How do we use enhanced sampling simulations (e.g. umbrella sam-
pling from Section 2.1.3) to measure GNP-bilayer adsorption free
energies?

• How can molecular simulations yield physical insight into GNP-
bilayer adsorption behavior?

In this chapter, we use a library of cationic ligands coated on 2-nm gold

nanoparticles to probe the impact of ligand end group lipophilicity on

interactions with supported phosphatidylcholine lipid bilayers as a model

for cytoplasmic membranes. Nanoparticle adsorption to and desorption
This chapter was reproduced from with permission from Lochbaum, C. A.; Chew,

A. K.; Zhang, X.; Rotello, V.; Van Lehn, R. C.; Pedersen, J. A. Lipophilicity of Cationic
Ligands Promotes Irreversible Adsorption of Nanoparticles to Lipid Bilayers. ACS Nano
2021, 15, 6562–6572.1 Copyright 2021 American Chemical Society. The supporting infor-
mation is cited as Ref. 2. C. A. Lochbaum and A. K. Chew contributed equally to this
work. C. A. Lochbaum, X. Zhang, V. Rotello, and J. A. Pedersen design, synthesized, and
performed the experiments for this chapter.
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from the model membranes were investigated by quartz crystal microbal-

ance with dissipation monitoring. We find that nanoparticle adsorption to

model membranes increases with ligand lipophilicity. The effects of ligand

structure on gold nanoparticle attachment were further analyzed using

atomistic molecular dynamics simulations, which showed that increasing

ligand lipophilicity promotes ligand intercalation into the lipid bilayer.

Together, the experimental and simulation results could be described by a

two-state model that accounts for initial attachment and subsequent con-

version to a quasi-irreversibly bound state. We find that only nanoparticles

coated with the most lipophilic ligands in our nanoparticle library undergo

conversion to the quasi-irreversible state. We propose that initial attach-

ment is governed by interaction between the ligands and phospholipid tail

groups, while conversion into the quasi-irreversibly bound state reflects

ligand intercalation between phospholipid tail groups and eventual lipid

extraction from the bilayer. Systematic variation of ligand lipophilicity

enabled us to demonstrate that the lipophilicity of cationic ligands corre-

lates with nanoparticle-bilayer adsorption and suggests that changing the

nonpolar ligand R group promotes a mechanism of ligand intercalation

into the bilayer associated with irreversible adsorption.
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9.1 Introduction

Ligand-coated engineered nanomaterials (ENMs) have been used in bioimag-

ing, drug delivery, and consumer goods, inspiring investigations into un-

derstanding how ENMs interact with biological interfaces.3,4 In particular,

establishing relationships between the properties of ENMs and their inter-

actions with cellular membranes is essential for designing safe ENMs.5,6

For example, interactions between ENMs and cellular membranes can

result in lipid extraction7,8 and membrane disruption,9,10 events that can

lead to cytotoxicity.9,11,12 However, predicting such behaviors from ligand

properties remains challenging, inhibiting ENM design. Toward this end,

ligand lipophilicity - the property quantifying the partitioning of a lig-

and between aqueous media and lipid, which correlates strongly with

hydrophobicity13 - has been found to dictate ENM interactions with biolog-

ical interfaces.14–17 However, the specific interactions between lipophilic

ENM ligands and cellular membranes-and the degree to which ligand

lipophilicity drives these interactions-remain unclear.

Ligand-coated gold nanoparticles (AuNPs) have been used as model

ENMs because of their ease of fabrication and tunable surface chemistry.18

AuNPs can be synthesized at sizes commensurate with biomolecules (<

10 nm), enabling the study of interactions with biological interfaces at

the same length scale.19 To probe interactions between ENMs and cell

membranes, supported lipid bilayers (SLBs) have been used as model
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membrane systems.20,21 For example, SLBs have been used to link nanopar-

ticle size, core composition, and surface chemistry to increased cellular

interaction, internalization, and cytotoxicity.9,11 Quartz crystal microbal-

ance with dissipation monitoring (QCM-D) has been used to monitor

ENM behavior at the supported lipid bilayer-solution interface through

measuring changes in mass and energy dissipation of material coupled

to the motion of the sensor.22 Changes in energy dissipation reflect the

viscoelasticity of laterally homogeneous adlayers such as SLBs or to the

stiffness of particle-surface contacts.22,23 QCM-D has been used to deduce

mechanisms of peptide incorporation into SLBs,24 as well as the kinetics

of ENM interactions with surfaces.25,26

While the kinetics of AuNP adsorption onto SLBs can be quantified

via QCM-D, other approaches are needed to reveal the molecular-scale

AuNP-bilayer interactions that lead to adsorption. As a result, computa-

tional models, such as classical molecular dynamics (MD) simulations,

have been used to simulate AuNP-bilayer interactions at multiple length

scales.16,27–30 Previous work used atomistic MD simulations to study the

free energy of AuNP insertion into the bilayer for AuNPs coated with

varying ratios of neutral octanethiol and negatively charged 11-mercapto-

1-undecanesulphonate (MUS).31 Inclusion of more lipophilic ligands (viz.

octanethiol) lowered the free energy of AuNP insertion into the lipid bi-

layer, suggesting that AuNP lipophilicity is critical to fusion with the lipid

bilayer.31 Subsequent studies found that AuNP insertion was driven pri-
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marily by the lipid membrane core shielding lipophilic ligands from the

aqueous environment.31,32 These studies, in conjunction with related com-

putational results,16 suggest that the proportion and spatial distribution of

lipophilic ligands on AuNP surfaces represent important parameters that

modulate potential AuNP insertion into the lipid bilayer. However, the

influence of ligand structure, specifically the degree of lipophilicity, on the

interaction of AuNPs with lipid membranes remains to be determined.

In this chapter, we combine QCM-D experiments and atomistic MD sim-

ulations to systematically investigate the influence of ligand lipophilicity

on AuNP interactions with single-component lipid bilayers. The adsorp-

tion of AuNPs to lipid bilayers and their long-term attachment stability

increased with ligand lipophilicity. Simulations revealed a mechanism

for the long-term stability observed for AuNPs with increased ligand

lipophilicity: hydrophobic contacts between ligand lipophilic groups and

the lipid tail groups drive the intercalation of more lipophilic ligands

into the bilayer or lipid extraction from the bilayer. Kinetic analysis of

the QCM-D data accounting for reversible and quasi-irreversible AuNP

adsorption showed agreement with free energy calculations of AuNP-SLB

systems. Our findings demonstrate that AuNPs with increased ligand

lipophilicity have increased rates of conversion to a quasi-irreversibly

bound state, providing design rules for developing ENMs with tailored

membrane interactions.
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9.2 Materials and Methods

9.2.1 Ligand Synthesis

Figure S1 depicts the synthesis pathway for the ligands used in AuNP func-

tionalization.2 Compound (1) was synthesized as described by Miranda et

al.33 Compound (1) (1.0 g, 2 mmol, 1 eq) was dissolved in 5 mL of ethyl

acetate in a 20 mL vial. To each vial, we added 30 eq of the corresponding

amine, and the entire solution was sealed properly and heated gently to

50°C for 3-5 days. Afterward, the solvent was evaporated and the residue

was washed three times by hexanes, heptanes, or a 1:1 mixture of hexanes

and heptanes to obtain (2) as a yellowish oil-like liquid.

We dissolved 200 mg of (2) in 3 mL of dichloromethane under a nitrogen

atmosphere. To the solution we added 20 eq of trifluoroacetic acid followed

by addition of 1.2 eq of triisopropylsilane. The solution was stirred at

room temperature overnight. Afterward, the solvent was removed, and

the residue was washed with hexane or heptane three times and ether

for three more times to obtain ligands as colorless or yellowish liquid.

To validate the ligand structure, 1H NMR spectroscopy of ligands was

performed. Spectra are shown in the Supporting Information, Figures

S2-S6.2
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9.2.2 Gold Nanoparticle Synthesis

Gold nanoparticles were synthesized by the Brust-Schiffrin two-phase

method as described in previous literature.34,35 In brief, 1 g of HAuCl4

was dissolved in 300 mL 1:1 water toluene. We added 2.1 g of tetraocty-

lammonium bromide directly with maximum stirring speed. We added

0.7 mL of pentanethiol dropwise until the whole solution turned into

white. Then 2.0 g of sodium borohydride was dissolved in around 8 mL

of water and immediately added into the white solution. After stirring

overnight, the organic layer was separated and dried under reduced pres-

sure in room temperature. The residue was precipitated in cold ethanol

and re-dissolved in hexanes. The solution washed with acetonitrile 120

times until all TOAB was fully removed to obtain gold core.

9.2.3 Ligand Exchange Reaction

Gold cores (40 mg) were dissolved in 4 mL dichloromethane under ni-

trogen atmosphere. To this solution we added 120 mg of the correspond-

ing ligand in a mixed dichloromethane/methanol (2 mL/2 mL) solu-

tion in a dropwise manner under nitrogen and stirred the mixture for

72 h at room temperature. Solvents were removed under reduced pres-

sure, and precipitations were washed with hexanes three times, and hex-

anes/dichloromethane mixture (1:1 v/v), or pure dichloromethane three

times. The solid was suspended in ultrapure water, dialyzed for 3 days, and
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concentrated by ultracentrifugation. The concentration of gold nanopar-

ticles was determined based on the absorption at 506 nm as previously

reported by Haiss et al.36 Adsorption spectra and compiled absorbance at

506 for all AuNPs are shown in Supporting Information, Figure S7 and

Table S1 respectively.2

9.2.4 Characterization of AuNP Hydrodynamic and

Electrokinetic Properties

The hydrodynamic diameters and apparent zeta potentials of the AuNPs

were determined by dynamic light scattering and laser Doppler elec-

trophoresis, respectively (Malvern Zetasizer Nano ZS). Gold NPs (10 nM)

were suspended in water or 10 mM HEPES 10 mM NaCl buffered at pH 7.4

for 30 minutes prior to measurement (Supporting Information, Figure S8).2

In preliminary experiments, we determined that the AuNPs remained col-

loidally stable in 10 mM NaCl for the duration of the QCM-D experiments.

We therefore selected this salt concentration to study AuNP interaction

with bilayers. Higher salt concentrations led to much more pronounced

aggregation and destabilized the colloidal suspension.

9.2.5 Calculation of Ligand R group Lipophilicity

We calculated the lipid-water partition coefficient (Klip-w) of ligand R

groups as a measure of ligand lipophilicity using the poly-parameter
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linear free energy relationship:13

logKlip-w = c+ eE+ sS+ aA+ bB+ vV (9.1)

where E, S, A, B, and V describe the ligand head group excess molar

refraction, dipolarity/polarizability, H-bond acidity, H-bond basicity, and

molar volume, respectively, and the corresponding lowercase letters are

specific for the water-lipid partitioning system.13 The constant c is obtained

from the multiple linear regression used to establish the system descriptors.

The chemical descriptors for the ligand R groups (E, S, A, B, and V) were

obtained from the Helmholtz Centre for Environmental Research Linear

Solvation Energy Relationship.37 Values for the systems parameters c, e, s,

a, b, and vwere taken from equation 3 of Endo et al.13 The values for the

chemical descriptors and system parameters are compiled in Supporting

Information, Table S2.2

9.2.6 Vesicle Preparation and SLB Formation

Solutions for all experiments employing lipids were buffered to pH 7.4

with 10 mM HEPES. Vesicles were formed from 1,2-dioleoyl-sn-glycero-

3-phosphocholine (DOPC; Avanti Polar Lipids, 850375) via vesicle extru-

sion.38,39 In short, chloroform was removed from DOPC by evaporation

in a vacuum chamber for 1 h. We resuspended DOPC (2.5 mg·mL−1) in 1

mM NaCl. To form vesicles, lipid suspensions were sonicated for 30 min
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followed by three freeze-thaw cycles (incubation in liquid nitrogen for 5

min followed by sonication at room temperature for 5 min). Vesicles were

extruded 11 times through 50 nm polycarbonate filters. The DOPC vesi-

cles had hydrodynamic diameters between 90 and 110 nm as determined

by DLS and ζ-potentials of 0 to -6 mV as determined by laser Doppler

electrophoresis. Vesicles were stored at 4 °C and used within 10 days.

Supported lipid bilayers were formed on SiO2-coated QCM-D sen-

sors (QSX203) in a Q-Sense E4 instrument (Biolin Scientific) by vesicle

fusion.22,39 In short, vesicles (0.125 mg·mL−1) in 100 mM NaCl were flowed

(0.100 mL·min−1) over sensors freshly cleaned in an UV/ozone chamber

for 20 min. The DOPC vesicles attained a critical surface concentration

on the sensors after ~5 min, at which point the vesicles fused and rup-

tured and a stable bilayer was formed. After signal stabilization, the stable

bilayer was rinsed for 10 min with 100 mM NaCl to remove any loosely

adhered vesicles. Example frequency and energy dissipation traces for

bilayer formation are shown in Supporting Information, Figure S9.2 The

final frequency change for the bilayers was 25± 0.5 Hz and the dissipation

factor was 0.2(±0.1)× 10−6, consistent with values previosuly reported

for supported DOPC bilayers.38
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9.2.7 Nanoparticle Adsorption and Desorption

Experiments

After formation of stable DOPC bilayers on SiO2-coated QCM-D sensors,

we flowed 10 mM NaCl over bilayer until a stable baseline was achieved.

We then introduced AuNPs (10 nM) at the same flow rate and in solution

of the same composition until a stable plateau in frequency was attained

(within 20 min). At this point, AuNP-free solution was introduced into the

flow cell and the bilayer was rinsed until a stable baseline was observed.

In preliminary experiments with C10-AuNPs, we determined that a AuNP

concentration of 10 nM and an exposure time of 20 min was sufficient

for a plateau in frequency to be attained. Figure S10 shows changes in

acoustic surface mass density and energy dissipation upon exposure of

supported lipid bilayers to AuNPs decorated with each of the indicated

ligands studied.2

We calculated surface mass densities from frequency shifts (∆fn) using

the Sauerbrey equation shown in Equation 9.2.40

ΓQCMD = −C
∆fn

n
(9.2)

where C is the mass sensitivity constant and n is the harmonic number.40

Data for AuNP-bilayer interaction were determined to fall within the Sauer-

brey regime, 4x10−7Hz−1 >> −∆Dn
∆fn
n

for a 5 MHz crystal.22 All data taken

between a bilayer baseline and final baseline fit the Sauerbrey regime. For
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all analysis the 5th harmonic was used. We calculated the maximum sur-

face mass density, Γmax, at the end of the adsorption phase. We determined

dΓ/dt by taking the derivative of Γ with respect to time: a linear regression

algorithm using 33 points (~30 s) centered around one point was used

to calculate the derivative. To model the rate coefficients, ka and kd, a

single-parameter optimized least squares model was used with equations

9.5 and 9.6 respectively. Adsorption data were fitted starting from the

time the AuNP nanoparticle suspension had displaced AuNP-free solution

in the flow chamber (indicated by a positive peak in dΓ/dt) and ending

when the AuNP suspension had been displaced from the flow chamber

by AuNP-free solution (indicated by a negative peak in dΓ/dt). The time

period over which adsorption data were fitted (14 min) corresponds to the

duration of AuNP flow minus the time of AuNP addition and removal

from the flow cell. Desorption data were fitted for 8 min after observation

of the negative peak in dΓ/dt associated with displacement of the AuNP

suspension from the flow chamber. The results of these fits are shown in

Supporting Information, Figure S11 and Figure S12 for adsorption and des-

orption curves respectively.2 Goodness of fit was calculated as a non-linear

R2 value and reported in Supporting Information, Table S3.2

9.2.8 System Setup for Classical MD Simulations

Interactions of AuNPs with DOPC bilayers were modeled with classi-

cal MD simulations using Gromacs 2016.41 The simulation workflow for
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developing the AuNP-DOPC systems is summarized in Supporting Infor-

mation, Figure S13.2 AuNPs were modeled using a self-assembly protocol

described previously,42 which outputs 2-nm diameter AuNPs (226 gold

atoms) with 83 ligands. AuNPs were modeled by using the INTERFACE

force field43 for gold atoms and the CHARM36/CGenFF force fields44–46

for the ligands. The AuNPs were solvated with the TIP3P water model47

with sufficient chlorine counterions to ensure the system is charge-neutral

then equilibrated for 5 ns at a temperature T = 300 K (controlled by a

velocity-rescale thermostat) and pressure P = 1 bar (controlled by a Berend-

sen barostat). A 50 ns NPT simulation was subsequently performed at

the same temperature and pressure, controlled by the same thermostat

and Parrinello-Rahman barostat. The last configuration of the 50 ns NPT

simulation was used to initiate AuNP-DOPC lipid membrane simulations.

The DOPC bilayer was generated using CHARMM36-GUI web-interface48

with 196 lipids in each of the top and bottom leaflets. The dimensions

of the DOPC bilayer were selected to avoid interactions between AuNPs

due to the periodic boundary conditions (see Supporting Information,

Figure S14).2 The bilayer was equilibrated with water at T = 300 K with

semi-isotropic pressure coupling in the x-y dimensions at P = 1 bar, con-

trolled by Nose-Hoover thermostat and Parinello-Rahman barostat. One

AuNP was then inserted into the DOPC system such that the gold core

center-of-mass was 6.9 nm away from DOPC center-of-mass and solvated

with water (Figure 9.1c). The AuNP-DOPC lipid membrane system was
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then equilibrated for 10 ns in the NPT ensemble with the AuNP restrained

at a 6.9 nm distance from the surface of DOPC with a harmonic potential of

2000 kJ·mol−1·nm−2 controlled by the Berendsen thermostat and barostat.

9.2.9 Increasing- and Decreasing-z US Simulations and

Subsequent Unbiased Simulations

We defined z as the center-of-mass distance between the gold core and

DOPC bilayer. Initial configurations for the decreasing-z US simula-

tions were generated by pulling the gold core towards the bilayer at

0.0005 nm·ps−1 using a harmonic potential with a spring constant of 2000

kJ·mol−1·nm−2. Pulling was performed in the NPT ensemble at T = 300

K and P = 1 bar, controlled by the velocity-rescale thermostat and semi-

isotropic Berendsen barostat. Configurations from this trajectory were

used to perform the decreasing-z US simulations with z varying from 1.3

nm to 6.5 nm. Initial configurations for the increasing-z US simulations

were generated by pulling the gold core away from the bilayer starting from

the final configuration of the z = 1.3 nm window from the decreasing-z US

simulations. This pulling simulation used the same harmonic potential

and pull rate as the decreasing-z pulling simulations. Configurations from

this trajectory were used to perform increasing-z US simulations with z

varying from 1.5 to 6.5 nm.

All US simulation windows were equilibrated for 500 ps in the NPT
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ensemble using the velocity-rescale thermostat and Berendsen barostat

then simulated for 50 ns using the same thermostat and the Parinello-

Rahman barostat. Some windows were extended to an additional 100 ns as

discussed in the Supporting Information.2 The last 40 ns of the production

simulation for each window were used to compute the PMF with the

Weighted Histogram Analysis Method (WHAM).49 Additional details on

the US protocol and number of simulation windows are provided in the

Supporting Information.2

Unbiased MD simulations were performed using the 50 ns configura-

tion from either a decreasing- or increasing-z US simulation window. The

configuration was equilibrated for 500 ps with the z value restrained using

the same spring constant as US simulations. Then, a 50 ns unbiased NPT

simulation was performed at P = 1 bar controlled by the Parinello-Rahman

barostat and T = 300 K controlled by the velocity-rescale thermostat.

9.2.10 Quantifying the Number of Hydrophobic Contacts

The total number of hydrophobic contacts (ch) was defined in Equation

9.3 by summing all possible contacts between alkane and R group atoms

of the ligands (i) and tail group atoms of DOPC (j).

ch =
∑
i

∑
j

sij (9.3)
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Equation 9.4 defines sij as a continuous function that smoothly decays

between 1 (corresponding to a hydrophobic contact) and 0 as a function

of distance between atoms i and j (rij).

sij =
1 −

(
rij
ro

)6

1 −
(
rij
ro

)12 (9.4)

ro is defined as the cutoff when sij approaches zero and was set to 0.35

nm. Hydrogen atoms were not considered when quantifying the total

number of hydrophobic contacts. Hydrophobic contacts were computed

using PLUMED Version 2.5.1.50

9.2.11 Hydrophobic Contact US Simulations

We performed US simulations using hydrophobic contacts (ch) as the col-

lective variable using PLUMED Version 2.5.1 in conjunction with Gromacs

2016.6. Initial AuNP-DOPC configurations used the last configuration

from the decreasing-z US simulations at z = 5.1 nm, which has ch = 0 for

C1- and C10-AuNPs (Figure 9.3c). Initial configurations for US simulations

were generated using a NVT pulling trajectory with a spring constant of

50 kJ·mol−1·contacts−2 (see Supporting Information, Table S7).2 US simu-

lations were initiated using configurations from the pulling simulations

with ch values between 0 - 150 contacts in increments of 2.5 contacts, total-

ing up to 61 windows. A spring constant of 10 kJ·mol−1·contacts−2 was
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used for all US simulations. Each simulation window was equilibrated

for 500 ps using the velocity-rescale thermostat then simulated for 80 ns

using the same thermostat and the Parinello-Rahman barostat. The last 60

ns of the production simulation for each window were used to compute

the PMF with WHAM.49 For Bn-AuNPs, the last 40 ns of 50 ns production

simulations for each window was used to compute the PMF, which was

sufficient for convergence (see Supporting Information, Figure S19).2

9.2.12 Simulation Parameters

For all simulations, Verlet lists were generated using a 1.2-nm neighbor

list cutoff. Van der Waals interactions were modeled with a Lennard-

Jones potential using a 1.2-nm cutoff that was smoothly shifted to zero

between 1.0 and 1.2 nm. Electrostatic interactions were calculated using

the smooth particle mesh Ewald method with a short-range cutoff of 1.2

nm, grid spacing of 0.12 nm, and fourth order interpolation. Bonds were

constrained using the LINCS algorithm.51 Periodic boundary conditions

were enabled in all directions.
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9.3 Results and Discussion

9.3.1 Ligand R Group Lipophilicity Governs AuNP

Adsorption to Lipid Bilayers

Figure 9.1a shows the library of cationic ligands used to functionalize the 2-

nm diameter AuNPs employed in this study. As described in the Methods,

ligand lipophilicity is expressed as the equilibrium partition coefficient

between phosphatidylcholine liposomes and water (Klip-w) calculated for

each ligand R group: methyl (C1), ethyl (C2), butyl (C4), benzyl (Bn), and

decyl (C10).13 Larger logKlip-w values correspond to a higher propensity for

the ligand R group to partition into phosphatidylcholine liposomes from

water. By modulating only the ligand R group, we systematically study the

effects of R group lipophilicity while keeping the gold core size, charge,

and ligand backbone constant. We determined AuNP hydrodynamic

diameter and apparent zeta potential by dynamic light scattering and

laser Doppler electrophoresis, respectively. Figure S8 shows that in the

aqueous solution used for our experiments (10 mM NaCl buffered to pH

7.4 with 10 mM HEPES), the hydrodynamic diameters, and therefore

degrees of aggregation, of the AuNPs in our library were comparable.

The only statistically significant difference in hydrodynamic diameter

was between the Bn- and C10-AuNPs (p = 0.314), which we attribute to

differences in the polarizability and flexibility of the ligand R groups (i.e.,

higher polarizability of the benzyl group leading to stronger van der Waals



337

interactions, higher flexibility of the C10 R group allowing it to minimize

solvent exposure by folding back on itself). The apparent zeta potentials

of the AuNPs in our library were statistically indistinguishable and did

not differ from zero (p > 0.05, Figure S8d;2 zeta potential mostly between

−10 and +10 mV).52 Given the near neutral apparent zeta potentials of the

AuNPs, we do not expect electrostatics to dominate their interaction with

bilayers. Similar libraries of AuNPs have been used to correlate cytotoxicity

and hydrophobicity.17
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Figure 9.1: Experimental and computational systems used to study gold
nanoparticle adsorption onto phospholipid bilayers. (a) Ligands are com-
prised of an alkane group (gray), an oligo(ethylene glycol) spacer group
(green), and a cationic quaternary ammonium group (red) substituted
with the indicated R group and two methyl groups. The five R groups used
are displayed in red and labeled with their calculated logKlip-w values in
parentheses. (b) Schematic of the system used in quartz crystal microbal-
ance experiments to measure nanoparticle adsorption to supported DOPC
lipid bilayers. (c) Snapshot of 2-nm gold nanoparticle with C10 ligands
placed above a DOPC lipid bilayer. The color scheme is illustrated for each
of the components at right. The DOPC lipids are comprised of a zwitteri-
onic phosphatidylcholine head group and nonpolar acyl tails consisting
primarily of aliphatic carbon atoms. Water is shown in grey.

As described in the Methods, SLBs were prepared from 1,2-dioleoyl-

sn-glycero-3-phosphocholine (DOPC) using the vesicle fusion method,52

after which AuNPs (10 nM) were flowed over DOPC lipid bilayers for 20

minutes (schematically represented in Figure 9.1b) followed by rinsing

with AuNP-free solution for extended periods of time. We character-

ize AuNP-SLB interactions at two distinct time points: after 20 minutes
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flow-experimentally determined as sufficient time to attain an adsorption

plateau-and after extended rinsing. We report QCM-D results as acoustic

surface mass density (Γ ) and the change in energy dissipation (∆D). We

obtained Γ from frequency changes using the Sauerbrey equation.22

Figure 9.2a shows the acoustic surface mass density for the AuNPs

after 20 minutes flow (Γmax) and after rinsing (Γrinse). We find that C2-,

C4-, Bn-, and C10-AuNPs adsorb to the DOPC bilayer, whereas any ad-

sorption of C1-AuNPs was not detectable. For the series of AuNP ligands

used, Γmax correlates positively with logKlip-w. For C2-AuNPs, Γrinse = 0,

indicating that these AuNPs reversibly adsorb to the lipid bilayer and

rinse away using buffer. In contrast, Γrinse > 0 for C4-, Bn, and C10-AuNPs,

suggesting that a population of these AuNPs remain quasi-irreversibly

bound to the bilayer. Given the similarities in particle core size, appar-

ent zeta potential, ligand structure (with the exception of the R group),

and hydrodynamic diameter, we expect that the nature of the ligand R

group was the dominant contributor to AuNP-bilayer interactions; how-

ever, we cannot exclude that aggregation state had a minor influence in

the case of the Bn-AuNPs. Increases in AuNP-bilayer interaction with

increasing lipophilicity is consistent with established ideas of lipophilic

ligand-mediated NP toxicity.17

Figure 9.2b shows change in energy dissipation after 20 minutes flow

(∆Dmax) and after rinse (∆Drinse). The C1-AuNPs do not effect a detectable

dissipation change, consistent with the lack of observed mass attachment
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(Figure 9.2a). For C2-AuNPs, zero Γrinse corresponds with nonzero ∆Drinse.

Without a quantifiable population of AuNPs adsorbed to the SLB, either

small undetectable populations of AuNPs induce detectable viscoelastic

changes to the bilayer, or AuNP adsorption induces a permanent change

in the energy dissipation of the bilayer that persists after AuNPs have

rinsed away. For C4-, Bn-, and C10-AuNPs, ∆Dmax is statistically indistin-

guishable from ∆Drinse (p < 0.05). A population of reversibly adsorbed

AuNPs leave the bilayer upon rinsing without producing a detectable

change in energy dissipation. From the QCM-D results, we hypothesize

that the lipophilicity of C2-, C4-, Bn-, and C10-AuNPs leads to spontaneous

adsorption onto DOPC lipid bilayers and subsequent formation of a quasi-

irreversibly bound state in a subset of the adsorbed AuNP population.

Ligand lipophilicity appears to determine the degree of quasi-irreversible

interaction, with the least lipophilic ligands leading to negligible quasi-

irreversible adsorption. We employ classical molecular dynamics simula-

tions to measure the free energy barriers to forming these states and to

gain insight into the mechanism of quasi-irreversibly binding.



341

Figure 9.2: Influence of ligand lipophilicity on AuNP attachment to sup-
ported DOPC bilayers as determined by QCM-D. (a) Acoustic surface
mass density (Γ ) maximum and after rinse. (b) Dissipation factor (∆D)
maximum and after rinse. Error bars represent one standard deviation
from four replicate QCM-D experiments.
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9.3.2 Contact between Lipophilic Ligand Groups and

Lipid Tails Promotes Adsorption

We first modeled interactions between C1- and C10-AuNPs and DOPC

lipid bilayers to understand the molecular interactions that drive AuNP

adsorption. These AuNPs were selected because the ligands represent

the extremes of logKlip-w in this study and the AuNPs exhibit distinct

adsorption behavior: C1-AuNPs do not adsorb to DOPC bilayers, whereas

C10-AuNPs adsorb quasi-irreversibly (Figure 9.2a). We first quantified

potentials of mean force (PMFs) for C1- and C10-AuNP adsorption using

umbrella sampling (US) simulations. The PMF measures the free energy as

a function of a collective variable, z, which we define as the distance in the

direction normal to the bilayer between the gold core and DOPC center-of-

mass (Figure 9.1c) following past literature.27–30 We calculated PMFs using

initial simulation configurations generated by pulling the AuNP either

from an initial position in water toward the bilayer (decreasing-z simula-

tions) or from an initial position in the bilayer toward water (increasing-z

simulations). These two methods were used to interrogate potential hys-

teresis associated with long timescale bilayer rearrangements.53,54

Figure 9.3 compares decreasing-z and increasing-z PMFs for C1- and

C10-AuNPs. Both sets of PMFs are comparable: the decreasing-z PMFs

monotonically increase as z decreases, whereas the increasing-z PMFs

exhibit free energy minima at positions near the water-bilayer interface
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(z ≈ 5 nm). Simulation snapshots indicate that the free energy minima

correspond to configurations in which nonpolar lipid tail groups are in

contact with lipophilic groups on the C1- and C10-AuNPs, suggesting that

these favorable contacts lead to thermodynamically preferred adsorbed

states for both AuNPs. These minima are consistent with the experimen-

tally observed quasi-irreversibly bound states for C10-AuNPs but do not

explain the inability of the C1-AuNPs to adsorb. However, the pronounced

hysteresis between the increasing-z and decreasing-z PMFs suggests that

using z as a collective variable does not capture potential free energy bar-

riers that could inhibit adsorption, as previously observed in simulations

of lipid insertion into a bilayer.55
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Figure 9.3: Free energy as a function of the z distance between the AuNP
and lipid bilayer. Potential mean force (PMF) versus z for C1- and C10-
AuNPs when the gold core is (a) pulled towards (i.e. decreasing-z) and (b)
away from (i.e. increasing-z) the DOPC lipid bilayer. Simulation snapshots
show the last configuration from umbrella sampling simulations of C10-
AuNPs for different values of z. Water and chlorine atoms are omitted for
clarity. Legends are the same for (a) and (b). (c) Number of hydrophobic
contacts (ch) versus z for both decreasing- and increasing-z simulations.
Hydrophobic contacts are defined as the number of contacts between
nonpolar groups in the ligands and in the DOPC tail groups. Error bars
are reported as the standard deviation between two 20 ns blocks for each
umbrella sampling window.
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9.3.3 Unbiased Simulations Reveal Two Mechanisms

Leading to Prolonged AuNP Adsorption to Bilayers

We hypothesized that barriers to the formation of hydrophobic contacts

between lipids and the AuNP could explain the differences between the

increasing-z and decreasing-z PMFs; previous studies have also identified

hydrophobic contacts as important for favorable AuNP-bilayer interac-

tions.32,56,57 Therefore, we calculated the total number of hydrophobic

contacts (ch) between the alkane and R groups of the ligands and the tail

groups of DOPC. Figure 9.3c plots ch as a function of z for both increasing-

z and decreasing-z simulations. For both AuNPs, many hydrophobic

contacts persist during the increasing-z simulations, indicating that hy-

drophobic contacts are highly favorable. Conversely, hydrophobic contacts

are observed for only small values of z during the decreasing-z simulations,

indicating the presence of hidden barriers that prevent contacts from form-

ing. To confirm that hydrophobic contacts are important for adsorption, we

performed 50-ns unbiased simulations initiated from configurations with

different z and ch values to determine if the C1- and C10-AuNPs desorb

from the bilayer. Figure 9.4a shows that both C1- and C10-AuNPs remain

adsorbed to the lipid bilayer if the initial value of ch exceeds ~40 contacts,

even for large values of z. These unbiased simulations are consistent with

the hypothesis that hydrophobic contacts between the AuNP ligands and

lipid membrane are important for adsorption but not captured by z alone.
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For unbiased simulations in which the AuNPs remain adsorbed, z

increases until z ≈ 5 nm, thus reaching states consistent with the free

energy minima obtained from the increasing-z PMFs. Figure 9.4b shows

final snapshots from the unbiased simulations of C1- and C10-AuNPs for

z ≈ 2 nm. The snapshots show two mechanisms that promote continued

AuNP adsorption: (1) the C1-AuNP remains adsorbed due to lipid extrac-

tion, where lipids are pulled away from the bilayer, and (2) the C10-AuNP

remains adsorbed due to both lipid extraction and ligand intercalation,

where some C10 ligands extend into the hydrophobic core of the bilayer. In

both mechanisms, hydrophobic contacts drive the rearrangement of lipids

to facilitate AuNP adsorption. C1 ligands are less capable of facilitating

ligand intercalation relative to C10 ligands, because the C1 hydrophobic

chain length is shorter than C10.
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Figure 9.4: Unbiased simulations initiated from umbrella sampling tra-
jectories. (a) Number of hydrophobic contacts (ch) versus z for unbiased
simulations initiated from increasing- and decreasing-z US configurations
for C1- and C10-AuNPs. AuNPs are considered adsorbed if z < 6 nm for
the last 10 ns of the unbiased simulation (filled markers) and desorbed if
z > 6 nm (hollow markers). Points in the dashed blue box were for unbi-
ased simulations initiated from increasing-z US configuration, all other
points were for simulations initiated from decreasing-z US configurations.
(b) Simulation snapshots after 50 ns of unbiased simulation for C1- and
C10-AuNPs. The initial z values and final z values after 50 ns are labeled
above the snapshots. Atoms in the DOPC head groups are omitted for
clarity.
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9.3.4 Ligand Intercalation within Bilayer Reduces Barrier

for Forming Hydrophobic Contacts

The results from the US and unbiased simulations suggest that hydropho-

bic contacts are important for AuNP adsorption but are not sampled when

using z as a collective variable. We therefore performed US using ch

as a collective variable to calculate a corresponding PMF. We included

Bn-AuNP in this analysis, which has intermediate ligand lipophilicity

compared to the other ligands and adsorbs quasi-irreversibly (Figure 9.2a).

Figure 9.5a shows PMFs for C1-, Bn-, and C10-AuNPs as a function of ch.

The PMF for the C1-AuNP monotonically increases with ch, indicating

that the initial formation of hydrophobic contacts is unfavorable. The

PMF for Bn-AuNP also monotonically increases with larger ch values,

but with a substantially lower slope than C1-AuNP, which indicates that

the more lipophilic Bn ligands reduce the free energy barrier to forming

hydrophobic contacts. The PMF for C10-AuNPs has an initial free energy

barrier at ch = 5 contacts and a local minimum at ch ≈ 40 contacts, then

increases monotonically at larger ch values. The local minimum indicates

a metastable state due to the formation of favorable hydrophobic contacts.

This metastable state for C10-AuNPs may lead to subsequent ligand inter-

calation or lipid extraction steps that result in the quasi-irreversibly bound

states observed from experiments and the global minimum indicated by

the increasing-z PMFs (Figure 9.3b).
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Figure 9.5b shows simulation snapshots of C1-, Bn-, and C10-AuNPs for

various ch values. For C1-AuNPs, ligands contact the bilayer for ch 6 30

contacts, then a single lipid molecule is extracted for ch > 40 contacts. At

ch = 150 contacts, the C1-AuNP desorbs from the DOPC lipid membrane

even after extracting two lipid molecules, suggesting that lipid extraction is

not sufficiently favorable to promote adsorption without more substantial

bilayer deformations (like those observed in Figure 9.4b). Conversely, the

snapshots of the Bn- and C10-AuNPs show that ligands intercalate within

the bilayer. For the Bn-AuNP, multiple ligands intercalate within the

bilayer with increasing ch. We attribute the smaller slope of the Bn-AuNP

PMF compared to the C1-AuNP PMF to favorable intercalation. For the C10-

AuNP, a single ligand intercalates within the bilayer at ch ≈ 40. This value

of ch corresponds to the local minimum in the PMF and is comparable to

the threshold for stable adsorption identified from unbiased simulations

(Figure 9.4a). Unlike the Bn-AuNP, multiple C10 ligands only intercalate

within the bilayer for large values of ch (≈ 150 contacts). We further tested

if ligand intercalation is sufficient to keep the C10-AuNP adsorbed to the

DOPC lipid bilayer. We performed four unbiased simulations of each of

the three AuNPs initiated with ch = 40 and found that the C10-AuNPs

remain adsorbed, whereas most C1-AuNPs rapidly desorb and Bn-AuNPs

desorb but at a slower rate than C1-AuNPs (Supporting Information, Figure

S22).2

Taken together, the simulation results suggest that C1-, Bn- and C10-
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AuNPs can favorably adsorb to the bilayer if sufficient hydrophobic con-

tacts are formed between the AuNP and the bilayer (Figure 9.3b). However,

C1-AuNPs can form hydrophobic contacts with the bilayer only via a lipid

extraction mechanism that is associated with a large free energy barrier

(Figure 9.5). This barrier thus inhibits adsorption in agreement with exper-

imental measurements. Conversely, the more lipophilic R groups present

in the Bn and C10 ligands intercalate within the bilayer to promote the

formation of hydrophobic contacts (Figure 9.5). Additional snapshots illus-

trating these two mechanisms are shown in the Supporting Information,

Figure S20.2 Intercalation could facilitate the initial favorable adsorption

of Bn- and C10-AuNPs followed by longer timescale interconversion to a

quasi-irreversibly adsorbed state associated with many hydrophobic con-

tacts (Figure 9.2a). Furthermore, ligand intercalation for C10-AuNPs could

explain the experimentally observed bilayer viscoelastic change (Figure

9.2b).
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Figure 9.5: Free energy as a function of AuNP-bilayer hydrophobic con-
tacts. (a) Potential of mean force (PMF) versus the number of hydrophobic
contacts (ch) for C1-, Bn-, and C10-AuNPs. Error bars are reported as the
standard deviation between two 30 ns trajectories for C1- and C10-AuNPs
and two 20 ns trajectories for Bn-AuNP in each umbrella sampling win-
dow. (b) Simulation snapshots with ch = 5, 40, and 150 for C1-, Bn-, and
C10-AuNPs. DOPC lipids that are within 0.35 nm of the ligand atoms are
highlighted in cyan.
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9.3.5 Two-state Adsorption Kinetics Describes AuNP

Reversibly and Quasi-Irreversibly Adsorbed States

We constructed an analytical kinetic model to investigate the connection be-

tween the findings from MD simulations and the experimentally observed

quasi-irreversible binding of AuNPs to lipid bilayers. QCM-D cannot

directly measure the extent of ligand intercalation, but it does allow two

distinct adsorbed states to be distinguished.25,26,58 We define a three-state

model to describe the kinetics of AuNP-SLB interactions which includes a

(1) metastable, reversibly adsorbed state, which can undergo either further

ligand intercalation, lipid extraction, or desorption; (2) quasi-irreversibly

adsorbed state, which corresponds to a high number of hydrophobic con-

tacts consistent with a global free energy minimum (Figure 9.3b); and (3)

desorbed state, which could reflect barriers to forming initial hydrophobic

contacts necessary for adsorption.

The two adsorbed states represent a reversibly adsorbed (Γα) and a

quasi-irreversibly adsorbed (Γβ) population of nanoparticles. At any given

time, the total mass of adsorbed particles equals the sum of the masses

of the reversibly and quasi-irreversibly adsorbed particles: Γtotal(t) =

Γα(t) + Γβ(t). Assuming first-order adsorption kinetics, the rate of mass

adsorption (the first derivative of mass adsorption with respect to time)

can be expressed as a function of the first-order rates of adsorption (ka),

conversion to quasi-irreversibly adsorbed state (kβ), and desorption (kd).
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Equation 9.5 describes the adsorption kinetics, as modified from Zhang et

al.25

dΓα

dt
= kams

Γmax − Γtotal(t)

Γmax
− kdθΓtotal(t) − kβθΓtotal(t) (9.5)

where ms is the mass density of AuNPs in solution, and θ is the ratio

of reversibly to total adsorbed particles, approximated as θ = Γrinse
Γmax

The

adsorption capacity of the bilayer was taken as Γmax. Particles that rinse

from the bilayer were considered to have been in the reversibly adsorbed

α state. Equation 9.6 describes the desorption of AuNPs from a SLB after

AuNPs have been removed from solution.

dΓ

dt
= −kdΓtotal(t) (9.6)

To determine the rate coefficient for conversion to the quasi-irreversible

adsorption state (kβ), we consider the rate of change of Γβ independently

described by Equation 9.7.

dΓβ

dt
= kβθΓtotal(t) (9.7)

We have two distinct time points for Γβ (t = 0 min and t = 20 min). By

integrating over the total time of NP-bilayer exposure (tmax = 20 min), we

determine kβ assuming first-order kinetics shown in Equation 9.8.

kβ =
Γβ

Γtotalθt
(9.8)
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Figure 9.6 shows the rate coefficients ka, kβ, and kd for the different

AuNPs. The rate coefficient for adsorption, ka, increases monotonically

with increasing ligand R group lipophilicity as expressed by logKlip-w

(Figure 9.6a). ka is dictated by the free energy of binding, which is posi-

tively correlated to ligand lipophilicity. The rate coefficient for conversion

from the reversible to the quasi-irreversible adsorbed state, kβ, appears

to increase with lipophilicity for C2-, C4-, Bn- and C10-AuNPs (Figure

9.6b). After initial adsorption, subsequent ligand intercalation into the

bilayer and lipid extraction from the bilayer facilitates the formation of

a quasi-irreversibly adsorbed state (Figure 9.4); therefore, we expect that

kβ is dictated by the free energy of hydrophobic contact between ligand

R groups and DOPC tail groups. As explored in the MD simulations,

increasing ligand R group lipophilicity leads to a decreased free energy

barrier for forming hydrophobic contacts (Figure 9.5). The rate coefficient

for desorption of AuNPs in the reversibly adsorbed state, kd, appears to

be independent of ligand R group lipophilicity (Figure 9.6c), suggesting

the mechanism for desorption remains constant between AuNPs of vary-

ing ligand lipophilicity. These findings indicate that selection of ligand

R group lipophilicity could drive reversible or quasi-irreversible AuNP

adsorption onto DOPC bilayers.
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Figure 9.6: The role of ligand end group lipophilicity on adsorption to
and desorption from phospholipid bilayers. (a) Adsorption rate constant
(ka) calculated from AuNP adsorption with calculated desorption rate
constant (kd) values. (b) Rate constants for conversion to quasi-irreversibly
adsorbed state (kβ) calculated from mass at maximum and after rinse. (c)
Desorption rate constants (kd) calculated from AuNP desorption. Error
bars represent one standard deviation of four replicate QCM-D measure-
ments. (d) Schematic showing hypothesized mechanism for preferential
adsorption of C10-AuNPs compared to C1-AuNPs. C10-AuNPs have a
longer R group, denoted by the red lines. Alkane is shown as black lines
and PEG is shown as green lines. The symbol and color for the gold core
and lipid bilayer is the same as Figure 9.1b.



356

9.4 Summary

We explored the role of ligand lipophilicity on the adsorption of 2 nm

diameter AuNPs to zwitterionic phospholipid bilayers using QCM-D mea-

surements and atomistic MD simulations. The experiments indicated

that AuNPs coated with lipophilic ligands can adsorb quasi-irreversibly to

DOPC bilayers. The extent of conversion to the quasi-irreversibly adsorbed

state scales with ligand functional group lipophilicity. The simulations

revealed that AuNP adsorption depends on the number of hydrophobic

contacts between the AuNP ligands and the phospholipid acyl chains,

which can emerge either due to the intercalation of ligands within the

bilayer or the extraction of lipids from the bilayer. Increasing ligand end

group lipophilicity promotes intercalation within the bilayer rather than

lipid extraction, which reduces the free energy barrier for forming hy-

drophobic contacts. Analytical modeling of experimental AuNP-bilayer

interaction kinetics relates the MD findings to the formation of both re-

versibly and quasi-irreversibly adsorbed states.

Together, the experiments and simulations suggest a mechanism for

AuNP adsorption that depends critically on ligand lipophilicity (Figure

9.6d). The first step for adsorption is hydrophobic contact between the

ligand R group and DOPC tail groups. Since Bn and C10 ligands have

lipophilic R groups, they can intercalate within the bilayer to promote

hydrophobic contacts after overcoming a ~30 kJ·mol−1 free energy bar-
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rier. At long time scales, Bn- and C10-AuNPs form a quasi-irreversible

adsorbed state corresponding to a large number of hydrophobic contacts,

consistent with the global free energy minimum in Figure 9.3b. Con-

versely, C1 ligands are unable to make sufficient hydrophobic contacts to

maintain adsorption due to the large barrier required for lipid extraction

(Figure 9.5), resulting in desorption. Our results show that functionalized

nanomaterials coated with lipophilic end group ligands could have en-

hanced adsorption and long-term stability on cell membranes. Tuning

nanomaterial ligand lipophilicity may provide a means to enhance tar-

geted nanodrug delivery through selective intercalation of ligands into

cell membranes; alternatively, decreasing ligand lipophilicity may allow

for creation of environmentally benign nanomaterials.
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10 the interplay of ligand properties and core

size dictates the hydrophobicity of

monolayer-protected gold nanoparticles

The previous chapter found that ligand lipophilicity/hydrophobicity cor-

relates with gold nanoparticle uptake onto lipid bilayers. This suggests

that quantifying the extent of hydrophobicity of gold nanoparticles is

informative towards predicting their behavior with other biomolecules.

This chapter tackles the following questions:

• How do we quantify hydrophobicity at the nanoscale and how do
we apply it to nanoparticle systems?

• How does modulation of the gold core and ligand selection affect
interfacial hydrophobicity?

• What information could we gain from quantifying the hydrophobic-
ity of gold nanoparticle systems and how does that relate to interac-
tions with other molecules?

In this chapter, we quantify nanoparticle hydrophobicity by using

atomistic molecular dynamics simulations to calculate local hydration free

energies at the nanoparticle-water interface. The simulations reveal that

the hydrophobicity of large gold nanoparticles is determined primarily
This chapter was reproduced from Chew, A. K.; Dallin, B. C.; Van Lehn, R. C. The

Interplay of Ligand Properties and Core Size Dictates the Hydrophobicity of Monolayer-
Protected Gold Nanoparticles. ACS Nano 2021, 15, 4534–4545.1 Copyright 2021 American
Chemical Society. The supporting information is cited as Ref. 2. B. C. Dallin performed
the indirect umbrella sampling simulations for this chapter.
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by ligand end group chemistry, as expected. However, for small gold

nanoparticles, long alkanethiol ligands interact to form anisotropic bun-

dles that lead to substantial spatial variations in hydrophobicity even for

homogeneous monolayer compositions. We further show that nanoparti-

cle hydrophobicity is modulated by changing the ligand structure, ligand

chemistry, and gold core size, emphasizing that single-ligand properties

alone are insufficient to characterize hydrophobicity. Finally, we illustrate

that hydration free energy measurements correlate with the preferential

binding of propane as a representative hydrophobic probe molecule. To-

gether, these results show that both physical and chemical properties

influence the hydrophobicity of small nanoparticles and must be con-

sidered together when predicting gold nanoparticle interactions with

biomolecules.

10.1 Introduction

Gold nanoparticles (GNPs) protected by self-assembled monolayers (SAMs)

have attracted significant interest for biomedical,3 pollutant-detection,4

and antimicrobial5 applications because of their ease of fabrication, de-

tectability, and tunable properties.6,7 A SAM comprises multiple organic

ligands, each typically consisting of a sulfur head group, long carbon chain

backbone, and terminal end group, that exothermically adsorb onto GNPs

via a favorable gold-sulfur interaction, resulting in a stable, robust mono-
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layer.8,9 The physical and chemical properties of SAMs can be synthetically

tuned by changing the ligand chain length, structure (e.g. branched versus

linear), and end group chemistry (e.g. methyl versus alcohol group), pro-

viding a powerful and versatile toolset to influence GNP surface properties.

The GNP core size is another critical parameter that can be synthetically

tuned. For biological applications, small GNPs (< 10 nm in diameter) are

of interest because they have been shown to avoid removal from the body

through renal clearance10 and are approximately the same size as proteins

(e.g., hemoglobin is about 5 nm in diameter).11 For small GNPs, however,

the free volume available to ligands in the SAM can lead to variations

to GNP surface properties that can be difficult to anticipate.12–15 There is

thus a need to predict how the interplay of ligand properties and core size

impact GNP surface properties to avoid time-consuming experimental

GNP synthesis and characterization.

One important GNP property is hydrophobicity, which characterizes

the thermodynamic affinity of a GNP for water. Hydrophobicity plays

an important role in GNP behavior, such as the self-assembly of GNPs

to form aggregates,16–18 the adsorption of hydrophobic proteins onto the

GNP surface,19 and the insertion of GNPs into the hydrophobic core of cell

membranes.14,20 Unfortunately, quantifying hydrophobicity is challenging

because it emerges from collective water-water and ligand-water interac-

tions at the GNP-water interface. At the macroscale, hydrophobicity is

typically quantified by the water droplet contact angle on a flat surface,21–23
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but contact angles cannot be computed for single GNPs. Alternatively,

hydrophobic forces between two planar SAMs can be directly measured

using atomic force microscopy,24–27 but extending these measurements to

GNPs is again challenging due their non-planar geometries. Experimental

surface free energy characterization techniques have been developed to

capture the hydrophobicity of nanoparticles by measuring their colloidal

stability within a probe liquid, but this technique requires careful selection

of the probe liquid.28 Dye adsorption methods that introduce a hydropho-

bic or hydrophilic probe and measure the changes to adsorption in the

presence of nanoparticles are also limited by probe selection and cannot

distinguish between hydrophobic or electrostatic effects since these probes

are charged.29 These limitations suggest that alternative characterization

techniques are necessary to quantify GNP hydrophobicity.

As an alternative to experimental measurements, previous authors

have quantified GNP hydrophobicity by computing the octanol-water

partition coefficient (logP) for ligand end groups.17 Values of logP for lig-

and end groups have been found to correlate with the immune response

activity,30 cell uptake,17 selective binding with protein isoforms,31 and

antimicrobial efficacy of small GNPs.5 While these examples show the

value of rationally tuning GNP hydrophobicity, single-ligand descriptors

cannot account for nonadditive contributions to GNP surface properties

that may emerge from the organization of ligands on the surface,32 co-

operative interactions between ligands,32–36 or the curvature of the GNP
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surface.13,37 For example, cooperative ligand interactions drive the forma-

tion of bundles36,38–40 in which ligands are oriented in the same direction

as a result of ligand-ligand interactions. These bundles could affect GNP

behavior, such as the aggregation of GNPs that align to minimize exposure

of hydrophobic regions.34,35 Furthermore, the specific spatial organization

of ligands has been shown to lead to nonadditive contributions to GNP

interfacial energies which cannot be accounted for using single-ligand

parameters.32,41 Recent computational work has instead utilized “virtual”

GNPs, in which ligands are oriented radially and placed randomly around

a gold core, to calculate the solvent accessible surface area and predict

logP measurements.42 However, virtual GNPs are static models that do not

account for the interplay of ligand-water and ligand-ligand interactions

that influence hydrophobicity.

To analyze the nanoscale fluctuations of ligands and water molecules

that contribute to interfacial hydrophobicity, atomistic molecular dynam-

ics (MD) simulations can be used to model the properties of functionalized

GNPs.38–40,42–49 To quantify hydrophobicity, recent MD simulations have

calculated interfacial water density fluctuations.21,41,50–61 Increased water

density fluctuations lead to a higher probability of dewetting for cavities

placed near an interface and indicate that the surface is more hydrophobic.

The probability of dewetting can be thermodynamically related to the

hydration free energy, which has been shown to correlate with macro-

scopic contact angle21 and atomic force microscopy measurements.24,60
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Calculating interfacial hydration free energies thus permits the characteri-

zation of hydrophobicity for interfaces of arbitrary geometry and has been

successfully applied to study idealized surfaces,57 planar SAMs, carbon

nanotubes, and proteins,41 but has yet to be applied to understand factors

influencing the hydrophobicity of SAM-protected GNPs.

In this chapter, we systematically investigate the effect of GNP curva-

ture and ligand properties on the hydrophobicity of small 2 nm and 6

nm GNPs as well as planar gold SAMs that represent larger GNPs. We

perform unbiased MD simulations to quantify local hydration free en-

ergies near planar SAMs and find that these calculations are correlated

with results from indirect umbrella sampling (INDUS) simulations that

capture experimental trends.24 By quantifying the hydration free energies

of GNPs, we show that the surface curvature, ligand disorder, GNP size,

and ligand conformation all influence GNP hydrophobicity, resulting from

an interplay of ligand-ligand and ligand-water interactions that cannot

be captured by single-ligand descriptors (e.g. logP). Lastly, we relate the

local hydration free energies of GNPs to the competitive binding between

water and propane molecules to illustrate how hydration free energies

predict the preferential binding of hydrophobic moieties. These results

suggest that quantifying GNP hydrophobicity at the nanoscale can be

used to engineer GNP surface properties towards selective interactions

with biomolecules, such as proteins or lipid bilayers.
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10.2 Methods

10.2.1 Planar SAM simulations

Figure 10.1b shows the simulation system for planar SAMs with R = CH3

ligands. A planar gold surface was constructed from a face-centered cubic

lattice and two SAMs were grafted on opposite sides of the gold layer.

The gold and sulfur atoms were separated by a 0.327 nm vertical dis-

tance. 200 total ligands were initiated in an all-trans configuration along

the vector perpendicular to the gold surface. A 5 nm water layer was

added above each SAM. All gold and sulfur atoms were restrained with

a spring constant of 500,000 kJ/(mol nm2). Unless otherwise stated, all

simulations were performed at a temperature T = 300 K, controlled by the

velocity rescale thermostat, and P = 1 bar (if NPT ensemble), controlled

by either Berendsen or Parrinello-Rahman barostat. The system was then

energy minimized, equilibrated for 6 ns in the NPT ensemble with the

pressure controlled by the Berendsen barostat, then equilibrated for 5

ns in the same ensemble with the pressure controlled by an anisotropic

Parrinello-Rahman barostat that only allowed changes to the z-dimension

of the simulation box (see Supporting Information, Figure S1).2 Two 5 ns

restrained NPT simulations were then performed with the pressure con-

trolled by the Berendsen barostat for the first 5 ns and Parrinello-Rahman

barostat for the next 5 ns. The last configuration from this workflow was

extracted, a 5 nm buffering vacuum layer62 was added above each of the
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SAMs (illustrated in Figure 10.1b), and the resulting configuration was

used to initiate a 50 ns restrained NVT production simulation. For re-

strained simulations, all ligand heavy atoms (except sulfur atoms) were

restrained with a weaker spring constant of 50 kJ/(mol nm2). The addition

of ligand heavy atom restraints did not significantly impact local hydration

free energies (see Supporting Information, Figure S4).2 Configurations

from all restrained 50 ns NVT production simulations were output every

1 ps.
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Figure 10.1: Overview of monolayer-coated gold nanoparticles and planar
gold surfaces. (a) Alkanethiol ligand chemical structures studied in this
work, including ligands with saturated, unsaturated, and branched non-
polar backbones and six different end groups (indicated by R) of varying
polarity. (b) Snapshot of the double planar self-assembled monolayer
(SAM) simulations for saturated R = CH3 ligands (i.e. dodecanethiol). (c)
Snapshot of a 2 nm gold core coated with the same ligands as in (b) and
snapshot of the equilibrated nanoparticle in water.
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10.2.2 GNP simulations

Faceted GNPs with 2 and 6 nm gold core diameters were constructed

as described in Ref. 36. A 5 ns NPT equilibration simulation was per-

formed with the pressure controlled by the Berendsen barostat, then a

50 ns NPT production simulation was performed using the Parrinello-

Rahman barostat. The last 40 ns of the production simulation were used

to select the most representative configurations of the GNP as described

in the Supporting Information.2 Two 2 ns restrained NPT simulations

were then performed using the most representative GNP configurations

with the pressure controlled by the Berendsen barostat for the first 2 ns

and the Parrinello-Rahman barostat for the next 2 ns. The last configura-

tion was used to initiate restrained NVT production simulations for 50

ns (see Figure 10.1c). Gold atoms and sulfur atoms were restrained with

a spring constant of 500,000 kJ/(mol nm2), whereas ligand heavy atoms

(except sulfur atoms) were restrained with a weaker spring constant of

50 kJ/(mol nm2). Restraints on the ligand heavy atoms were selected to

maintain ligand fluctuations and a well-defined surface (see Supporting

Information, Figure S3).2 The weaker spring constant is commensurate

with previous simulations that map ligand binding sites in proteins.63 In

addition, previous simulations found that spurious solvation preferences

on the surface of fully restrained proteins,64 necessitating the use of weak

spring constants to minimize these effects.
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10.2.3 Propane-water simulations

Hydrophobic sites around a GNP were mapped by simulating the GNP

in an aqueous mixture with propane. The cubic simulation box was re-

sized with 1 nm between the edge of the box and the GNP and solvated

using Packmol65 with 1 mol% propane (96 molecules) and 99 mol% water

(9,602 molecules). To maintain a constant SAM-water interface, gold and

ligand atoms were restrained using the same restraints as described for

the restrained NVT simulations. The simulation protocol was as follows:

(1) 2 ns NPT equilibration at P = 1 bar (controlled by a Berendsen barostat)

and T = 300 K, (2) 4 ns NVT temperature annealing, and (3) 12 ns NPT

production at P = 1 bar (controlled by the Parrinello-Rahman barostat) and

T = 300 K. The NVT temperature annealing step was included to allow

the solvent to explore the surface at a higher temperature and avoid any

bias from the initial configurations. For the NVT temperature annealing

step, all gold core and SAM ligand atoms were frozen, the temperature

was ramped from 300 K to 600 K for 1 ns, held constant at 600 K for 1 ns,

ramped down from 600 K to 300 K for 1 ns, and held constant at 300 K for

1 ns. The last 10 ns of the 12 ns NPT production simulation were used for

analysis with configurations output every 10 ps. The simulation procedure

was iterated five times with different initial solvent configurations (see

Supporting Information, Figure S10 for convergence details).2
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10.2.4 Simulation parameters

Ligands were parameterized with the CGenFF/CHARM36 forcefield66–68

and gold atoms were parameterized with the INTERFACE force field.69

Water was modeled using the TIP3P model.70 In all simulations, Verlet

lists were generated using a 1.2 nm neighbor list cutoff. Van der Waals

interactions were modeled with a Lennard-Jones potential using a 1.2 nm

cutoff that was smoothly shifted to zero between 1.0 and 1.2 nm. Electro-

static interactions were calculated using the smooth particle mesh Ewald

method with a short-range cutoff of 1.2 nm, grid spacing of 0.12 nm, and

fourth order interpolation. Bonds were constrained using the LINCS al-

gorithm.71 Periodic boundary conditions were enabled in all directions.

All classical MD simulations were performed using Gromacs 201672 using

the leapfrog integrator with a 2-fs timestep.

10.3 Results and Discussion

10.3.1 Hydration free energies for planar SAMs predict

experimental measurements

We first quantified the hydrophobicity of single-component planar SAMs

containing saturated undecanethiol backbones and six end groups of vary-

ing polarity (listed in Figure 10.1a) because the simple geometry of planar

SAMs facilitates comparisons between simulation-derived hydrophobicity
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calculations and experimental measurements. Planar SAMs also represent

the limit of large GNPs (>60 nm in diameter) with low surface curva-

tures,73 enabling comparisons between the hydrophobicity of large GNPs

and small (<10 nm diameter) GNPs with identical SAM compositions. R =

COOH ligands were included to capture effects associated with highly po-

lar end groups and were modeled as neutral (corresponding to acidic con-

ditions) in this study to avoid the complexity associated with counterions.

Figure 10.1b shows the planar SAM simulation systems consisting of two

SAMs above and below a planar gold (111) surface with R = CH3 ligands.

A 5 nm water box was simulated above each SAM to capture SAM-water

interactions and a 5 nm vacuum layer was included to provide a buffering

boundary condition.62 Figure 10.2a shows the SAM-water interface for R =

CH3 ligands as an example. For all systems, the SAM-water interface was

defined as a constant water density isosurface using the Willard-Chandler

method.62 We selected a constant density of 26 molecules/nm3, which is

sufficiently large to avoid overlap between the grid points and the ligand

heavy atoms for R = CH3 ligands (see Supporting Information, Figure S5).2

We quantified SAM hydrophobicity by calculating the hydration free

energy (µv) of a cavity placed at the SAM-water interface. µv is related to

the probability of vacating all heavy atoms within the cavity, pv(N = 0),

by Equation 10.1:24,57

µv = −kT ln pv(N = 0) (10.1)
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N is the number of heavy atoms in the cavity, k is the Boltzmann constant,

and T is the temperature. Lower µv values indicate that the cavity is more

likely to dewet and thus more hydrophobic. The subscript v indicates

a specific cavity because in general µv depends on the cavity geometry,

volume, and placement.

As a first approach, we computed hydration free energies for 2×2×0.3

nm3 cuboidal cavities (Figure 10.2a) placed at the SAM-water interface.

We denote these free energies as µA to indicate the hydration free energy

of a cavity spanning a large area. Values of µA have been shown to corre-

late with experimentally determined hydrophobic forces between planar

SAMs, indicating that this approach captures macroscopic measurements

of hydrophobicity.24 The challenge in computing µA is accurately calculat-

ing pA(0) for large cavities, which have a low likelihood of spontaneously

dewetting in unbiased MD simulations. We thus performed indirect um-

brella sampling (INDUS) simulations in which a biasing potential is used

to vacate water molecules from the cavity and the corresponding value

of pA(0) (and µA) is obtained using the Weighted Histogram Analysis

Method (see Supporting Information, Figure S6).74

As validation, Figure 10.2b compares values of µA to experimentally

determined water contact angles75,76 for single-component SAMs prepared

on gold for the same set of ligand end groups as those listed in Figure

10.1a. Figure 10.2b shows that the selected end groups in Figure 10.1b

vary substantially in their hydrophobicity as expected. CH3 and CF3 end
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groups are more hydrophobic (smaller values of µA) and the other end

groups are less hydrophobic. Larger water contact angles indicate more

hydrophobic surfaces;21 accordingly, the positive correlation between µA

and the contact angle indicates that the simulation results predict inter-

facial hydrophobicity in good agreement with macroscopic experiments,

resulting in a high Pearson’s r correlation coefficient of 0.96. µA also can

distinguish between SAMs that are indistinguishable using the water con-

tact angle; specifically the R = COOH surface has a larger value of µA

than the R = OH and R = CONH2 SAMs, reflecting a stronger affinity

for water, even though these SAMs are all macroscopically wet and have

similar contact angles. These results indicate that the simulations capture

SAM hydrophobicity in good agreement with experiments, permitting

comparison of planar SAMs and small GNPs to determine how changes in

GNP geometry and ligand structure, together with end group chemistry,

influence interfacial hydrophobicity.
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Figure 10.2: Quantifying the hydrophobicity of planar SAMs. (a) Snapshot
showing the SAM-water interface (indicated as a purple surface) computed
for a planar SAM with saturated R = CH3 ligands. Two cavity geometries
were used to calculate hydration free energies: a 2× 2× 0.3 nm3 cuboidal
cavity was used to compute µA with INDUS simulations (illustrated at
top) and a series of small spherical cavities with radii of 0.33 nm were
used to compute µL from unbiased MD simulations (illustrated at bottom;
only one cavity is shown for clarity). (b) Correlation between µA and
experimental water contact angles (cos θ, top) and median values of µL
(bottom) for ligands with different end group chemistries. Contact angle
measurements were taken from Ref. 75,76 and tabulated in the Supporting
Information, Table S2.2 Both µL and µA were computed for top and bottom
planar SAMs and treated as independent samples. Points show the average
value of µL or µA and error bars report the standard deviation of µL or
µA between the two samples. Best-fit lines are drawn with corresponding
slopes and Pearson’s r values labeled at bottom right. (c) Probability
density function, P(µL), for R = CH3 and R = OH ligands computed from
unbiased MD simulations. µL for bulk water is shown as a black dashed
line as a reference. Dotted lines show the median value of µL for each SAM.
(d) Hydration free energy maps for the same planar SAMs in (b) with µL
values ranging between 6 (red) to 16 kT (blue). Each point indicates the
value of µL calculated using a spherical cavity centered on that point.
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10.3.2 Local hydration free energies capture

hydrophobicity trends in planar SAMs

We next extended the previous calculations from planar SAMs to small

GNPs, which exhibit complex, non-planar geometries due to their faceted

gold cores and the tendency of ligands to form bundles (Figure 10.1c).

Performing INDUS simulations using cavities with irregular geometries

is challenging; previous work has instead used INDUS to quantify the

hydrophobicity of proteins by defining a series of cuboid cavities placed

around the protein surface.59 We developed a similar approach to map

the hydrophobicity of GNPs by placing a series of small spherical cavities

at the SAM-water interface and estimating hydration free energies in each

cavity from a single unbiased simulation. We denote these free energies as

µL to indicate the local hydration free energy at a particular region of the

SAM-water interface. All spherical cavities had radii of 0.33 nm, which

is approximately the van der Waals radius of a methane molecule and

has been previously used to quantify on the interfacial hydrophobicity

of planar SAMs.21 An example spherical cavity is shown in Figure 10.2a.

For cavities this size, pL(0) can be sampled in an unbiased simulation

but can fail to converge near hydrophilic regions where the likelihood of

dewetting is low. Therefore, for each cavity, we calculated pL(N) during

a 50-ns unbiased simulation, fit pL(N) to a normal distribution because

water density fluctuations are Gaussian,21 then extrapolated to obtain
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pL(0) and µL (see Supporting Information, Figure S8).2 This method en-

ables calculations of µL for cavities across the entire SAM-water interface

from a single unbiased simulation, enabling the rapid characterization of

interfacial hydrophobicities for a series of GNPs.

Figure 10.3b shows representative GNPs and hydration free energy

maps for the different end group chemistries (Figure 10.1a). Since a long

methylene chain is present in these ligands, even ligands terminated with

polar end groups form bundles.35 Hydration free energy maps for non-

polar R = CH3 ligands show that the poles, where the majority of methyl

groups reside, are uniformly hydrophobic. However, the annular shell in

between the poles is less hydrophobic because of the exposure of sulfur

atoms to interfacial water molecules and because of the surface curvature,

which has been shown introduce differences in hydrophobicity.41,77 Hy-

dration free energy maps show that highly polar-terminated ligands (e.g.

CONH2, OH, and COOH) have distinct regions of low hydrophobicity at

the poles, where the terminal ends of the ligands are less hydrophobic

and the exposed methylene groups are more hydrophobic. One striking

feature is that the R = CONH2, OH and COOH hydration free energy maps

reveal a heterogeneous landscape with regions of high (blue regions) and

low (red regions) hydrophobicity. These results show that homogenously

patterned GNPs form bundles that are independent of the end group

and result in spatially heterogenous domains of hydrophobicity, even for

CH3-terminated GNPs.
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Figure 10.3c shows the probability density functions of µL for the 2 nm

GNPs (top panel) and planar SAMs (bottom panel) for the different ligand

end group chemistries listed in Figure 10.1a. Planar SAMs show broad µL

distributions for polar ligands, which is due to the formation of checker-

board hydration free energy maps like those in Figure 10.2d (shown in

the Supporting Information, Figure S9),2 but with median values of µL

that differ significantly in the order CH3 < CF3 < NH2 < CONH2 < OH

< COOH. For GNPs, the median values of µL follow the same order as

for the planar SAMs with the exception of CONH2, indicating that the

end group does influence hydrophobicity as expected. In contrast to the

planar SAMs, however, GNPs exhibit narrower µL distributions with a

majority of µL values below that of bulk water (black dashed lines, Figure

10.3c) and with median values that are more similar for different polar end

groups. The narrower µL distribution of GNPs compared to planar SAMs

is due to the excess free volume in GNPs that allows solvent molecules to

contact the nonpolar methylene backbones of the ligands. As a result, large

hydrophobic regions are found for all ligand end group chemistries on

GNPs, even for the polar-terminated ligands. These hydrophobic regions

around the exposed methylene groups are consistent with the orientation

of multiple aggregated GNPs that preferentially adsorb to each other to

minimize the extent of hydrophobic regions exposed to the solvent.35

Previous studies have used the logP of the end groups as a metric of GNP

hydrophobicity;5,30,31 these results show that while end group chemistries
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do influence GNP hydrophobicity, the hydrophobicity of small GNPs

differs substantially from the hydrophobicity of equivalent planar SAMs

because the cooperative interactions between ligands in the monolayer

result in spatially heterogenous interfacial properties.

Figure 10.3: Hydrophobicity of 2 nm diameter SAM-protected GNPs with
different end group chemistries. (a) Snapshots showing a representative 2
nm diameter GNP coated with R = CH3 ligands. The SAM-water interface
(purple) was computed using the same procedure as the planar SAMs
(Figure 10.2a). The hydration free energy map shows µL values between
9 (red) to 11 kT (blue) as in Figure 10.2. (b) Simulation snapshots and
corresponding hydration free energy maps for 2 nm GNPs with six end
group chemistries, following the same color scheme as in (a). (c) Proba-
bility density functions, P(µL), showing the distribution of µL for GNPs
with the six end group chemistries in (b). P(µL) is also shown for planar
SAMs in the bottom panel for comparison. Dotted lines show the median
value of each µL distribution and are color-coded to match the different
ligands. The value of µL for bulk water is shown as a black dashed line
for reference.
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10.3.3 Ligand order in polar-terminated ligands results

in broad hydration free energy distributions

We further investigated what factors influenced the different µL distri-

butions found for the planar SAMs and 2 nm GNPs. We hypothesized

that the broad distributions found for the homogeneous planar SAMs

could be due to the ordering of the long ligand SAMs, as suggested by

the hydration free energy map in Figure 10.1c. Previous experiments and

simulations have shown that decreasing the number of methylene groups

in the ligand backbone (n) decreases monolayer order, which introduces a

rougher surface that affects interfacial hydrophobicity.24,27 We thus mod-

eled alkanethiol ligands with only 3 methylene groups to determine the

effect of order on the µL distributions. Figure 10.4a displays the side-view

of the monolayer structure for n = 3 and n = 11 OH-terminated ligands

and shows that longer chain lengths are more ordered than the shorter

chain lengths. Figure 10.4a shows hydration free energy maps for n = 3

and n = 11 OH-terminated ligands and reveals that decreasing n results

in more hydrophobic regions and a less heterogenous hydration free en-

ergy map. This change in hydrophobicity is apparent in Figure 10.4b,

which shows the probability density function of µL for OH-terminated

ligands on a 2 nm diameter gold core (n = 11) and on planar gold (n = 3

and n = 11). Decreasing the ligand length for planar SAMs results in

a narrower µL distribution that is similar to those found for the GNPs.
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These findings show that highly ordered SAMs like n = 11 give rise to

surface heterogeneity that causes the broadening of the hydration free

energy distributions, whereas more disordered SAMs like n = 3 and the

SAM-coated GNPs appear more homogenous with narrower hydration

free energy distributions.
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Figure 10.4: Effect of ligand length on the hydrophobicity of planar SAMs.
(a) Snapshots of OH-terminated ligands on planar gold with n = 3 and
n = 11 methylene groups. Hydration free energy maps are visualized
from a top-down view with µL values ranging from 9 (red) to 16 kT (blue).
(b) Probability density functions, P(µL), showing the distribution of µL for
OH-terminated ligands on a 2 nm diameter gold core (n = 11, black) and
planar gold (n = 3, blue and n = 11, red). Dotted lines show the median
value of µL for each distribution and are color-coded to match the different
ligand chain lengths and gold core types. The value of µL for bulk water
is shown as a black dashed line for reference.
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10.3.4 Inducing surface curvature by tuning GNP size

affects hydration free energies

Given that GNP hydrophobicity depends on ligand order due to variations

in SAM ligand lengths (Figure 10.4b), we also expected the GNP core diam-

eter to affect hydrophobicity because smaller GNP core diameters result in

a higher excess free volume per ligand and decreased ligand order.36 The

2.2 kT shift in median µL for the CH3-terminated planar SAM and GNP

shown in Figure 10.3c also suggests surface curvature plays a significant

role in determining GNP hydrophobicity. To investigate the effect of GNP

size, we modeled a 6 nm diameter gold core GNP (shown in Figure 10.5a),

which is intermediate in size between the 2 nm diameter gold core GNP

and the planar gold surface. Figure 10.5a shows representative 6 nm GNPs

with CH3- and OH-terminated ligands and corresponding hydration free

energy maps. The hydration free energy maps for CH3-terminated ligands

show primarily hydrophobic regions with less hydrophobic regions closer

to the gold core and near the methylene groups of the ligand backbones,

similar to the findings for 2 nm diameter GNPs (Figure 10.3b). Conversely,

OH-terminated ligands on 6 nm diameter GNP shows less hydrophobic

regions where the end groups are bundled and more hydrophobic regions

around the methylene groups where the ligand backbones are exposed.

Figure 10.5b shows the probability density functions of µL for CH3- and

OH-terminated ligands on a 2 nm diameter gold core, 6 nm diameter gold
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core, and a planar gold surface. For CH3-terminated ligands, decreasing

the gold core diameter results in slightly less hydrophobic surfaces, with

minor differences in the µL distribution between 2 and 6 nm diameter gold

cores. Conversely, for OH-terminated ligands, decreasing the gold core

diameter results in more hydrophobic surfaces that arises from increased

exposure of methylene groups around the GNP and reduced facet size

where the ligands tend to form bundles. Together, these findings show

that decreasing the gold core size influences hydrophobicity due to the

exposure of methylene backbones and surface curvature, which can be

attributed to the increased free volume present in the monolayer.24,41
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Figure 10.5: Effect of core size on gold nanoparticle hydrophobicity. (a)
Example image of a 6 nm diameter gold core. Representative 6 nm GNPs
and hydration free energy maps for R = CH3 ligands and R = OH ligands.
Hydration free energy maps show µL values between 9 (red) and 11 kT
(blue). (b) Probability density functions, P(µL), for the 2 and 6 nm diameter
gold cores and planar SAMs for R = CH3 ligands (top) and R = OH ligands
(bottom). Dotted lines denote the median µL value for each distribution
and are color-coded to match the different gold core sizes. The value of
µL for bulk water is shown as a black dashed line for reference.
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10.3.5 Adding unsaturated or branched groups results in

spatially distributed clusters

The preceding sections showed that long alkanethiol ligands form bun-

dles that result in spatial variations in hydrophobicity (Figure 10.3b). We

hypothesized that introducing surface disorder by adding an unsaturated

bond or branched methylene groups to a ligand backbone would disrupt

the formation of bundles to influence hydrophobicity without varying the

end group chemistry (Figure 10.1a). The addition of unsaturated bonds to

the ligand backbone has been shown to decrease surface order and reduce

hydrophobicity for planar SAM systems.24,27 Figure 10.6a shows repre-

sentative 2 nm diameter GNP with saturated, unsaturated, or branched

OH-terminated ligands. The representative GNP images show bundles

for saturated ligands, whereas no distinct bundles are found for GNPs

with unsaturated and branched ligands. The same behavior was observed

for all six ligand end groups (Figure S7).2 As a result, the hydration free

energy maps for unsaturated or branched ligands are more spherical and

the less hydrophobic regions are more dispersed compared to those of the

saturated ligands.

Figure 10.6b shows the probability density functions of µL for 2 nm

diameter GNPs with saturated, unsaturated, or branched OH-terminated

ligands. Inclusion of unsaturated or branched ligands shifts the µL dis-

tributions to larger values slightly compared to the saturated ligands,
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indicating that disordered, nonbundled surfaces are less hydrophobic.

Figure 10.6c shows the median µL values for different end groups with

either saturated, unsaturated, or branched ligands. Overall, the median

µL values do not significantly change when introducing ligand disorder,

indicating that the overall surface hydrophobicity is not affected by lig-

and conformation. However, the hydration free energy maps in Figure

10.6a indicate that the spatial heterogeneity of less hydrophobic regions

is lost when introducing either unsaturated or branched ligands; the less

hydrophobic regions are spatially distributed across the surface for unsat-

urated or branched ligands. To quantify this effect, we used the DBSCAN

clustering algorithm78 to calculate the number of regions with µL greater

than bulk water (µL > 11.25 kT), which we defined as hydrophilic re-

gions (see Supporting Information for clustering parameters). Figure 10.6a

shows the different hydrophilic regions identified for the three GNPs

described above with each region colored uniquely. Unsaturated and

branched ligands have hydrophilic regions that are distributed uniformly

around the GNP, whereas saturated ligands have two distinct hydrophilic

regions nearby the OH groups. Figure 10.6d shows the number of hy-

drophilic clusters for the different end groups and ligand conformations.

Ligands terminated with R = CONH2, OH, or COOH show increased

number of clusters for unsaturated and branched ligands compared to

the saturated ligands. These results indicate that adding an unsaturated

bond or branching methylene groups disrupt the bundles formed by long
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alkanethiol ligands and result in hydrophilic regions that are distributed

around the GNP, minimizing the spatial heterogeneity found for GNPs

with saturated alkanethiol ligands.
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Figure 10.6: Effect of unsaturated and branched ligands on gold nanoparti-
cle hydrophobicity. (a) Representative 2 nm diameter GNP configurations
coated with either saturated, unsaturated, or branched OH-terminated
ligands. Hydration free energy maps show µL values between 9 (red) and
11 kT (blue) with the same color bar shown in Figure 10.3a. Hydrophilic
clusters corresponding to regions where µL values are greater than 11.25
kT (the value of µL for bulk water) are indicated in unique colors. (b)
Probability density function, P(µL), for 2 nm diameter GNPs with either
saturated, unsaturated, or branched OH-terminated ligands. Dotted lines
show the median value of µL for each distribution and are color-coded
to match the different ligand structures. The value of µL for bulk water
is shown as a black dashed line for reference. (c) Median µL values for
saturated, unsaturated, or branched ligands with different R groups. (d)
Number of hydrophilic clusters for saturated, unsaturated, or branched
ligands with different R groups. The inset snapshot shows the hydrophilic
clusters for unsaturated COOH-terminated ligands. The reported values
and error bars in (c) and (d) are the average and standard deviation of
values computed for the most and least representative GNPs (Supporting
Information, Figure S2).2
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10.3.6 Relationship between hydration free energy maps

and competitive binding of solvents

The hydration free energy maps quantify the differences in the thermody-

namic affinity of water for different regions of the SAM-water interface.

To illustrate how hydration free energies relate to physical binding pro-

cesses, we quantified the competitive binding between hydrophilic (water)

and hydrophobic (propane) small-molecule probes at the SAM-water in-

terface. This approach was inspired by similar computational methods

used to identify potential ligand-binding sites on proteins.79 Figure 10.7a

shows a snapshot of a representative 2 nm diameter GNP with saturated

OH-terminated ligands in the presence of 1 mol% propane and 99 mol%

water. Dilute amounts of propane were selected to prevent aggregation of

hydrophobic probes in water.68 The extent of preferential binding on the

SAM-water interface was measured by the fraction of simulation time that

each spherical cavity used to compute µL was either occupied by at least

one molecule of propane (fP) or water (fH2O). fP and fH2O range from 0 to

1, with a value of 1 indicating that at least one solvent molecule occupies

the cavity for all MD configurations.

Figure 10.7b shows occupancy maps of propane and water for a repre-

sentative 2 nm GNP with saturated OH-terminated ligands. The hydra-

tion free energy map for the same GNP is shown for comparison. The

occupancy maps show that propane preferentially binds to the exposed
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methylene groups and outcompetes water for these regions. The occu-

pancy maps for propane are consistent with the hydrophobic areas found

in the hydration free energy maps for µL 6 9 kT. The occupancy maps

also show that water molecules prefer the OH end groups at the poles,

consistent with the less hydrophobic regions on the hydration free energy

map for µL > 11 kT. Figure 10.7c shows the relationship between values of

fP and fH2O and values of µL by using Gaussian kernel density estimation

to calculate the probability density function. fP and fH2O are non-zero for

all values of µL, indicating that propane and water compete for binding

sites on the GNP. At approximately µL = 10 kT, fP reaches 0 and fH2O

reaches 1 with a maximum at µL = 11 kT, close to the value for bulk water

(µL = 11.25 kT). These findings indicate that the subtle variations in µL

encoded within the hydration free energy maps drive large differences in

the preferential binding of model hydrophilic and hydrophobic probes.

Occupancy maps for a 2 nm GNP with branched OH-terminated ligands

show that the surface is primarily occupied by water molecules for all µL

values (see Supporting Information, Figure S11),2 indicating that introduc-

ing ligand disorder could prevent the adsorption of small hydrophobic

molecules in agreement with the uniform distribution of hydrophilic re-

gions observed in Figure 10.6a. Together, these results indicate that the

competitive binding between solvents of varying hydrophobicity follows

trends established by the hydration free energy maps, suggesting that

variations in µL can provide insight into the binding of GNPs to other
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biomolecules (e.g. proteins).

Figure 10.7: Relationship between hydration free energy maps and compet-
itive binding of hydrophobic and hydrophilic probe molecules. (a) Simula-
tion snapshot of representative 2 nm diameter GNP with OH-terminated
ligands in the presence of 1 mol% propane (red spheres) and 99 mol% wa-
ter (blue spheres). Hydrogen atoms are omitted for clarity. (b) Occupancy
maps showing the fraction of simulation time in which spherical cavities
(the same cavities used to compute µL) are either occupied by propane (fP)
or water (fH2O) for the GNP in (a). Hydration free energy maps are shown
for µL values between 9 (red) to 11 kT (blue) as a comparison to occupancy
map. (c) Relationship between fP or fH2O to µL computed using Gaussian
kernel-density estimation to calculate the probability density function;
values between 0 to 0.25 were omitted for clarity.
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10.4 Summary

In this chapter, we used atomistic molecular dynamics simulations to

quantify the hydrophobicity of small (<10 nm) and large (planar, repre-

senting >60 nm diameters) SAM-protected GNPs by computing hydration

free energies in cavities placed at the SAM-water interface. Ligand end

group properties (e.g. logP) have been conventionally thought to dictate

hydrophobicity; however, the simulations revealed that varying the lig-

and end group chemistry, gold core size, and ligand backbone structure

collectively lead to spatially varying hydration free energies. We found

broad distributions of these hydration free energies in polar-terminated

planar SAMs due to the quasi-crystalline ordering of ligands, suggesting

that flat, chemically homogeneous SAMs could exhibit spatial variations

in hydrophobicity. For 2 nm gold nanoparticles, the excess free volume

accessible to ligands decreases their order compared to ligands in planar

SAMs and results in a narrower hydration free energy distribution arising

from the exposure of methylene groups to water. Spatial variations in

hydrophobicity are further amplified for these GNPs because ligands tend

to form “bundles,” giving rise to anisotropic structures despite homo-

geneous surface coatings. Similar spatial variations in hydrophobicity

were also found for larger, 6 nm GNPs, indicating that small GNPs ex-

hibit similar behavior for a range of core diameters. We further showed

that introducing ligand disorder by adding either an unsaturated bond



398

or branched methylene group disrupts ligands bundles and results in a

spatially homogenous surface. Hydration free energy calculations were

further validated by observing the preferential binding of propane on the

surface to illustrate how analysis of hydration free energies translate into

interactions with other molecules.

Altogether, these results reveal that end group chemistry dictates hy-

drophobicity for large length scale systems like planar SAMs, but at small

length scales, the emergence of non-uniform structures (e.g. bundles)

dictates spatial heterogeneities in hydrophobicity for all ligands regard-

less of the end group. These spatially heterogenous properties cannot be

captured by single-ligand properties and spontaneously occur without

explicitly patterning the SAMs using mixed-SAM systems.32 Similar spa-

tially heterogeneous properties have been shown in simulations24,60 and

experiments25,26 to drive large differences in the hydrophobic interactions

between apposed SAMs and between SAMs and synthetic peptides, further

highlighting the importance of quantifying the spatial variations in GNP

hydrophobicity. These results thus provide guidelines for understand-

ing how ligand chemical properties and GNP core size can cooperatively

dictate hydrophobic interactions between GNPs and other biomolecules.
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[13] Pengo, P.; Şologan, M.; Pasquato, L.; Guida, F.; Pacor, S.; Tossi, A.;
Stellacci, F.; Marson, D.; Boccardo, S.; Pricl, S.; et al.. Gold nanoparti-
cles with patterned surface monolayers for nanomedicine: current
perspectives. European Biophysics Journal 2017, 46, 749–771.

[14] Van Lehn, R. C.; Atukorale, P. U.; Carney, R. P.; Yang, Y.-S.; Stellacci, F.;
Irvine, D. J.; Alexander-Katz, A. Effect of particle diameter and surface
composition on the spontaneous fusion of monolayer-protected gold
nanoparticles with lipid bilayers. Nano letters 2013, 13, 4060–4067.

[15] Zhang, Y.; Hudson-Smith, N. V.; Frand, S. D.; Cahill, M. S.; Davis,
L. S.; Feng, Z. V.; Haynes, C. L.; Hamers, R. J. Influence of the spatial
distribution of cationic functional groups at nanoparticle surfaces on
bacterial viability and membrane interactions. Journal of the American
Chemical Society 2020, 142, 10814–10823.

[16] Grzelczak, M.; Liz-MarzÃ¡n, L. M. Exploiting hydrophobic interac-
tions at the nanoscale. The journal of physical chemistry letters 2014, 5,
2455–2463.

[17] Li, S.; Zhai, S.; Liu, Y.; Zhou, H.; Wu, J.; Jiao, Q.; Zhang, B.; Zhu,
H.; Yan, B. Experimental modulation and computational model of
nano-hydrophobicity. Biomaterials 2015, 52, 312–317.

[18] Sánchez-Iglesias, A.; Grzelczak, M.; Altantzis, T.; Goris, B.; Perez-
Juste, J.; Bals, S.; Van Tendeloo, G.; Donaldson Jr, S. H.; Chmelka,
B. F.; Israelachvili, J. N.; et al.. Hydrophobic interactions modulate
self-assembly of nanoparticles. ACS nano 2012, 6, 11059–11065.

[19] Moyano, D. F.; Saha, K.; Prakash, G.; Yan, B.; Kong, H.; Yazdani, M.;
Rotello, V. M. Fabrication of corona-free nanoparticles with tunable
hydrophobicity. ACS nano 2014, 8, 6748–6755.

[20] Sun, S.; Huang, Y.; Zhou, C.; Chen, S.; Yu, M.; Liu, J.; Zheng, J. Effect of
hydrophobicity on nano-bio interactions of zwitterionic luminescent



401

gold nanoparticles at the cellular level. Bioconjugate chemistry 2018,
29, 1841–1846.

[21] Godawat, R.; Jamadagni, S. N.; Garde, S. Characterizing hydrophobic-
ity of interfaces by using cavity formation, solute binding, and water
correlations. Proceedings of the National Academy of Sciences 2009, 106,
15119–15124.

[22] Law, K.-Y.; Definitions for hydrophilicity, hydrophobicity, and superhy-
drophobicity: getting the basics right; 2014.

[23] Shenogina, N.; Godawat, R.; Keblinski, P.; Garde, S. How wetting
and adhesion affect thermal conductance of a range of hydrophobic
to hydrophilic aqueous interfaces. Physical review letters 2009, 102,
156101.

[24] Dallin, B. C.; Yeon, H.; Ostwalt, A. R.; Abbott, N. L.; Van Lehn,
R. C. Molecular order affects interfacial water structure and
temperature-dependent hydrophobic interactions between nonpolar
self-assembled monolayers. Langmuir 2019, 35, 2078–2088.

[25] Ma, C. D.; Wang, C.; Acevedo-Vélez, C.; Gellman, S. H.; Abbott, N. L.
Modulation of hydrophobic interactions by proximally immobilized
ions. Nature 2015, 517, 347–350.

[26] Wang, C.; Ma, C.-K. D.; Yeon, H.; Wang, X.; Gellman, S. H.; Ab-
bott, N. L. Nonadditive interactions mediated by water at chemically
heterogeneous surfaces: Nonionic polar groups and hydrophobic
interactions. Journal of the American Chemical Society 2017, 139, 18536–
18544.

[27] Yeon, H.; Wang, C.; Van Lehn, R. C.; Abbott, N. L. Influence of order
within nonpolar monolayers on hydrophobic interactions. Langmuir
2017, 33, 4628–4637.

[28] Cao, Z.; Tsai, S. N.; Zuo, Y. Y. An Optical Method for Quantitatively
Determining the Surface Free Energy of Micro-and Nanoparticles.
Analytical chemistry 2019, 91, 12819–12826.

[29] Crandon, L. E.; Boenisch, K. M.; Harper, B. J.; Harper, S. L. Adaptive
methodology to determine hydrophobicity of nanomaterials in situ.
PloS one 2020, 15, e0233844.



402

[30] Moyano, D. F.; Goldsmith, M.; Solfiell, D. J.; Landesman-Milo, D.;
Miranda, O. R.; Peer, D.; Rotello, V. M. Nanoparticle hydrophobicity
dictates immune response. Journal of the American Chemical Society
2012, 134, 3965–3967.

[31] Chen, K.; Rana, S.; Moyano, D. F.; Xu, Y.; Guo, X.; Rotello, V. M.
Optimizing the selective recognition of protein isoforms through
tuning of nanoparticle hydrophobicity. Nanoscale 2014, 6, 6492–6495.

[32] Luo, Z.; Murello, A.; Wilkins, D. M.; Kovacik, F.; Kohlbrecher, J.;
Radulescu, A.; Okur, H. I.; Ong, Q. K.; Roke, S.; Ceriotti, M.; et al.. De-
termination and evaluation of the nonadditivity in wetting of molec-
ularly heterogeneous surfaces. Proceedings of the National Academy of
Sciences 2019, 116, 25516–25523.

[33] Batista, C. A. S.; Larson, R. G.; Kotov, N. A. Nonadditivity of nanopar-
ticle interactions. Science 2015, 350.

[34] Kister, T.; Monego, D.; Mulvaney, P.; Widmer-Cooper, A.; Kraus, T.
Colloidal stability of apolar nanoparticles: the role of particle size
and ligand shell structure. ACS nano 2018, 12, 5969–5977.

[35] Matthew D áLane, J.; et al.. Assembly of responsive-shape coated
nanoparticles at water surfaces. Nanoscale 2014, 6, 5132–5137.

[36] Chew, A. K.; Van Lehn, R. C. Effect of core morphology on the struc-
tural asymmetry of alkanethiol monolayer-protected gold nanoparti-
cles. The Journal of Physical Chemistry C 2018, 122, 26288–26297.

[37] Walker, D. A.; Leitsch, E. K.; Nap, R. J.; Szleifer, I.; Grzybowski,
B. A. Geometric curvature controls the chemical patchiness and self-
assembly of nanoparticles. Nature nanotechnology 2013, 8, 676–681.

[38] Ghorai, P. K.; Glotzer, S. C. Molecular dynamics simulation study
of self-assembled monolayers of alkanethiol surfactants on spheri-
cal gold nanoparticles. The Journal of Physical Chemistry C 2007, 111,
15857–15862.

[39] Lane, J. M. D.; Grest, G. S. Spontaneous asymmetry of coated spheri-
cal nanoparticles in solution and at liquid-vapor interfaces. Physical
review letters 2010, 104, 235501.



403

[40] Luedtke, W.; Landman, U. Structure, dynamics, and thermodynamics
of passivated gold nanocrystallites and their assemblies. The Journal
of Physical Chemistry 1996, 100, 13323–13329.

[41] Xi, E.; Venkateshwaran, V.; Li, L.; Rego, N.; Patel, A. J.; Garde, S.
Hydrophobicity of proteins and nanostructured solutes is governed
by topographical and chemical context. Proceedings of the National
Academy of Sciences 2017, 114, 13345–13350.

[42] Wang, W.; Yan, X.; Zhao, L.; Russo, D. P.; Wang, S.; Liu, Y.; Sedykh, A.;
Zhao, X.; Yan, B.; Zhu, H. Universal nanohydrophobicity predictions
using virtual nanoparticle library. Journal of cheminformatics 2019, 11,
1–5.

[43] Das, M.; Dahal, U.; Mesele, O.; Liang, D.; Cui, Q. Molecular dynamics
simulation of interaction between functionalized nanoparticles with
lipid membranes: Analysis of coarse-grained models. The Journal of
Physical Chemistry B 2019, 123, 10547–10561.

[44] Heikkila, E.; Martinez-Seara, H.; Gurtovenko, A. A.; Javanainen, M.;
Häkkinen, H.; Vattulainen, I.; Akola, J. Cationic Au nanoparticle bind-
ing with plasma membrane-like lipid bilayers: potential mechanism
for spontaneous permeation to cells revealed by atomistic simulations.
The Journal of Physical Chemistry C 2014, 118, 11131–11141.

[45] Lolicato, F.; Joly, L.; Martinez-Seara, H.; Fragneto, G.; Scoppola, E.;
Baldelli Bombelli, F.; Vattulainen, I.; Akola, J.; Maccarini, M. The role
of temperature and lipid charge on intake/uptake of cationic gold
nanoparticles into lipid bilayers. Small 2019, 15, 1805046.

[46] Pan, S.; Li, T.; Olvera de la Cruz, M. Molecular dynamics simulation of
DNA-directed assembly of nanoparticle superlattices using patterned
templates. Journal of Polymer Science Part B: Polymer Physics 2016, 54,
1687–1692.

[47] Tollefson, E. J.; Allen, C. R.; Chong, G.; Zhang, X.; Rozanov, N. D.;
Bautista, A.; Cerda, J. J.; Pedersen, J. A.; Murphy, C. J.; Carlson, E. E.;
et al.. Preferential binding of cytochrome c to anionic ligand-coated
gold nanoparticles: A complementary computational and experimen-
tal approach. ACS nano 2019, 13, 6856–6866.



404

[48] Heikkilä, E.; Gurtovenko, A. A.; Martinez-Seara, H.; Häkkinen, H.;
Vattulainen, I.; Akola, J. Atomistic simulations of functional Au144
(SR) 60 gold nanoparticles in aqueous environment. The Journal of
Physical Chemistry C 2012, 116, 9805–9815.

[49] Riccardi, L.; Gabrielli, L.; Sun, X.; De Biasi, F.; Rastrelli, F.; Mancin,
F.; De Vivo, M. Nanoparticle-based receptors mimic protein-ligand
recognition. Chem 2017, 3, 92–109.

[50] Giovambattista, N.; Debenedetti, P. G.; Rossky, P. J. Hydration be-
havior under confinement by nanoscale surfaces with patterned hy-
drophobicity and hydrophilicity. The Journal of Physical Chemistry C
2007, 111, 1323–1332.

[51] Hua, L.; Zangi, R.; Berne, B. Hydrophobic interactions and dewet-
ting between plates with hydrophobic and hydrophilic domains. The
Journal of Physical Chemistry C 2009, 113, 5244–5253.
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11 molecular dynamics-derived descriptors for

predicting ligand-coated gold nanoparticle

behavior

Chapters 8-10 provided a framework for developing gold nanoparticle

systems and investigated the effects of gold core and ligand selection on

their interactions with other molecules. A critical question is whether these

computational workflows could guide the design of gold nanoparticles.

This chapter seeks to address the following questions:

• What simulation-derived molecular descriptors are important for
characterizing monolayer-protected gold nanoparticle systems?

• Given the molecular descriptors, what machine learning model is
best to predict experimentally determined gold nanoparticle proper-
ties?

• How could we leverage machine learning to gain physical insight
into how the selection of gold core and ligand selection translate to
gold nanoparticle behavior?

In this chapter, we use atomistic molecular dynamics simulations to

model 154 monolayer-protected gold nanoparticles in aqueous solution

to understand how gold core and ligand selection can affect properties
This chapter was reproduced with permission from ACS Nano, submitted for publi-

cation, and cited as Chew, A. K.; Pedersen, J. A.; Van Lehn, R. C. Predicting Nano-bio Ac-
tivities of Monolayer-Protected Gold Nanoparticles using Molecular Dynamics-Derived
Descriptors. In preparation. Unpublished work copyright 2021 American Chemical Society.
The supporting information is cited as Ref. 2.
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relevant to nanoparticle behavior. We developed a library of 25 simulation-

derived molecular descriptors that capture structural and chemical prop-

erties of the monolayer. We then leveraged interpretable, data-centric

models (i.e. LASSO and random forest) to develop structure-property rela-

tionships and predict experimental GNP behavior from a curated dataset,

such as logP, cell uptake, and zeta potential. These models reveal that

simulation-derived molecular descriptors could be used to accurately pre-

dict experimental trends, and they yield physical insight into how GNP

parameters can be tuned for a selective behavior. Finally, we show that

these models could predict cell uptake trends for 12 unseen nanoparti-

cles, suggesting that molecular simulations of monolayer-protected gold

nanoparticles could be used to screen and guide the design of nanoparti-

cles.

11.1 Introduction

Gold nanoparticles (GNPs) are promising materials for biological appli-

cations, such as drug delivery, biosensing, and photothermal therapy,

because their interactions with biological materials can be tailored by graft-

ing organic ligands to the GNP surface to form a self-assembled monolayer

(SAM).3–5 Small GNPs with core diameters less than 10 nm are of particu-

lar interest because this size limits renal clearance from the body.6 This

size is also commensurate with that of typical biomolecules (e.g., proteins)
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and the thickness of the cell membrane, enabling the study of related

nano-bio at comparable length scales.7 Because such interactions can be

modulated by tailoring the ligand composition of the protecting SAM,

substantial effort has been devoted to understanding how ligand propertes

impact interactions at the nano-bio interface. For example, experimentally

modulating the ligand hydrophobicity - or the thermodynamic affinity

of a ligand for water - by changing the extent of the nonpolar groups on

the ligand have been correlated to changes in immune response,8 binding

affinities toward proteins,9 and cellular uptake kinetics.10,11 Furthermore,

modulating ligand electrostatic interactions, such as introducing positively

charged groups within the ligand, have been found to increase the interac-

tions between small GNPs and slightly negatively charged lipid bilayers,

resulting in GNP adsorption to or internalization within lipid bilayers.12–14

In contrast, small GNPs with negatively charged ligands do not favorably

penetrate through the lipid bilayer.13–16 Small GNPs with zwitterionic

ligands have been shown to prevent strong protein adsorption onto the

surface, which could avoid the masking of surface properties due to the

formation of protein coronas.17 However, despite these advancements,

engineering small GNPs for targeted nano-bio interactions18 (e.g., selective

protein binding or favorable cell uptake) remains challenging because

subtle variations to the gold core size and ligand properties can manifest

as substantial changes to GNP behavior,8,14,17,19–27 which are challenging

to predict a priori.28 Experimentally exploring the vast design space of
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possible GNP compositions is also time-consuming and difficult, in part

because of the lack of molecular level detail that could be obtained at

nanometer length scales, especially for complex, non-planar geometries

arising from small GNPs.29,30

Alternatively, computational modeling that yield accurate quantitative

nanostructure-activity relationships (QNAR) is critical to rationally de-

signing effective GNPs and alleviates extensive trial-and-error experimen-

tation.31,32 QNAR models use numerical parameters called descriptors that

capture characteristics of GNPs and relate them to the activity of GNPs

in biological environments through a varity of machine learning algo-

rithms (e.g. multilinear regression, support vector machines, and so on).31

Descriptors could consist of experimental descriptors (e.g. size, shape,

zeta potentials, etc.)32 or classical molecular descriptors for small organic

molecules (e.g. constitutional, topological, electrostatic, etc.);33 however,

experimental descriptors are challenging to measure for a large range

of particles and classical molecular descriptors do not take into account

mixtures of organic and inorganic molecules.31 Hence, atomistically mod-

eling GNPs have been employed to better describe their structure, provide

informative descriptors, and improve the accuracy of QNAR models.

Virtual GNP (vGNP) models, which are static models consisting of a

gold core with ligands randomly placed on the core surface, were devel-

oped to more accurately capture the diversity of GNPs, such as the gold

core size, ligand density, and surface chemistry.34 Novel descriptors were
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developed to capture surface properties of vGNPs and used to develop

QNAR models that could predict both biophysiochemical properties (e.g.

logP and zeta potentials) and bioactivity (e.g. cell uptake, GNP-enzyme

bindings, etc.).34–37 Furthermore, deep learning methods, such as convolu-

tional neural networks, have been used to analyze vGNPs and predict GNP

observables, avoiding tedious descriptor calculations.38 While vGNPs en-

able rapid screening across a large range of particles, these models do

not account for non-obvious, cooperative interactions between the ligands

and their surrounding environment that are important to characterizing

monolayer properties.

Alternative to vGNPs, atomistic molecular dynamics (MD) simulations

have been employed to model the GNP in a variety of explicit solvents

that could capture ligand-ligand and ligand-solvent interactions.11,30,39–45

For example, GNPs coated with long, nonpolar alkanethiol ligands were

experimentally46 and computationally39–45 found to form bundles, where

these ligands align in the same direction due to preferred methylene in-

teractions. These bundles dictate how GNPs bind with one another to

minimize the extent of hydrophobic area exposed,39,40 how GNPs can be

used to bend single stranded nucleic acids,47 and how spatially heteroge-

nous surface properties emerge despite the monolayer being chemically

homogenous.45 Therefore, we hypothesize that MD simulations could

better capture monolayer properties arising from these non-obvious, col-

lective interactions as compared to static models, which could improve



413

QNAR predictions of experimental data. Another added-benefit of using

MD is the ability to analyze GNPs in the presence of lipid bilayers or

proteins,25–27 allowing for in-depth mechanistic studies that is not possible

with vGNPs. While these past studies, along with many other studies of

SAM-coated GNPs,25–28,30,48 have provided useful insights into the inter-

play of gold core and ligand selection on SAM properties that influence

GNP behavior with other biomolecules, these studies have primarily fo-

cused on a limited subset of GNPs, in part because there was a lack of an

experimentally curated dataset.37 Therefore, the utility of MD to predict

GNP activity more broadly across a large range of GNPs have yet to be

employed.

In this work, we modeled 154 sub-10-nm GNPs in aqueous solution

using atomistic MD simulations and developed a library of 25 MD-derived

descriptors that characterizes structural and chemical properties of GNPs.

We leverage interpretable, data-centric models, such as least absolute

shrinkage and selection operator (LASSO) regression and random forest

(RF) models, to develop QNAR models using the descriptors as input and

experimental labels as output, such as logP, cell uptake in A549 cells, and

zeta potential measurements from Ref. 37. We then use feature extraction

tools to pinpoint the most important GNP descriptors that relate to these

experimental observables, which provide useful information in designing

new GNPs for selective behavior. Finally, we test the generalizability of

the cell uptake model by predicting GNP behavior in a separate dataset19
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consisting of 12 GNPs and found that the RF model could capture cell

uptake trends for unseen GNPs. These models are useful for predicting

GNP behavior a priori using computationally efficient tools and enables

the rational design of new GNPs for selective nano-bio behavior.

11.2 Methods

11.2.1 Development of nanoparticle systems

SAM-coated GNPs were developed using a self-assembly approach as

described previously in Ref. 41. Either butanethiol (SMILES: SCCCC) or

1,2-dithiolane (SMILES: C1CCSS1) ligands were self-assembled onto a

spherical gold core as shown in Figure 11.2. Ligands were considered

adsorbed if all sulfur atoms have a sulfur-gold interaction within 0.327 nm.

These adsorbed ligands were then replaced with ligands used in this study.

Ligand atoms were modeled with the CGenFF/CHARMM36 forcefield

(July 2020 version),49–51 gold atoms were modeled with the Interface force

field,52 and water molecules were modeled using the TIP3P model.53 To

eliminate atomic clashes between ligands, a short 4 ps NVT simulation

was performed with all interactions turned off and the last heavy atom of

the ligand restrained radially from the gold core center to the box edge

with a spring constant of 5,000 kJ/mol/nm2. Then, van der Waals interac-

tions were slowly turned on in a series of energy minimization steps, as

described in the Supporting Information.2 Rhombic dodecahedron peri-
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odic boundaries were set with a 1 nm distance between the ligand atoms

and the box edge to maximize computational efficiency for GNP systems

with approximate spherical symmetry. The system was then solvated

with water, and, for charged systems, sodium or chlorine counterions re-

placed water molecules to ensure charge-neutral systems. All subsequent

simulations were performed with temperature T = 300 K and pressure P

= 1 bar. A 1 ns NPT equilibration was performed with the temperature

controlled by the velocity-rescale thermostat and the pressure controlled

by the Berendsen barostat. Then, a 50 ns NPT production simulation was

performed with the same thermostat and the pressure controlled by the

Parinello-Rahman thermostat. The last 40 ns of simulation data was used

to compute MD-derived descriptors, which was sufficient simulation time

for descriptors to converge (see SI, Figure S4).2

11.2.2 Simulation parameters

In all simulations, Verlet lists were generated using a 1.2 nm neighbor

list cutoff. Van der Waals interactions were modeled with a Lennard-

Jones potential using a 1.2 nm cutoff that was smoothly shifted to zero

between 1.0 and 1.2 nm. Electrostatic interactions were calculated using

the smooth particle mesh Ewald method with a short-range cutoff of 1.2

nm, grid spacing of 0.12 nm, and fourth order interpolation. Bonds were

constrained using the LINCS algorithm.54 Periodic boundary conditions

were enabled in all directions. All classical MD simulations were per-



416

formed using Gromacs 201655 using the leapfrog integrator with a 2-fs

timestep.

11.2.3 Computing MD-derived descriptors

All MD-derived descriptors were generated with a combination of in-house

Python (MDTraj56 and MDAnalysis)57,58 and Gromacs analysis tools.55 The

full list of the 25 MD-derived descriptors computed are tabulated in Table

S1.2 15 uncorrelated descriptors shown in Table S2 were used to develop

QNAR models.2

11.2.4 Computational models

Each experimental dataset was divided into training (80% of the original

dataset) and test sets (20% of the original dataset). The training sets were

used to build the models and the test sets were used to evaluate model

transferability. To evaluate the generalizability of the models across the

training data, 5-fold cross validation was performed where, for each fold,

80% of the training set was used to train the model and the remaining

20% was used to validate the model; the process is iterated until all of the

training labels had a chance to be in the validation set. When predicting

the test set, the models were trained using all the training set data. Two

models were used in this work: (1) LASSO and (2) RF models. These

models were selected for their ability to down-select the most important
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features associated with their predictions. Feature importance was de-

termined using the SHapley Additive exPlanation (SHAP) method,59,60

where the average magnitude of the Shapley values is reported. The sign

of the feature importance was determined by the Pearson’s r value be-

tween Shapley and descriptor values, where Pearson’s r greater than 0

indicate a positive sign and less than 0 indicate a negative sign on the

feature importance. Feature importance and its associated error bars were

estimated by a bootstrapping method, where 90% of the training data

(randomly selected without replacement) were used to re-train the model

and iterated for a series of ten trials. The average feature importance of

the trials were reported and the error was estimated by computing the

standard deviation of the trials. To test robustness of using MD-derived

descriptors to predict experimental observables, a second trial of the GNP

systems were produce using the same simulation protocol and starting

from self-assembly simulations. The second trial was performed with a

shorter GNP-water simulation of 20 ns, with the last 10 ns used for MD-

derived descriptor calculations. The second trial performed similarly to

the longer 50 ns GNP-water simulation in this text, suggesting robustness

in this computational workflow and a lower simulation time necessary

for MD-derived descriptors to make accurate predictions (see SI, Figure

S9-S11).2
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11.3 Results and discussion

11.3.1 Experimental datasets used to develop QNAR

relationships

To develop QNAR relationships, we used experimental data from a cu-

rated database consisting of 414 unique GNPs with physiochemical (e.g.

logP and zeta potential) and bioactivity (e.g. cell uptake) values.37 These

three tabulated GNP observables are schematically summarized in Figure

11.1b. LogP is the partitioning of GNPs between octanol and water phases,

where larger logP values indicate that the GNPs prefer octanol phases

more than the water phases, suggesting that the surface is hydrophobic.

Cell uptake in A549 cells is the propensity of GNPs to be internalized

within the cell. Finally, zeta potential in water is the effective charge of

the GNP, where higher absolute zeta potentials values are suggestive of

stable suspensions.61 Altogether, these experimental observables provide

insight into the activity of GNPs within a biological environment, which

are useful for designing GNPs and provide labels for developing QNAR

models.

For this work, we focused on spherical GNPs with < 10 nm in core di-

ameter, resulting in 154 unique GNPs (96 single- and 58 multi-component)

with 105 unique ligands and core diameters ranging between 2 - 8.5 nm.

Figure 11.1c shows the number distribution of GNPs with experimental

values of 110 logP, 65 cellular uptake in A549 cells, and 102 zeta poten-
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tial values for the 154 unique GNPs. LogP and cell uptake datasets have

histograms that are well-distributed, whereas the zeta potential dataset

have histograms that are skewed with GNPs primarily having negative

zeta potential values. The skewed distribution in the zeta potential dataset

towards negative values could be attributed to the negative zeta potential

of citrate-reduced gold nanoparticles, where a 13.3 nm diameter core has

a zeta potential of approximately -39.7 ± 0.7 mV at pH 9.3.62 The experi-

mental datasets from Ref. 37 provide information about the core diameter,

ligand structure, and ligand grafting density, which were used to model

GNPs with MD simulations.
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Figure 11.1: Experimental data used to develop QNAR models. (a) Exam-
ple of a self-assembled monolayer structure consisting of a sulfur head
group, nonpolar backbone, and end group, which are bound to the gold
core with a strong gold-sulfur interaction. (b) Schematic representation of
experimental observables for GNP behavior, such as logP, cell uptake in
A549 cells, and zeta potential in water. (c) Number distribution of GNPs
with experimental labels of logP, cell uptake in A549 cells, and zeta poten-
tial in water. The total number of GNPs for each experimental observable
is shown on the upper right. All experimental data were taken from Ref.
37.
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11.3.2 Computational workflow to model GNP systems

with MD and compute MD-derived descriptors

Given the large space of gold core sizes and ligand chemistries, we used

a generalized workflow to model GNP systems for any arbitrary gold

core shape and size, and ligand selection as described in Ref. 41, which

was modified to model the ligand chemistries observed experimentally.37

Figure 11.2 summarizes the workflow from generating GNP models using

a database consisting of spherical gold core diameter and ligand simpli-

fied molecular-input line-entry (SMILES) strings; GNP1 and GNP288 are

used as representative examples with distinct gold core sizes and ligand

structures (all nomenclature is the same as Ref. 37). The database from Ref.

37 consists of ligand SMILES strings with one of two unique substructure

patterns: (1) butanethiol (SMILES: SCCCC) and (2) 1,2-dithiolane (SMILES:

C1CCSS1). To position the ligand on the gold surface, we performed self-

assembly simulations where an excess of butanethiol or 1,2-dithiolane

molecules were placed around a gold core and assembled onto the surface

via a strong sulfur-gold Lennard-Jones (LJ) interaction.41,63 Substructures

that have sulfur atom(s) within 0.327 nm of the gold atoms were considered

bound onto the gold core, whereas all other substructures were considered

unbound (depicted as green molecules in Figure 11.2). After self-assembly

simulations, unbound substructures are removed and bound substruc-

tures were randomly removed to match the total number of the ligands
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in the database. If the total number of ligands from the database is larger

than the number of bound substructures from self-assembly simulations,

then we use all bound substructures, which provided reasonable grafting

densities (Figure S1).2 The substructures are then replaced with ligand

structures from the GNP database, and the GNP system is then simulated

in the presence of water molecules and counterions, depicted as cyan in

Figure 11.2. We used this workflow to systematically model 154 GNPs

in aqueous solution and compute physically motivated MD-derived de-

scriptors that characterize GNP properties. GNP-water simulations were

performed for 50 ns in the NPT ensemble (see Methods) and the last 40 ns

of simulation time were used to compute MD-derived descriptors.
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Figure 11.2: Computational workflow for modeling GNPs using MD sim-
ulations. The GNP database consists of diameters of spherical gold cores,
number of ligands adsorbed on the surface, and ligand structure in the
form of a SMILES string. The diameter and ligand substructure, either
butanethiol (SMILES: SCCCC) or 1,2-dithiolane (SMILES: C1CCSS1), were
then used to initiate self-assembly simulations. Substructures that are not
adsorbed are shown in green. After the substructures are adsorbed onto
the gold core surface, excess substructures are removed and adsorbed sub-
structures are replaced with ligands from the GNP database and simulated
in pure water (shown as cyan). Sodium or chlorine counterions are shown
as purple and included to ensure charge-neutral systems. This schematic
uses GNP1 and GNP288 as representative examples with distinct core
sizes and ligand substructures.
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We developed a library of simulation-derived molecular descriptors

that capture physiochemical properties of GNPs. Figure 11.3a shows

examples of three GNPs (labeled as GNP14, GNP123, and GNP151) with

varying core diameters and ligand structures; the simulation snapshots

are shown on the right with complex SAM geometries. Figure 11.3b shows

the solvent-accessible-surface area (SASA) and number of ligand-water

hydrogen bonds versus simulation time for the three GNP examples. These

descriptors capture non-obvious structural characteristics arising from the

interplay of the gold core and ligand selection. For instance, GNP14 has the

smallest core diameter, but it has approximately the same SASA as GNP123

due to the longer ligand attached on GNP14. Furthermore, GNP123 has

the largest number of ligand-water hydrogen bonds, despite the ligand on

GNP123 having fewer oxygen and nitrogen atoms as compared to that of

GNP14. These results suggests that MD simulations and corresponding

descriptor calculations capture non-obvious characteristics of GNPs, which

could be used to capture trends that could predict GNP behavior. All

descriptors were standardized by subtracting the mean and dividing by

the standard deviation, so they could be compared on the same magnitude.

Figure 11.3c shows a truncated set of 25 total MD-derived descriptors

that encompass structural and chemical properties of GNPs. These de-

scriptors were selected based on previous literature;18,34–36,41,64 a full table

of the descriptors is available in Table S1.2 The descriptor space was then

filtered by removing all correlated descriptors, which was performed us-
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ing a Pearson’s r correlation matrix between the 25 descriptors, as shown

in Figure 11.3d. Red regions in Figure 11.3d mean that Pearson’s r values

are close to 1, indicating that the descriptors are highly correlated, whereas

blue regions mean the converse. Descriptors with the magnitude of Pear-

son’s r values greater than 0.90 were removed, resulting in 15 uncorrelated

descriptors tabulated in Table S2.2 These uncorrelated descriptors were

used to develop QNAR models to predict GNP experimental observables.
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Figure 11.3: MD-derived descriptors used to develop QNAR models. (a)
Three examples of GNPs with varying core diameters (5.7 versus 7.3 nm)
and ligand structures. Simulation snapshots are shown without water
molecules. (b) Solvent-accessible-surface area (SASA) and number of
ligand-water hydrogen bonds (HBonds) versus simulation time for the
three GNPs in (a). (c) Concise list of of MD-derived descriptors used for
developing QNAR models. The full 25 descriptor set is described in Table
S1.2 (d) Pearson’s r between the 25 descriptor space, which shows red
for highly correlated descriptors and blue for uncorrelated descriptors.
Descriptor indexes correspond to descriptors in Table S1.2 Highly cor-
related descriptors with | Pearson’s r | > 0.9 were removed to output 15
uncorrelated descriptors.
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11.3.3 QNAR models using MD-derived descriptors

accurately predicts GNP behavior

We sought to develop QNAR models that use the uncorrelated descriptors

from Table S22 as the input and experimental labels (i.e., logP, cell uptake,

zeta potential) as the output. We compared two algorithms to probe the

prediction capabilities of using MD-derived descriptors: (1) LASSO and

(2) RF models. LASSO is a linear model that minimizes the residual sum

squared and the L1 norm of the regression weights. An advantage of using

the LASSO model, as compared to a typical linear regression model, is

its ability to remove descriptors that do not significantly contribute to

the prediction of the experimental observable, which is useful for down-

selecting the most important descriptors associated with GNP behavior.

Conversely, RF is a non-linear model consisting of a collection of decision

trees that are each trained using different subsets of the training data; these

trees then collectively vote on a predicted output value. We expect that

since the RF model is non-linear, it may capture non-obvious correlations

between the descriptors that could improve the prediction accuracy as

compared to the linear model from LASSO. To test the transferability of

the models to unseen data, we split the experimental labels with 80% of

the labels as the training set and 20% of the labels as the testing set. Test set

predictions were performed after the models were fully trained with the

training set. To test generalizability of the models across the training set,
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5-fold cross validation (5-CV) was performed on the training set, where

the training set was further split into five subsets. For each fold, the model

was trained on four out of five subsets and tested on the remaining subset

(i.e. validation set). The procedure was iterated five times until all of the

subsets was used in the validation set once.

Figure 11.4 shows the predicted versus experimental logP (left), cell up-

take in A549 cells (middle), and zeta potential values in water (right) using

LASSO (top) and RF (bottom) models; 5-CV predictions are shown as black

dots and test set predictions are shown as red dots with the corresponding

color-coded Pearson’s r between predicted and experimental values are

shown in the upper left of each plot. For logP and cell uptake data sets,

LASSO models perform well with high 5-CV Pearson’s r greater than

0.80 and slightly diminished test set performance with Pearson’s r > 0.70.

However, LASSO models performed poorly in predicting zeta potential

in water with 5-CV and test set Pearson’s r of 0.66 and 0.56, respectively.

Conversely, RF models significantly improve predictions for logP, cell up-

take, and zeta potential datasets with 5-CV Pearson’s r > 0.86 and test

set Pearson’s r > 0.74, suggesting that non-linear models could improve

the prediction accuracy. These results also show that simulation-derived

molecular descriptors from GNP in solution could be used to predict

GNP experimental observables, despite not explicitly modeling the en-

vironments that the GNPs were measured experimentally, such as the

octanol-water phases for logP values or the lipid membrane for cell uptake
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values. Furthermore, these descriptors are not specific to GNP systems

(other than radial distribution functions), which suggests that they could

be more broadly used for different types of ligand-coated nanomaterials.

Figure 11.4: Prediction accuracy of QNAR models. Parity plots of pre-
dicted versus experimental logP (left), cell uptake in A549 cells (middle),
and zeta potential in water (right) values are shown for LASSO (top) and
random forest (bottom) models. 5-fold cross validation (5-CV) predictions
are shown as black dots and test set predictions are shown as red dots.
Pearson’s r between predicted and experiments for 5-CV and test sets
are shown in the upper left with the same color scheme. Dashed lines
indicates when the predicted values equate the experimental values.
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11.3.4 Consensus feature selection informs on GNP

design

Given the success of LASSO and RF models in predicting GNP experimen-

tal trends (Figure 11.4), we next sought to identify the top features that are

important to capturing the trends in the experiments. The advantage of us-

ing LASSO and RF models is their ability to inform on feature importance,

which is typically measured as the magnitude of the regression weights

for LASSO models, or measured by computing the gini information gain

of the nodes within decision trees for RF models.65 However, these ap-

proaches are model-dependent and makes comparing feature importance

between models challenging. Alternative to these approaches, the SHapley

Additive exPlanation (SHAP) method was recently introduced, which is a

model-agnostic approach that have been used measure feature importance

even for “black box” models, such as deep neural networks.66 The SHAP

method assigns an importance value for a feature by comparing model

predictions with and without the feature across all possible permutations

of the feature space, then computing Shapley values by averaging the

marginal contribution of the feature.59,60 Shapley values estimate feature

importance by the magnitude of these values, as well as the positive or

negative contribution to the prediction output through the sign (e.g. a

negative Shapley value means the feature contributes negatively to the

prediction).66,67 We use Shapley values to prescribe feature importance on
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the descriptor space, whereby for each descriptor, the average magnitude

of the Shapley values across all instances (i.e. Mean |Shap|) is reported

and the sign of the feature importance is determined by the Pearson’s r

value between Shapley and descriptor values. To estimate the accuracy

of the feature importance outputted from LASSO and RF models with

the SHAP method, a bootstrapping procedure was implemented,68 which

involves re-training LASSO and RF models with 90% of the training set

(randomly sampled without replacement). This procedure was iterated

20 times such that the average of the trials is reported and the error is

estimated by computing the standard deviation of the trials.

Given that the usefulness of feature importance is dependent on model

accuracy, we primarily focus on the feature importance from RF models,

which outperformed LASSO models in predicting experimental trends

(Figure 11.4). Figure 11.5a shows the top three important descriptors with

the highest feature importance for predicting logP (left), cell uptake in A549

cells (middle), and zeta potential (right) datasets using the RF model; red

bars indicates that the descriptor negatively contributes to the experimen-

tal values, where as blue bar indicates the converse. For the logP dataset,

the RF model identifies the RMSF normalized by SASA (RMSFSASA) as the

top descriptor, which is similar to the LASSO model that identifies RMSF

as the top descriptor (Figure S6)2 and suggests a consensus on the top

descriptor critical for predicting logP. The RF model identifies the second

and third top descriptors as LJ energies between SASA-normalized GNP-
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solvent (E(NP-S)SASA) and ligand-normalized GNP-GNP (E(NP-NP)#Lig.)

for the logP dataset, whereas the LASSO model identifies ligand-water

hydrogen bonding normalized by SASA (HBondSASA) and LJ energies

between GNP-GNP (E(NP-NP)SASA as second and third top descriptors

(Figure S6).2 There is no clear consensus of the second and third top de-

scriptor between RF and LASSO models for logP predictions.

For the cell uptake dataset, HBond#Lig. and HBondSASA appear within

the top three descriptors for both RF and LASSO models, suggesting that

the extent of ligand-water hydrogen bonding is important the propensity

of GNPs to be taken into a cell. The connection between ligand-water hy-

drogen bonding and cell uptake is non-obvious, and it has been previously

observed in cell-penetrating peptides, where surface hydrogen bonding

affects adsorption onto lipid bilayers.69 For the zeta potential dataset, there

are no consensus between RF and LASSO models on the top descriptors,

possibly due to the poor prediction accuracy of LASSO for this dataset

(Figure 11.4). The RF model identifies SASA-normalized GNP-GNP LJ

energies (E(NP-NP)SASA) as the most important descriptor, followed by

ligand-water hydrogen bonding (HBond), and the electrostatic potential

drop between bulk water and gold core (∆φ). Since zeta potential mea-

sures the effective charge on the nanoparticle surface,61,70 we expect that

information about charges (e.g. ∆φ) would be useful to predicting the zeta

potential,64 which is consistent with the predicted top descriptors from

the RF model.
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We next focus on select GNPs that exhibit the extremes of the top

descriptor for each dataset. Figure 11.5b shows the simulation snapshots

of GNPs with the highest (top) and lowest (bottom) top descriptor and

the corresponding experimental observable for logP (left), cell uptake in

A549 cells (middle), and zeta potential (right) datasets. For logP datasets,

GNP132 and GNP146 have the highest and lowest RMSFSASA values, where

increasing RMSFSASA values lead to more negative logP values. A clear

distinguishing feature between these two particles is that GNP132 has

fewer ligands on the surface as compared to GNP146, which results in a

larger free volume accessible for the ligands to fluctuate. These results

suggest that larger ligand fluctuations in water (i.e. good solvation) would

lead to a higher preference in the water phase (i.e. lower logP values). For

cell uptake datasets, GNP169 and GNP152 have the highest and lowest

HBondSASA values, where increasing HBondSASA values result in a decrease

in the experimental cell uptake values. Since the ligands on GNP169 have

more oxygen and nitrogen atoms as compared to the ligands on GNP152,

they could form more hydrogen bonds with water. Hence, GNP169 may

prefer interacting with water more than with the lipid bilayer, resulting

in a lower cell uptake value as compared to GNP152. For zeta potential

datasets, GNP132 and GNP129 has the highest and lowest E(NP-NP)SASA

values, where higher E(NP-NP)SASA values lead to more positive zeta

potentials. More negative E(NP-NP)SASA values suggest favorable ligand-

ligand interactions, which is shown as densely packed ligands for GNP129.
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Conversely, less negative E(NP-NP)SASA suggest diminished ligand-ligand

interactions, shown as GNP132 with fewer ligands on the surface. These

findings suggest varying grafting densities, which could affect the charge

on a GNP surface, strongly impact zeta potential measurements.

The feature importance results in Figure 11.5a are useful for design-

ing new GNPs. For example, tuning the ligand RMSF would affect the

propensity of GNPs to partition into octanol/water phases (i.e. logP),

which agrees with previous literature that found ligand fluctuations is

closely related to the surface hydrophobicity.71 Similarly, tuning extent

of ligand-water hydrogen bonds, by including or removing oxygen/ni-

trogen atoms in the ligand structure, would affect the propensity of cell

uptake. Furthermore, accurately computing descriptors like HBond or

RMSF is only possible using a MD simulation, further supporting the use

of MD to interrogate surface characteristics of GNPs rather than static

GNP models.24,34,37 Furthermore, we tested the robustness of these models

by repeating the entire workflow for a second trial consisting of a shorter

GNP-water simulation of 20 ns and using the last 10 ns to compute MD-

derived descriptors. We found that the model prediction (Figure S9) and

feature selection (Figure S10) are consistent with the findings presented for

the longer 50 ns simulations.2 These findings show that using MD-derived

descriptors could robustly predict experimental observables, and even

shorter simulations could be used to screen for enhanced GNP properties.
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Figure 11.5: Feature importance from QNAR models. (a) Top three most
important descriptors are shown for logP (left), cell uptake in A549 cells
(middle), and zeta potential in water (right) are shown for random forest
models. Feature importance was quantified by Shapley values, where the
average magnitude of Shapley values (i.e. Mean |Shap|) are reported and
the sign is determined by the Pearson’s r correlation between Shapley and
descriptor values. The sign of the feature importance indicates whether
the feature positively or negatively impact the experimental observables.
Feature importance was computed by training the random forest model
using 90% of the training data (randomly sampling without replacement)
and iterated for 10 trials; the average of trials is reported and the error
is reported as the standard deviation of the trials. (b) Simulation snap-
shots of GNPs with the highest and lowest top descriptor outputted from
the feature importance in (a). Core diameters are shown in parenthesis;
number and structure of ligands are shown to the right of the snapshots;
and, descriptor and experimental measurements are shown below the
snapshots. GNP169 has a mixed-monolayer, but only the structure of the
majority ligand is shown for brevity.
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11.4 Model transferability to new datasets

We next sought to test the model prediction capabilities highlighted in

Figure 11.4 to new datasets that are outside of the experimentally database

of Ref. 37. We focus on testing the generalizability of the cell uptake model

because cell uptake is the most biologically relevant observable and most

useful in terms of designing safe, effective GNPs. Jiang et al. measured the

cell uptake of 12 GNPs with core diameters of 2, 4, 6 nm, coated by thioalkyl

tetra(ethyleneglycol)ated structures with four distinct end groups shown

in Figure 11.6a.19 Trimethylammonium (TTMA) and carboxylate (COO)

ligands were representative cationic and anionic ligands, respectively;

NS and SN ligands are zwitterionic ligands. Figure 11.6b shows the cell

uptake of these 12 GNPs in human cervical carcinoma (HeLa) cells; all

experimental data were taken from Ref. 19 and converted to the cell uptake

units in used for cell uptake models in Figure 11.4. Cationic GNPs with

TTMA ligands were found to have higher cell uptake values compared to

the other GNPs, and increasing the GNP size from 2 nm to 6 nm generally

increases the extent of cell uptake, especially for TTMA-coated GNPs.

Given that the RF model performed well in correlating MD-derived

descriptors to cell uptake in A549 cells (Figure 11.4), we sought to see if a

RF model could predict these trends after training it with 65 cell uptake in

A549 labels (Figure 11.1c). We note that there are several discrepancies

in the experimental cell uptake measurements, such as differences in cell
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line (A549 cells in Ref. 37 versus HeLa cells in Ref. 19) or initial GNP

concentration (50 µg/mL in Ref. 37 versus≈ 1.2 µg/mL in Ref. 19). Hence,

we do not expect the models trained with labels from Figure 11.1c to

quantitatively predict cell uptake values from Figure 11.6b; rather, the

trained RF model should capture qualitative cell uptake trends.

We trained a RF model using all 65 experimental labels from Figure

11.1c as outputs and the corresponding GNPs with uncorrelated descrip-

tors as inputs. We then performed MD simulations of the 12 GNPs from

Ref. 19 using the same workflow and descriptor calculations described in

Figures 11.2 and Figure 11.3, we used uncorrelated descriptors to predict

cell uptake trends. Figure 11.6c shows the predicted versus experimental

cell uptake for the 12 GNPs using the trained RF model, which had a

high Pearson’s r between predicted and experimental values of 0.85. The

RF model predicted that the 6 nm GNP with TTMA ligands (simulation

snapshot is shown in Figure 11.6c) had the highest cell uptake, consistent

with experimental values in Figure 11.6b. One striking feature is that

the RF model can capture experimental trends despite differences in ex-

perimental environments (e.g. cell lines), suggesting that GNP features

related to cell uptake (e.g. surface hydrogen bonding) may be fundamental

characteristics associated with GNP translocation across or adsorption

onto lipid membranes.

We have also tested the prediction of LASSO model on these 12 GNPs

(Figure S7),2 which performed poorer than the RF model with a Pearon’s
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r between predicted and experimental cell uptake of 0.26. These find-

ings suggest that RF models outperform LASSO models in predicting cell

uptake values for unseen GNPs, which is consistent with the better pre-

diction performance of RF models in the training and testing data (Figure

11.4). To ensure robustness of the transferrability of cell uptake models,

we predicted cell uptake trends for these 12 GNPs using a second trial

with a shorter GNP-water simulations of 20 ns as described before, and

we found similar prediction trends (Figure S11).2
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Figure 11.6: Transferability of the cell uptake model to new datasets.
(a) Thioalkyl tetra(ethyleneglycol)ated structures with four end group
chemistries. (b) Cell uptake of 12 GNPs with core diameters of 2, 4, and
6 nm, and ligand structures from (a). Cell uptake measurements were
performed after GNPs were incubated with HeLa cells for 3 hours and
quantified using inductively coupled plasma mass spectrometry; all ex-
perimental data were taken from Ref. 19. The cell uptake values were
converted to have the same cell uptake units as Ref. 37. (c) Predicted
versus experimental cell uptake values using MD-derived descriptors of
the 12 GNPs and the data from (b) as the experimental data. Predicted
values were computed using a RF model trained with 15 uncorrelated
descriptors as inputs and 65 cell uptake labels from Figure 11.1c as output.
Pearon’s r between predicted and experimental values using all 12 GNPs
are shown in the lower right. Black dashed lines show the best fit line as a
guide. The simulation snapshot show a 6 nm GNP with TTMA ligands.
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11.5 Summary

In this chapter, we modeled 154 SAM-coated GNPs in aqueous solution

using atomistic MD simulations, developed a library of simulation-derived

descriptors, and leveraged data-centric models (e.g. LASSO and RF) to

predict GNP observables (i.e. log P, cell uptake, and zeta potential) from

an experimentally curated dataset. By modeling GNPs with MD, the in-

terplay between the gold core and ligand selection that affect monolayer

characteristics is captured, specifically the non-obvious, cooperative inter-

actions arising from ligand-ligand and ligand-water interactions. These

effects are encoded in the form of simulation-derived descriptors that

capture structural and chemical properties of the monolayer, which are

difficult to estimate a priori with the gold core and ligand structure or

static models alone. We found that LASSO and RF models performed

well in predicting experimental measurements using simulation-derived

descriptors as inputs, which suggests that these models could be used to

screen GNPs more broadly. Furthermore, by analyzing feature importance

of these interpretable models, we found a consensus between the models

of the most important descriptors related to experimental measurements,

such as the importance of ligand fluctuations for logP measurements and

the importance of surface hydrogen bonding for cell uptake measurements.

Finally, we tested the transferability of the cell uptake models to 12 unseen

GNPs and found that the RF model can accurately predict cell uptake
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trends, despite differences in the experimental methods for measuring

cell uptake between the trained and unseen GNPs (e.g. different cell line,

initial GNP concentration, etc.).

Altogether, these results reveal that simulation-derived molecular de-

scriptors could be used to rank-order GNPs for selective properties, which

would aid in screening GNPs with computationally efficient tools towards

guiding experimental design. The added benefit of modeling GNPs in

solution with MD is that their behavior with biomolecules could be further

interrogated by modeling GNP in presence of lipid bilayers11,12,16,25,72–74 or

proteins,75 enabling a bottom-up modeling approach towards identifying

promising GNPs. Future research will focus on leveraging these work-

flows to predict the how the selection of gold core and ligand influence

the formation of protein coronas, which is the strong adsorption of pro-

tein upon introducing GNPs in physiological environments. For instance,

zwitterionic ligands were found to prevent strong protein adsorption (i.e.

hard corona) at physiological serum concentrations,17 but it is unclear

how the monolayer structure prevents hard corona formation. Addition-

ally, the expansive simulation data available from this work would enable

deep learning approaches that may improve predictions of experimental

observables with MD.
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12 conclusion and future research

This chapter highlights the main takeaways from this dissertation and

suggests potential avenues of future research, which is divided into two

sections for each application area.

12.1 Solvent screening for biomass conversion

reactions

Chapters 3-7 formulated a computational framework that enables solvent-

screening for biomass-relevant reactions using classical MD simulations

and machine learning tools. The most notable takeaways are:

• MD-derived descriptors correlated with experimental reaction rates
(Chapters 3) and selectivity (Chapter 6), despite not explicitly mod-
eling the catalyst or reaction mechanism.

• Modeling the acid catalyst could yield physical understanding into
how the catalyst might behave in different solvent environments,
which may improve prediction capabilities of reactivity (Chapter 4).

• Deep learning models, such as convolutional neural networks (e.g.
SolventNet), could improve and accelerate reaction rate predictions
made from MD (Chapter 5). In addition, a fully trained SolventNet
could be analyzed to inform us about the important characteristics
from MD that relates to reaction rates, which could potentially guide
a descriptor-based approach or yield a deeper understanding of
solvent effects. The approach of integrating deep learning models
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to autonomously extract features from MD and make predictions of
experimental observables could accelerate model generation for a
large range of applications.

• By merging SolventNet (Chapter 5) and solvation free energy cal-
culations (Chapter 6), we now have a computational workflow that
could down-select solvents for biomass conversion processes using
a combination of MD and machine learning methods, which could
be used to lower the extent of experiments required to identify good
solvent compositions (Chapter 7).

While these computational tools provide us with a way of predict-

ing solvent-mediated effects on acid-catalyzed reactions, there are also a

number of challenges that could to be addressed in future work:

• The model uses lengthy solvation free energy calculations to predict
trends in selectivity. Given the success of 3D CNNs to predict reac-
tivity (Chapter 5), one could envision a similar approach performed
to predict product selectivity, which motivates the future direction
described in Section 12.1.1.

• The model does not incorporate costs associated with downstream
separation, costs of the solvents, or toxicity of solvents. For example,
acetone-water mixtures have been found to produce high yields of 5-
hydroxylmethylfurfural (HMF), and HMF could be easily separated
from the mixture in downstream processes.1 Thus, this computa-
tional workflow could be improved by integrating process models
/ techno-economic analysis approaches to guide solvent selection,
which motivates the future direction described in Section 12.1.2.

• Reaction temperature and catalyst selection was not heavily probed
by the models, which are both important parameters for reactor de-
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sign. For the acid-catalyzed reactions, we primarily used triflic acid,
which is a strong acid that disassociates readily in solution. How-
ever, weaker acids with low disassociation constants would influence
the reactivity significantly; hence, modeling the acid catalyst and
its conjugate base may be useful for predicting effects on reactivity
(Chapter 4).

• The models primarily used small biomass-derived compounds. How-
ever, biomass consists of large macromolecules, such as lignin or
cellulose. Hence, incorporating larger compounds into the model
would enable flexibility of the model for degrading real biomass
material.

• The computational workflow may miss important solvent-mediated
interactions that are not captured using classical MD simulations.
Chapter 6 highlights this issue, where DMSO-water mixtures change
the product selectivity of 1,2-propanediol dehydration reaction due
to the presence of DMSO. Therefore, the workflow could be improved
by incorporating ab initio calculations that may better capture the
influence of solvents in acid-catalyzed reaction mechanisms.

12.1.1 Future work 1: Incorporating product states into

convolutional neural networks

Given the success of SolventNet in predicting acid-catalyzed reaction rates

from MD simulations of a single reactant in various solvent environments

(Chapter 5), incorporating information about the product state may en-

able rapid prediction of selectivities in parallel reactions. Since selectivity
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information may be limited in the literature, we could focus on predicting

∆∆G, which is computed from a series of solvation free energies between

reactant and product states and was found to correlate with reaction se-

lectivities (Chapter 6). One major bottleneck of computing ∆∆G is that it

is computationally expensive to perform (e.g. > 12 hours on a supercom-

puter). We could potentially speed up selectivity predictions by combining

workflows from Chapters 5 and 6. Figure 12.1 depicts a deep learning

framework towards combining molecular information from reactant (e.g.

1,2-propanediol) and product (e.g. propane) states to predict ∆∆G. If this

approach is successful, the ability of SolventNet to predict reactivity and

selectivity would provide powerful tools to rapidly screen solvent compo-

sitions for biomass conversion reactions. Inclusion of catalyst simulations

might also improve the generalizability of this deep learning framework to

enable the screening of catalysts. In addition, exploring different machine

learning models (e.g. graph-convolutional neural networks)2 may improve

prediction accuracy by encoding important chemical information missed

in the SolventNet approach, such as hydrogen bonding or orientation of

the hydroxyl groups relative to the solvent.
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Figure 12.1: Future work on incorporating product states into a deep learn-
ing framework to predicting selectivities. MD simulations are performed
on both reactant and product states. Then, simulations are transformed
into voxel representations, as described previously in Chapter 5. The
voxel representations are then inputted into 3D convolutional neural net-
works and merged into fully-connected layers with the regression task of
predicting ∆∆G.

12.1.2 Future work 2: Integrating process models to

fine-tune solvent selection

While we could use the computational tools in this dissertation to predict

reactivity and selectivity in biomass conversion reaction, these tools alone

do not suggest a good reaction workflow for converting biomass to useful

chemicals. For instance, while a specific cosolvent-water mixture might

have high reactivity, these cosolvents may be expensive, toxic, or difficult

to separate. As a result, recent literature have focused on identifying

green solvents that have lower toxicity and possibly lower cost.3 These
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solvent factors and downstream separation processes would be useful for

designing a series of biomass conversion reactors. Hence, future work

could focus on integrating molecular-level modeling and process modeling

tools (e.g. ASPEN),4,5 where MD simulations/machine learning could be

used to rapidly predict reactivity/selectivity and process models could be

used to inform cost expenses and challenges in downstream separation

processes.

12.2 Screening monolayer-protected gold

nanoparticle properties for biomedical

applications

Chapters 8-11 provide computational tools to model monolayer-protected

gold nanoparticle (GNP) systems using classical MD simulations and the

analysis of these systems enables the prediction of GNP behavior with

other biomolecules. The main takeaways of this work are:

• A generalized workflow to build GNP systems that accounts for gold
core and ligand selection was developed (Chapter 8).

• Cooperative interactions arising from ligand-ligand or ligand-environment
interactions necessitate the use of MD simulations to more accurately
describe monolayer characteristics. These cooperative interactions
(e.g. formation of bundles) could be quantified using clustering algo-
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rithms (Chapter 8) or surface characterization techniques (Chapter
10) and distilled in the form of molecular descriptors (Chapter 11).

• MD-derived molecular descriptors and machine learning models
could be used to predict GNP behavior with other biomolecules
(Chapter 11), which enables a rational design and screening of GNPs
for selective behavior.

• Given MD simulations of GNP in solution, subsequent GNP-bilayer
(Chapter 9) or GNP-protein interactions could be further interro-
gated, which could yield physical insight into how gold core or
ligand selection might affect GNP interactions with biomolecules.

These computational tools provide a good step towards an in silico

workflow for designing better GNPs, but these models also face many

challenges:

• The model is missing the ability to predict protein corona formation.
Given that the first challenge that a GNP faces in a biological envi-
ronment is the adsorption of proteins on the GNP surface (discussed
in Section 1.3.4), we need to understand how gold core and ligand
selection affect the distribution of proteins adsorbed onto the surface,
motivating future research in Section 12.2.1.

• The model uses physically motivated molecular descriptors to pre-
dict GNP behavior (Chapter 11), but human-selected descriptors
may miss important characteristics that may better describe the GNP
system. As a result, one may envision that a deep learning model
(e.g. SolventNet in Chapter 5) may capture complex features that
could better predict GNP behavior, motivating future research in
Section 12.2.2.



458

• The models could generalize to nanoparticle behavior that has al-
ready been observed, but they have yet to be used to inform an
experimentalist whether a GNP is worthwhile to synthesize. Hence,
we need an active learning framework to suggest new experiments
of gold nanoparticles that would exhibit characteristics distinct from
the available training data, motivating future research in Section
12.2.3.

• Given that GNP systems are large (e.g. > 100 K atoms), these atom-
istic models may face a computational bottleneck. This issue could
be resolved with hardware improvements (e.g. Anton machines de-
signed for MD simulations),6 coarse-grained modeling,7,8 enhanced
sampling techniques (e.g. umbrella sampling simulations in Chapter
9), or more sophisticated analysis procedures (e.g. deep learning
models in Chapter 5).

12.2.1 Future work 1: Develop model to predict protein

corona formation around GNPs

Protein adsorption onto the GNP surface, forming a “protein corona,” is a

highly relevant issue in the design of GNPs for biomedical applications

because protein corona formation effectively gives the GNP a new “biologi-

cal identity” with surface properties that are different from bare GNPs.9–12

A suggested future direction is the development of computational tools to

predict protein adsorption onto GNP. A recent experimental study quanti-

fied the extent of protein adsorption on planar SAM surfaces,12 which is a
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good starting point tuning a computational workflow to predict protein

adsorption propensity on planar systems. One way to estimate protein

binding propensity to the SAM surface in silico is by performing umbrella

sampling (US) simulations, which measures the free energy of moving a

molecule along a reaction coordinate. Figure 12.2(a) shows a schematic of

a GNP-protein US simulation with z as the reaction coordinate, defined as

the center-of-mass distance between the gold core and protein (denoted

as “P”). For small GNPs (<10 nm), we could potentially speed up the

simulation by only considering half the GNP, which would still account

for curvature effects of the GNP. Figure 12.2(b) shows the expected US

simulation and QCM results for non-binding, weak, and strong proteins.

US simulations should provide a direct comparison to QCM measure-

ments, which would be a good validation that the simulations is capturing

experimental trends.
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Figure 12.2: Future work on integrating US simulations and QCM measure-
ments to measure protein binding affinities on planar SAMs and GNPs. (a)
Reaction coordinate of US simulations between GNP and protein (marked
as “P”), where the protein is sampled at a distance away from either a
curved GNP surface (2-10 nm in core diameter) or planar SAM (estimated
for >10 nm core diameters). (b) Expected US simulation and QCM results
for a non-binding, weak, and strong protein.

One challenge in US simulations is that they are computationally expen-

sive (>1 day for a single SAM-protein combination on a high-performance

cluster), and their results are largely dependent in the initialization of

the simulation. Therefore, a single umbrella sampling calculation might

not account for the different rotations of the protein and conformations

of the ligand that might affect the binding affinity of a protein to a SAM

surface. We could tackle this by using enhanced sampling techniques

with a different reaction coordinate (e.g. hydrophobic contacts reaction
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coordinate in Chapter 9), but identifying the best reaction coordinate is

tedious and may not translate for different SAM-protein combinations.

An alternative strategy to measure the free energy for introducing a

molecule at an interface is by performing cosolvent simulations, which

consists of simulations that include water and cosolvent molecules sur-

rounding a protein or SAM.13 The cosolvent molecules act as molecular

probes that can inform the locations of hydrophilic or charged locations,

depending on the chemical property of the probe. A good example of

molecular probes relevant to natural amino acids is described in Ref. 14.

One major benefit of using cosolvent simulations is the reduced computa-

tional expense of measuring surface properties of across the entire surface

of a GNP, which may extrapolate to binding propensities to different pro-

teins and accounts for all possible rotations. We have previously used

cosolvent simulations to estimate preferred binding sites of hydrophobic

probes (e.g. propane) around GNPs in Chapter 10.

Figure 12.3 shows a computational workflow for using cosolvent sim-

ulations to estimate protein binding propensity. Figure 12.3(a) shows 5

distinct cosolvents that encompass polar, nonpolar, and charged groups.

These cosolvents were selected for their amino acid analogies, and they

have been used in previous literature for cosolvent mapping simulations.13

Figure 12.3(b) displays a computational workflow for developing cosol-

vent simulations by first initiating the cosolvents around the nanoparticle,

performing a high temperature NVT simulation at T = 600 K to remove
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cosolvent aggregation15 and allow for cosolvents to explore the GNP sur-

face, and finally, a NPT simulation at T = 300 K and P = 1 bar to allow for

cosolvents to bind to the surface. These simulations output the fraction of

simulation time occupied by each cosolvent as a surface map illustrated in

12.3(c). Low occupancies are shown as white color, whereas high occupan-

cies are shown by the color-codes of each cosolvent species. With these

occupancy maps, we could begin to correlate GNP binding with proteins

observed in experiments for small 2 nm GNP systems.11 By developing a

protein corona prediction model from either US simulations or cosolvent

simulations, we could begin screening GNPs for selective protein adsorp-

tion, which could then help us predict GNP behavior in the biological

environment.
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Figure 12.3: Future work on leveraging cosolvent simulations to predict
protein binding sites. (a) Five cosolvents that could be used for cosolvent
simulations, which encompass polar, nonpolar, and charged species: water,
propane, acetic acid, methylammonium, and formate. Each species (except
water) has an amino acid analogue so that these simulations could suggest
binding propensities of amino acids located on the protein surface. (b)
Simulation workflow of taking the most likely configuration of a GNP
(described in Chapter 10), then performing a high temperature simulation
at T = 600 K, followed by an NPT production simulation at T = 300 K.
Cosolvent molecules are color-coded as the same color shown in (a). (c)
Occupancy maps of the 5 solvents from (a) for a 2 nm GNP with CH3- and
COOH-terminated ligand end groups. White colors mean no occupancy
of the cosolvent, whereas colored surfaces mean high occupancy of the
cosolvent.
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12.2.2 Future work 2: Incorporate deep learning models

to rapidly predict GNP properties

Given that quantifying the hydrophobicity of GNPs correlated with pref-

erential binding of hydrophobic moeties like propane (Chapter 10), one

could envision that surface maps like the hydration maps in Figure 10.3

encode important information that could be predictive of GNP behavior

with other biomolecules. Recent literature has integrated surface maps

that encode hydrophobicity, electrostatics, and geometric features with

deep learning techniques (e.g. convolutional neural networks (CNN)) to

obtain difficult-to-predict protein properties, such as protein-protein bind-

ing.16 This approach is a promising method for automatically extracting

molecular features from surface information directly and relating them to

experimental observables, overcoming extensive time required to develop

molecular descriptors by domain experts. Future work could focus on

using deep learning frameworks to improve prediction accuracy of MD-

derived molecular descriptors from Chapter 11. Figure 12.4 summarizes

the use of deep learning models, such as CNNs to predict experimental

observables. The input data for the deep learning model would be surface

properties, such as the hydration maps from Chapter 10, which are then

converted into a 2D image using polar coordinates. The output data would

be experimental observables (e.g. logP, cell uptake, zeta potential, etc.).
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Figure 12.4: Future work on integrating deep learning models to predict
GNP properties from surface maps.

12.2.3 Future work 3: Employ active learning to suggest

new GNPs for experimentalists

A critical challenge of GNP applications is the selection of GNPs for exper-

imental synthesis and testing. Hence, the computational tools developed

in this dissertation may aid in screening GNPs for enhanced properties.

However, given the limited experimental data, we need an algorithm to

intelligently explore the design space that could “exploit” areas of promis-

ing GNPs and “explore” areas of GNPs that are different from the current

data set. These algorithms are known as active learning, which are de-

signed to iteratively ask the user for new data point labels based on the

current data available.17–19 With an active learning framework, we could

begin tuning GNPs for a large-range of properties, such as cell uptake,

and use the computational models (e.g. descriptor approach in Chapter

11 or deep learning approach in Section 12.2.2) to help explore the design
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space. Then, we could downselect the top 5 GNPs for an experimentalist to

validate. This synergistic approach between computation and experiment

would be a powerful approach to rapidly identify promising GNPs while

lowering the number of experiments required.
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