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ABSTRACT

We know remarkably little about the origins of life on our planet. The presence of small
organics on the early Earth is generally accepted, but our understanding of the transition from
small organic molecules to life-like systems is speculative. Understanding these processes would
provide insight into the early evolution of biopolymers.

Among the first organic molecules synthesized from inorganic gases were amino acids,
the building blocks of peptides and proteins. Peptides have the potential functionality required to
develop ‘life-like’ behaviors like autocatalysis, which in this context refers to the ability of a
molecule or set of molecules to promote their own synthesis. Autocatalytic peptides exist, but
have never been formed from amino acid mixtures using prebiotic reaction conditions. This begs
the question of how the transition from simple peptide mixtures to autocatalytic reaction
networks could occur. However, that question cannot be addressed until the more concrete
questions of how to search for and identify autocatalytic peptides can be answered. Since
autocatalysis is a kinetical behavior, kinetic studies are a logical way to seek it out. Peptide
reaction networks can be very complex, and few studies have attempted to develop simplified
approaches to characterize the kinetics of experimental systems.

We studied the kinetics of a specific reaction, the trimetaphosphate-activated
polymerization of amino acids. In the first introductory chapter, we briefly discuss the chemical
origins of life field, then review literature related to prebiotic peptide formation. Chapter 2
discusses two reaction mechanisms for the trimetaphosphate-activated process, and demonstrates
how the products of one mechanism can promote the occurrence of the other. In Chapter 3, we
define an ordinary differential equation model summarizing peptide formation and hydrolysis,

then estimate rate parameters based on experimental data. The limitations and potential uses of



the parameters determined from this approach, which are often low precision, are discussed.
Chapter 4 applies the model developed in Chapter 3 to the reactions explored in Chapter 2, and
examines how cyclic environmental conditions can interact with kinetic features to move a

system away from equilibrium and increase the formation of kinetically favorable products.
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1. INTRODUCTION

Relatively little is known about the chemistry that led to the origins of life on earth. In
1953, the Miller-Urey experiment showed that amino acids could be synthesized from inorganic
gases using an electrical spark in conditions believed at the time to simulate an early Earth
environment (Miller 1953). Miller’s experiments provided experimental support for the Oparin-
Haldane hypothesis, a theory proposed independently by Alexander Oparin and J.B.S. Haldane
in the 1920s which suggested that life originated from the spontaneous emergence and gradual
organization of organic monomers in the ‘primordial soup’ of the early Earth (Haldane 1929;
Oparin 1957; Fry 2006). However, despite all the additional research that has occurred in the
years following Miller’s experiments, there is still no experimental evidence of small organic
molecules developing into a system with life-like properties, such as the ability to replicate and
evolve, in plausible early Earth conditions. Exploring the advent of larger biomolecules and the
potential emergence of life-like interactions between them is a challenging problem due to the
extremely large experimental search space, which spans many unknowns and competing
theories.
1.1 Theories of the origin of life

One of the challenges in investigating the origins of life-like systems is that it is not
entirely clear what the minimal definition of life should be. This subject will only be briefly
addressed here, as it has already been the subject of various reviews and special editions in
previous literature (Tirard et al. 2010; Gayon et al. 2010). The capacity for replication and
evolution are generally agreed on as features required to establish life-like behavior, with NASA
endorsing the definition of life as “a self-sustaining system capable of undergoing Darwinian

evolution” (Luisi 1998). In the context of chemical systems, replication often refers to



autocatalysis, meaning molecules or sets of molecules that promote their own synthesis.
However, autocatalysis and evolvability do not necessarily encompass all the other features that
are essential to life as we know it today. Other behaviors may have arisen alongside or even
preceded the emergence of replication, like metabolism and compartmentalization. The ability of
a system to sustain itself using external resources (Castresana & Saraste 1995) and maintain a
separate state while still exchanging materials with its environment (Monnard & Walde 2015)
would have greatly increased the survivability of an early autocatalytic system. The order in
which these behaviors appeared is still debated.

Various origins of life theories have been proposed, often with different classes of
organic molecules being suggested as the first to appear. The best-known theory is the RNA
world hypothesis, which suggests that autocatalytic oligonucleotides were the first replicating
molecules to evolve (Schwartz 2010; Woese 1967). Other theories include the metabolism-first
hypothesis, which suggests that autocatalytic metabolic cycles existed prior to the emergence of
larger replicating biopolymers (Castresana & Saraste 1995; Shapiro 2000), and the peptide and
amyloid world hypotheses, which suggest that peptides and specifically amyloidogenic peptide
structures acted as informational polymers prior to the emergence of RNA (Brack 2007; Rode et
al. 2007; Maury 2009; Ikehara 2014). The complexity of products formed in origins of life
experiments also tends to suggest that multiple classes of organic molecules may have coexisted,
and the interactions between those molecules has also been proposed as the source of life-like
behaviors (Patel et al. 2015; Ruiz-Mirazo et al. 2014; Frenkel-Pinter et al. 2020).

There have also been a variety of environments proposed for the origin of life. The most
popular theories involve hydrothermal fields, either on land or underwater. Organic molecules

may have been able to accumulate and polymerize on the surfaces of rocks and minerals in



hydrothermal pools while being periodically rehydrated by rainfall or tidal cycles (Lahav &
Chang 1976; Damer & Deamer 2015). Underwater hydrothermal vents may have also been able
to accumulate organic molecules in the surrounding minerals while continued polymerization
was driven by the disequilibrium between the minerals around the vent and the surrounding
ocean (Corliss et al. 1979; Russell & Hall 1997; Martin et al. 2008). Other theories suggest that
life formed not in high-temperature hydrothermal conditions, but in cold conditions where long
organic polymers would be more stable (Bada et al. 1994). These theories cover a range of pH,
temperature, and reactant conditions, and are not necessarily mutually exclusive (Omran & Pasek
2020). Life-like systems may have formed more than once in different environments, or formed
and adapted to multiple environments prior to the evolution of the last universal common
ancestor (LUCA) of all extant life on Earth (Cantine & Fournier 2018).

Rather than advocating for any particular theory or environment, the primary aim of this
dissertation is to investigate the general process of simple monomers forming more complex
molecules and explore methods to seek the emergence of complex behavior within those
systems. Instead of attempting to replicate a specific hypothetical environment on the early
Earth, these experiments were conducted in ‘prebiotically plausible’ conditions. This refers to
conditions which do not include any modern biological or synthetic molecular species that were
unlikely to exist on the early Earth, but also do not use an anoxic chamber, which is required to
accurately replicate the low-oxygen conditions of the early Earth (Canfield 2005). This research
was not designed to evaluate the likelihood of one theory or environment, but almost exclusively
discusses peptides as a model system and uses wet-dry cycles as a straightforward method of

increasing peptide yield.



1.2 Peptides at the origin of life

Peptides are an interesting biopolymer to research since they almost certainly played an
important role in the very early stages of the origin of life. They are relatively stable compared to
nucleic acids and oligonucleotides, making them slower to degrade in adverse environmental
conditions (Rode 1999; Nelson et al. 2000). Amino acids were the first organic monomers
identified in the Miller-Urey experiment and have been found in many subsequent organic
synthesis experiments (Miller 1953; Kitadai & Maruyama 2018) as well as in multiple meteorites
(Cronin & Pizzarello 1983; Glavin et al. 2012). There is an established inorganic synthesis route
for amino acids — they form from carbonyl compounds, ammonia, and hydrogen cyanide gas via
Strecker synthesis — and are considered one of the most likely organic monomers to have been
readily available on the early Earth (Brack 2007; Frenkel-Pinter et al. 2020). Peptides also have
the potential to serve a diverse variety of molecular functions — some short peptides are active
biological molecules, even in modern life (Lau & Dunn 2018; Sheehan et al. 2019). Short
peptides designed to coordinate with metal ions have been shown to have esterase (Rufo et al.
2014) and hydrogenase (Timm et al. 2023) activity. Other peptides can act as structural or
molecular templates by assembling into specific structures that promote the formation of a
complementary peptide. Autocatalytic behavior has been found using coiled-coil structures,
which involves two alpha helices coiled together (Ashkenasy et al. 2004; Dadon et al. 2015), and
amyloid-like beta sheets (Rufo et al. 2014; Rout et al. 2018). These peptides were rationally
designed specifically to be autocatalytic, but the success of these experiments demonstrates the
potential for peptides to develop self-replicating behavior.

Various methods have been published in literature for forming peptides from amino acids

in prebiotically plausible environments. Peptide bond formation is a condensation reaction and



unfavorable in water at standard conditions (Fig. 1.1), so two general strategies are used —
dehydration and activation (Danger et al. 2012). Dehydration often simply involves allowing
samples to dry, sometimes repeatedly (Lahav & Chang 1976; Mamajanov et al. 2014; Forsythe et
al. 2015; Yu et al. 2017). The drying process shifts the equilibrium toward peptide bond
formation and has the added benefit of increasing the concentration of the reactants as they
approach the solid phase. High concentrations of salts can also promote condensation, since
many of the water molecules move to solvate the salts, which reduces the overall water activity

even while the molecules are still in the liquid phase (Schwendinger & Rode 1989; Campbell et

al. 2019).
H\/R ITl I H\ /Rl_l| CII)
H\ /C\ /O\ + H /C\ /N\ /C\ /H
N H H/N\C/C\O/H - \rxll (|:I c” o

/ \
H ) R H H O R H
/O\
+ H H

Figure 1.1  Overall mechanism of peptide bond formation. (Public domain.)

Activation is the use of additional, often high-energy, molecules or reaction conditions
that form intermediates with the amino acids or peptides, which then spontaneously react to form
peptide bonds. A wide variety of activating agents and conditions have been suggested in
literature. An early suggestion was that the formation of peptides occurred via heterogeneous
catalysis on the surfaces of minerals and clays since mineral surfaces can accumulate peptides
via surface adsorption and promote peptide bond formation (Lambert 2008; Erastova et al.
2017). The role of dissolved metal ions, particularly divalent salts, on peptide bond formation
has also been studied because peptides can form complexes with metal ions (Biester & Ruoff
1959; Wang et al. 2019) and there are metal ions present at the active sites of many modern

enzymes (Belmonte & Mansy 2016; Kitadai et al. 2011). A specific example of metal ions



promoting peptide bond formation is the salt-induced peptide formation (SIPF) method which
uses Cu(ll) and high NaCl concentrations (Rode & Schwendinger 1990). In addition to minerals
and salts, a variety of other high-energy compounds have been used as condensing agents, such
as cyanamide, dicyanamide, urea, carbonyl sulfide (COS) and carbon disulfide gas (CS>), all of
which are reviewed in Frenkel-Pinter et al. (2020). Although its stability in prebiotic conditions
is uncertain, the aromatic heterocycle imidazole has also been used to promote peptide bond
formation (Sawai & Orgel 1975; Serov et al. 2020). The challenge with many high-energy
activating agents is that, since they are consumed during the reaction, it is unclear whether they
would have been available with enough consistency and in high enough concentrations to
support an emerging life-like system. However, some are very effective and produce much
higher peptide yields than methods without energetic activating agents (Frenkel-Pinter et al.
2020).

The activating agent used in this work is trimetaphosphate (TP), a cyclic inorganic
phosphate which may have been an inorganic precursor to adenosine triphosphate (ATP)
(Rabinowitz et al. 1969). A possible volcanic synthesis route for TP has been published, and it is
thought to have existed on the early Earth (Yamagata et al. 1991). Cyclophosphates are
sometimes unstable because they are prone to ring-opening in certain conditions (Glonek 2021),
but they were recently discovered in natural minerals, demonstrating their potential to appear and
persist in the environment (Britvin et al. 2021). Although they are rare in modern minerals, the
conditions of the early Earth are believed to have been more reducing than our current
atmosphere (Hao et al. 2019) and were probably more conducive to forming and maintaining

cyclophosphates. TP-activated peptide formation is mainly studied in basic pH conditions,



although it has been shown to be an effective activator across a variety of pH and temperature
settings (Chung et al. 1971; Ying et al. 2018; Sibilska et al. 2018; Serov et al. 2020).

Despite the numerous published routes for prebiotic peptide formation, a bottom-up
approach using amino acids to create peptides capable of emulating the behavior seen in
designed autocatalytic peptide systems has yet to be discovered. One challenge is that all systems
designed so far involve peptides that are at least 8 acids long (Lee et al. 1996; Rubinov et al.
2009; Dadon et al. 2015; Rout et al 2022). The thermodynamics of amide bond formation would
make the emergence of peptides of that length exceedingly rare in solution (Ross & Deamer
2016; Lambert 2008). While dehydration and activation make the formation of longer peptides
feasible, these lengths are on the upper end of what has been achieved without using activated
amino acid derivatives and are still challenging to reach in many conditions (Rodriguez-Garcia et
al. 2015). Designed autocatalytic peptides also usually contain a variety of amino acids, some of
which were more likely to exist in meaningful concentrations on the prebiotic Earth than others
(Zaia et al. 2008). Some diversity of reactants is prebiotically plausible since prebiotic synthesis
routes have been found for all 20 proteinogenic amino acids and many nonproteinogenic ones
(Kitadai & Maruyama 2018), but the combination of length and reactant diversity quickly creates
an enormous number of possible products.

Although not all peptides will form with equal likelihood, and it is probable that some
species will not form at all, the number of peptides which can potentially form is combinatorial —
the number of amino acid species to the power of the peptide length. Although several recent
studies using mass spectrometry (MS) have made progress towards making certain kinds of
experimental analyses of these combinatorically complex systems more tractable, quantitative

studies of such mixtures are still daunting (Surman et al. 2019; Jain et al. 2022). Additionally,



with so many potential products, even if longer peptides are formed, there is no guarantee that
the species directly involved in autocatalytic behavior will form in sufficiently high
concentrations or interact with enough specificity to demonstrate autocatalytic activity (Plasson
et al. 2011). Thus, both forming an autocatalytic peptide using prebiotic reaction mechanisms
and identifying such species if they were to form are ongoing challenges.

1.3 Kinetic studies of peptide formation

Kinetic studies can help address several of the questions of bottom-up biopolymer
formation. The emergence of kinetic control, a regime in which the products formed are
determined by the reaction rates and not the by the lowest energy products of the system, can
allow much longer peptides than are thermodynamically favorable to emerge and persist
(Eschenmoser 2007). Kinetic control is thought to be an important step in the transition to life-
like behavior (Pross 2003; Pascal et al. 2013). A specific example of this is the concept of kinetic
trapping in wet-dry cycles, which suggests that if bonds formed during the dry phase are slow to
hydrolyze once back in the wet phase, it will result in the gradual accumulation of longer
polymers (Ross & Deamer 2016). Identifying systems which appear to be following kinetic
control can help surpass thermodynamic limits and determine which conditions are favorable for
forming and maintaining populations of longer polymers (Astumian 2019).

Kinetic studies can also be used to identify the emergence of catalysis or autocatalysis,
since the appearance of these behaviors may reasonably be expected to significantly alter the
reaction rates of a system. With an unlimited reactant source, autocatalytic systems will grow
exponentially, but in a system with limited reactant availability, they eventually limit their own
growth, creating a distinctive sigmoidal concentration profile (Plasson et al. 2011). Identifying a

sigmoidal concentration profile in an experiment is therefore suggestive of autocatalysis, though



secondary environmental effects still need to be ruled out (Imai et al. 1999; Rout et al. 2022).
Top-down studies, which use synthetic autocatalytic peptides, use kinetics to study the
mechanisms of peptide autocatalysis and properties of autocatalytic systems, such as template
dependence (Lee et al. 1997; Rubinov et al. 2009).

Bottom-up studies, which start from amino acids or short peptides, mostly use kinetics to
explore the effects of various reaction conditions (Pasternack et al. 1972; Sakata et al. 2010;
Mamajanov et al. 2014; Yu et al. 2017) and occasionally to verify reaction mechanisms (Yu et
al. 2016; Serov et al. 2020). Many kinetic studies analyzing the hydrolysis rates of peptides in
various environments have also been performed, since these rates are also significant in
biochemistry (Lawrence & Moore 1951; Radzicka & Wolfenden 1996; Qian et al. 1993; Sheehan
et al. 2019; Sun et al. 2019). Modern kinetic studies are generally performed using high
performance liquid chromatography (HPLC), quantitative nuclear magnetic resonance (NMR),
or quantitative liquid chromatography mass spectrometry (LC-MS). Two broad conclusions can
be gathered from these studies as a whole: first, yield and distribution of peptide formation is
highly dependent not only on the activating agent used, but on the details of the environmental
conditions (Surman et al. 2019; Sibilska et al. 2018) and, second, sustained peptide formation
from amino acids is quite difficult to achieve for longer than a few days, even in cyclic or
activated conditions (Sakata et al. 2010; Yu et al. 2017; Serov et al. 2020).

There is still a clear gap between what has been achieved using bottom-up synthesis and
the behavior found in top-down studies (van der Gulik et al. 2009). Since we do not know the
conditions required for catalysis to emerge, it is not clear how large this gap actually is, which
has been the subject of several theoretical studies (Kauffman 1986; Mossel & Steel 2005;

Markovitch & Lancet 2012; Martin & Horvath 2013; Intoy & Halley 2017). In a system where
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random peptides catalyze random reactions at a given frequency, autocatalysis almost inevitably
emerges as the system increases in complexity (Kauffman 1986). However, the estimated
complexity of the system at which autocatalysis appears varies significantly depending on the
assumptions made about the frequency of catalysis. The addition of other factors, such as
external energy, catalytic specificity and efficiency, and whether the system consumes externally
available ‘food” molecules also affect the frequency of catalysis required to establish an
autocatalytic system (Intoy & Halley 2017; Mossel & Steel 2005). Other modeling studies of
prebiotic polymer formation, addressing topics like the effect of drying and the trade-offs of
reaction network complexity have also been performed (Walker et al. 2012; Varfolomeev &
Lushchekina 2014; Virgo & lkegami 2013; Ross & Deamer 2016). The implications of these
model results on the relationship between complexity and catalysis and the ease of establishing
autocatalytic sets are interesting, but since theoretical studies use abstracted systems described
by parameters that cannot be measured experimentally, it is difficult to directly compare them to
real-world chemical systems.

Sequences and mechanisms for experimental autocatalytic peptides are based on modern
proteins, which are far more developed than what likely formed on the early Earth. There may be
much shorter examples of autocatalytic peptides which have yet to be identified or forms of
autocatalysis with less complex mechanisms — evidence of one peptide increasing the yield of
another has been found using dimers and even amino acids (Suwannachot & Rode 1999;
Plankensteiner et al. 2002; Gorlero et al. 2009; Li et al. 2010). These peptides probably behave
more like intermediates than traditional catalysts, forming multiple bonds between reactive

species before hydrolyzing into a species that is unfavorable to form directly, but this behavior
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may still be significant for increasing the system complexity and potentially forming
autocatalytic cycles.

Overall, the large number of uncertainties and the technical demands of quantitative
studies makes searching for emergent autocatalytic peptides in plausible early Earth conditions
challenging. Kinetic studies are already useful for studying reaction mechanisms and
environmental effects, but exploring additional methods of performing kinetic studies can
hopefully enable broader searches for autocatalysis.

1.4 Motivation

The larger challenge motivating this work is the question of how the transition from small
organic molecules into larger catalytic biopolymers could occur, and how it could be detected
experimentally if it did. The size of the experimental search space is already a major challenge in
addressing this question, so we focused on studying the kinetics of a specific set of
polymerization conditions — the formation of peptides from amino acids using drying conditions
and TP. In Chapter 2, we discuss how TP-activated peptide bond formation both affects and is
affected by environmental conditions. These interactions are significant because they change not
only the reaction rates, but the underlying reaction mechanism of peptide bond formation. In
Chapter 3, we propose a simplified kinetic model for a peptide reaction network and a method of
estimating the model parameters based on experimental data. We also discuss why the
approximations of this approach are limited for ‘sloppy’ models, which are models with
characteristics that make parameter estimation very sensitive to even small amounts of noise. In
Chapter 4, we apply the approximation method discussed in Chapter 3 to explore possible kinetic
behaviors in simple peptide networks and explore how such behaviors may contribute to the

emergence of selectivity and kinetic control. Finally, in Future Recommendations, we discuss the
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need for continuing analytical method development, propose further environmental conditions

for Kinetic studies, and suggest additional methods of searching for autocatalytic peptides.
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2.1 Abstract
Polyphosphate-mediated peptide bond formation is central to protein synthesis in modern

organisms, but a simpler form of activation likely preceded the emergence of proteins and RNA.
One suggested scenario involves trimetaphosphate (TP), an inorganic phosphate that promotes
peptide condensation. Peptide bond formation can also be promoted by high pH and drying, but
the interaction of these factors with TP has yet to be characterized kinetically. We studied the
formation of glycine oligomers formed under initially alkaline conditions in the presence of TP
during the process of drying. Oligopeptide products sampled over 24 hours were analyzed by
functionalization and high-performance liquid chromatography with ultraviolet absorption (UV-
HPLC). As they dried, two different pH-dependent mechanisms dominated during different
stages of the process. The first mechanism occurs in alkaline solutions and activates monomer
amino acids to form dimers while reducing the pH. Our results then become consistent with a
second mechanism that proceeds at neutral pH and consumes dimers to form longer products.
The possibility that a series of reactions might occur where the first reaction changes the
environment to favor the second, and so on, may have broader implications for prebiotic
polymerization. Studying how the environment changes during time-varying conditions, like
drying, could help us understand how organic polymers formed during the origin of life.
2.2 Introduction

Early in the origin of life, short peptides probably performed essential functions analogous to
the roles filled by proteins in modern life (Frenkel-Pinter et al. 2020). The wide range of possible
functions that peptides can adopt, including catalysis, secondary structure organization, and
template-guided polymerization, suggests that they played a significant role in the emergence

and development of life (Ruiz-Mirazo et al. 2014). Although the chemistry that led to the origin
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of life remains a topic of much speculation, amino acids are relatively easy to form through
prebiotic routes (Frenkel-Pinter et al. 2020). In contrast, peptide bond formation does not
proceed favorably in water (Danger et al. 2012), which poses a key question of how amino acids
polymerized into peptides, and how those peptides avoided hydrolysis prior to translation or
regulated catalysis.

Various methods for forming peptide bonds in possible prebiotic conditions have been
proposed, as reviewed previously (Frenkel-Pinter et al. 2020; Ruiz-Mirazo et al. 2014; Danger et
al. 2012). Virtually all methods work through one or both of two mechanisms: creating a
dehydrating environment and activating functional groups. Some approaches use the solvation
effects of salts or minerals to create a dehydrating environment in the presence of bulk water
(Lahav et al. 1978; Rode 1999), whereas others use drying to physically remove water (Ross and
Deamer 2016; Campbell et al. 2019). Drying is easily justified as a prebiotic process that could
occur naturally due to tidal cycles, day/night cycles, or weather variation. Nonetheless, simply
drying amino acids in water produces negligible peptide yields. Rather specific environmental
conditions are needed for drying to promote effective polymerization (Lahav et al. 1978;
Rodriguez-Garcia et al. 2015; Kitadai and Maruyama 2018; Rode 1999; Napier and Yin 2006).
One benefit of drying is that the concentration of non-volatile reactants significantly increases as
the solvent evaporates, which can force dilute species to interact with each other and increases
the rate of some reactions (Ross and Deamer 2016; Mamajanov et al. 2014). In addition to
affecting the yield, this can also allow longer or more diverse peptides to form.

Another way to promote prebiotic peptide bond formation is to add an ‘activating agent’ — a
material that interacts with amino acids or peptides to decrease the energy barrier for the

condensation reaction to occur (Danger et al. 2012). One such material is trisodium
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trimetaphosphate (TP), a cyclic triphosphate that is known to promote peptide bond formation
(Rabinowitz et al. 1969; Sibilska et al. 2017, 2018; Ying et al. 2018). Polyphosphates are key
activators in many modern biological processes, including protein synthesis, which makes them
interesting candidates for activating molecules in the origins of life (Lohrmann and Orgel 1973;
Pasek et al. 2017). TP has relatively high solubility in water compared to other forms of
phosphate (Yamagata et al. 1991), and the ring strain on the O-P-O bonds causes it to be
especially reactive (Britvin et al. 2021). TP is considered prebiotically available because a
pathway through which it could be formed by volcanic reactions has been proposed (Yamagata
et al. 1991), and tetrametaphosphate, a closely related cyclophosphate, has been found in nature
(Britvin et al. 2021). TP has been used extensively in studies of prebiotic polymerization due to
the relatively high yields of peptides that it supports (Hill and Orgel 2002; Yamagata and
Inomata 1997; Sibilska-Kaminski and Yin 2021). Mechanisms for TP-activated peptide bond
formation have been published by several groups (Sibilska et al. 2017; Chung et al. 1971,
Yamanaka et al. 1988; Inoue et al. 1993).

Although reaction mechanisms have been explored before, an account of how they act
during the drying process has not yet been published. To understand how TP-activated peptide
bond formation proceeds in a drying environment, we tracked the polymerization of glycine
through a 24-hour drying period. We observed the samples going through two distinct phases,
each consistent with a different reaction mechanism. We suggest that the shift from one
mechanism to another is based on pH change, as protons are produced by the early
polymerization steps. Improving our understanding of how dynamic reaction conditions such as
drying produce complex molecules can give us insight into how the precursors to biological

polymers may have emerged on the early Earth.
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2.2 Materials and Methods
2.2.1 Materials

All chemicals were of analytical grade purity and used without further purification. Materials
were obtained from suppliers as follows: glycine, diglycine, triglycine, pentaglycine, trisodium
trimetaphosphate, and trifloroacetic acid from Sigma-Aldrich, tetraglycine from Bachem, sodium
hydroxide from Fisher Scientific, acetone from Alfa Aesar, 9-fluorenylmethoxycarbonyl chloride
(FMOC) from Creosalus, acetonitrile from VWR Chemicals, and sodium tetraborate anhydrous
from Acros Organics. Reactions were carried out in 1.5 mL low-retention Eppendorf tubes.

2.2.2 Experimental Setup

Unless otherwise specified, all samples contained 0.1 M glycine, 0.1 M TP, and 0.15 M
NaOH. All samples had an initial volume of 1 mL and were placed, with their caps open, in a
heat block preheated to 90°C. The ratio of TP to amino acids, starting pH (10.5-11), and heating
temperature were determined based on what conditions were most favorable to peptide bond
formation in Sibilska et al. (2018). Data was collected using at least three independent
experimental replicates at each time point.

Prior to analysis, samples heated with open caps were rehydrated with milliQ water to
replace what was lost during evaporation, bringing them back to their original volume (1 mL).
To determine the amount of water to replace in samples, six samples were weighed to determine
the mass of the 1.5 mL tube plus the sample contents. These weights only varied by +0.01 g.
After heating, each sample was individually weighed, and its weight was subtracted from the
average initial mass to determine how much water was needed to reach the original volume,
assuming a water density of 1 g/mL. Samples were vortexed (Pulsing Vortex Mixer, Fischer

Scientific) until there were no longer any visible solids remaining in the sample, usually about
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60-90 seconds on maximum speed for fully dried samples. The pH of the samples was measured
using an Apera Instruments PH8500-MS Portable pH microelectrode. pH measurements were
performed after the sample was replenished and vortexed to ensure there was a large enough
sample volume to measure the pH.

Samples were analyzed using FMOC derivatization and UV-HPLC. FMOC was used to
increase the retention time and signal strength of peptide analytes. For the FMOC derivatization
procedure, 25 pL of sample was diluted with 75 pL milliQ water to put the large monomer peaks
in a quantifiable range. Each sample was then mixed with 100 pL. 0.1 M sodium tetraborate
buffer for pH control. Finally, 800 pL 3.125 mM FMOC dissolved in acetone was added to each
sample. For a sample of 0.1 M amino acid, this results in an equal concentration of FMOC and
amino acid, and a slight excess of FMOC in any samples where peptide bond formation had
occurred. We were able to recover near-linear calibration curves for all species with this
approach (Fig. 2.5), which were used to estimate concentrations from the integrated absorbance
values of the HPLC peaks.

Many FMOC procedures suggest performing an extraction procedure to remove excess
FMOC-OH (Jambor and Molnéar-Perl 2009), however, we found this was unnecessary as the
noise peaks associated with FMOC in the UV-HPLC chromatogram were sharp and did not
interfere with any of the peaks associated with our measured species. Samples were allowed to
react with FMOC for at least one minute at room temperature, though most reacted longer while
queued in the autosampler of the HPLC.

Samples were analyzed with a Shimadzu Nexera HPLC with a C-18 column (Phenomenex
Aeris XB-C18, 150 mm x 4.6 mm, 3.6 pL). Products were measured at 254 nm. UV-HPLC

analysis was performed using Solvent A: milliQ water with 0.01% v/v trifluoroacetic acid (TFA)
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and Solvent B: acetonitrile with 0.01% v/v TFA. The following gradient was used: 0-4 min,
30% B, 4-12 min, 30-100% B, 14-15 min, 100-30% B, 15-17 min, 30% B. The solvent flow rate
was 1 mL/min. Peak integration was performed using LabSolutions with the ‘Drift” parameter set
to 10000.
2.3 Results

Amino acid condensation is promoted by TP, alkaline conditions (presence of NaOH), and
drying (Sibilska et al. 2018). To clarify their roles in activating peptide bond formation, we left
out each condition — drying, TP, or NaOH — one by one and measured the resulting
concentrations of glycine homopolymers over 24 hours (Fig. 2.1). As expected, the samples that
were treated with TP, drying, and high initial pH had the highest peptide yields. The most
significant differences were in the yields of trimer (Gs) and tetramer (G4) glycine polymers — the
samples including all three conditions had notably higher yields than the other treatments (Fig.
2.1c, d). In contrast, the dimer (GG) yield of the samples treated with all three conditions was
matched by the dimer yield of the samples that contained TP and started at high pH, but were not
allowed to dry out (Fig. 2.1b). The similarity of the diglycine yields from samples using TP and
high pH, regardless of whether or not they were dried, is explained by the observation that the
vast majority of diglycine formed within the first two hours of heating. At that point, most of the
bulk water was still present even in the samples being dried, so any reactions taking place had to
be able to proceed in water (Fig. 2.1a). A small amount of trimer formation also occurs in the
absence of drying. Collectively, these results indicate that almost all dimer (and some trimer)
formation in alkaline samples containing TP occurs through a relatively fast reaction which does

not require dehydration to proceed.
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Figure 2.1  Di-, tri-, and tetraglycine yields depend on different combinations of three
treatments known to promote peptide bond formation. (a) Volume remaining in drying
samples. Samples that are not dried maintain a constant volume throughout the experiment. (b)
Diglycine concentrations, (c) Triglycine concentrations, and (d) Tetraglycine concentrations. The
shaded region from 0 to 8 hours highlights the relationship between sample drying and peptide
formation. Error bars represent sample standard deviations calculated from independent
experimental triplicates.

After four hours of heating, the rate of formation of trimers and tetramers increased in
samples that were drying (Fig. 2.1c, d). The simplest explanation for these increases follows
from the decreasing volume of water and corresponding shift towards the condensation reaction
per Le Chatelier’s principle, plus increasing reactant concentrations. However, if trimer and
tetramers were forming through the same mechanism as dimers, then the diglycine concentration
should also rise due to drying, since there is still a large amount of monomer remaining in all
conditions. Instead, the dimer concentration drops as the yields of trimer and tetramer rise,

presumably due to conversion into longer polymers and some quantity of 2,5-diketopiperazine
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(DKP) (Table 2.1). These results suggest that in the samples being dried, trimers and tetramers
were formed through a different mechanism than what formed dimers during the first two hours,
and that the reactions that formed the longer peptides mostly proceeded after drying was nearly
complete.

It is noteworthy that it also took about four hours for any peptide formation to occur in
samples that were dried and contained TP but had no additional sodium hydroxide added, and
therefore started with neutral pH conditions (pH 7) (Fig. 2.1c, d). When peptides eventually
formed in these conditions, the dimer yield was low, but the yield of trimers relative to the
amount of available dimer reactant was high. This suggests that the mechanism driving peptide
bond formation in dry, neutral pH conditions favors trimer formation, which offered a possible
explanation for the accelerated trimer formation after four hours in the samples treated with TP,
drying, and NaOH.

We suspected pH might change over the course of the experiment. In the samples treated
with TP, drying, and high pH, we found that the pH dropped dramatically during the first hour
then continued to drop roughly linearly for another four hours. Therefore, although the pH is
initially alkaline, even samples treated with NaOH have a relatively neutral pH for most of the
experiment (Fig. 2.2). At the time when samples including all three conditions begin to promote
trimer and tetramer formation, at about four hours, they have a similar pH to the samples that
started at neutral conditions. This may suggest that the initial presence or absence of NaOH does
not significantly affect the rate of formation of trimers and tetramers for the last 20 hours of the
experiment. Instead, the effect of NaOH in promoting total trimer and tetramer formation is
likely due to having a higher concentration of diglycine available at four hours, when drying-

induced condensation begins.
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Figure 2.2  The relative concentrations of tri- and tetraglycine increase during drying at
neutral pH. Relative concentrations are calculated by dividing by the diglycine concentration at
each point. The remaining water volume and pH are shown by the right-hand y-axes. The shaded
area highlights the period of rapid tri- and tetra-glycine formation that occurs after 4 hours.
Results at 0 hours were excluded due to near-zero numbers producing high variability. Samples
were treated with trimetaphosphate, drying, and started at alkaline pH. Error bars represent
sample standard deviations calculated from independent experimental triplicates.

2.3.1 Effect of Solid Formation

The highest rates of trimer and tetramer formation coincide with the time when solids begin
to form, but peptide formation largely stops once the samples are fully dried. This brief period of
increased peptide formation could result from samples having very high reactant concentrations
while still having enough solvent to avoid restricting the molecules’ mobility, a limitation that
might exist in the fully solid state. We examined the relationship between the solute mass
fraction, the formation of solids, and the rates of peptide formation to better understand the

effects of drying.
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The first consistent appearance of solids occurs at the same time as the rates of longer
peptide formation begin to increase. The solids we observed were a translucent but clearly
visible separate phase that did not immediately dissolve when the samples were filled back to
their original volume, but would eventually dissolve when the samples were subjected to vortex
mixing. Samples heated for 4 hours consistently formed solids at the bottom of the tube, despite
about 20% of the original water still being present. The highest rates of trimer and tetramer
formation occur just afterwards, after 5 and 6 hours of heating and corresponding to solute mass
fractions of 0.4 and 0.8, respectively (Fig. 2.3). The solute mass fraction changed rapidly during
this time because the sample was mostly dry, but it appeared that longer peptides formed the
fastest when the solute mass fraction was neither particularly high nor particularly low. Further
drying beyond 6 hours, the last point where there was still a measurable amount of solvent
remaining, stops peptide bond formation almost entirely. After 8 hours, the samples were
considered fully dried, and the rate of peptide bond was negligible in all the conditions tested.
This suggests that further reactions are inhibited while the sample is completely dry.

We conclude that although we did not observe significant peptide bond formation after
establishing the dry solid phase, the process of approaching the dry solid phase still has a
significant role in promoting trimer and tetramer formation. The different ratios of dimers to
trimers and tetramers forming at different times in the experiment appears to be driven by the pH
shift, but completely dehydrating the sample is required to drive forward the reactions that form

longer peptides.
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Figure 2.3  The highest rates of trimer and tetramer formation occur at intermediate
solute mass fractions. (a) Volume of water remaining in samples and solute mass fraction over
time. For simplicity, solute mass is assumed to be constant and equal to the theoretical mass
based on concentrations and molar masses. (b) Rates of Gz and G4 formation. Rates were
estimated using the three-point central difference formula. Error bars represent sample standard
deviations calculated from independent experimental triplicates. Details on the calculation of the
solute mass fraction and error propagation can be found in the Supplemental Information
(Section 2.6.1).

2.4 Discussion

2.4.1 Mechanisms

A key result of our study was the identification of two distinct phases of TP-activated
peptide formation that correlated with changes in the pH and hydration conditions of the
samples. The two phases we observed correlate well with two different mechanisms of TP-
activated peptide formation, both of which were previously described by Yamanaka et al. (1988)
(Fig. 2.4). The first mechanism proceeds through activation of the N-terminus, the second

proceeds through activation of the O-terminus.
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Mechanism 1 likely accounts for the rapid increase in diglycine observed during the first
hour in samples containing TP at alkaline conditions. First proposed by Chung et al. (1971),
Mechanism 1 is generally accepted for TP-activated peptide elongation in alkaline conditions
(Yamanaka et al. 1988; Inoue et al. 1993). This mechanism creates a phosphoryl-carboxyl mixed
anhydride, a five-membered ring intermediate. The high reactivity of the mixed anhydride allows
this reaction to occur in solution without dehydration. However, this mechanism releases
hydronium ions but requires alkaline conditions to proceed, creating a negative feedback loop —
as the reaction continues, it increasingly hinders itself.

(a) Mechanism 1
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Figure 2.4  Mechanisms for TP-activated peptide bond formation. Adapted from

Yamanaka et al. (1988). (a) Mechanism 1 — Dimer formation in alkaline conditions. (b)
Mechanism 2 — Bond formation between peptides of arbitrary length at neutral pH.
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Mechanism 1 primarily consumes monomers to produce dimers. The mixed anhydride
intermediate can only form from amino acids, so at least one reactant must be a monomer. The
nucleophile attacking the mixed anhydride can be a longer peptide instead of an amino acid, so it
is possible for this mechanism to form peptides longer than dimers, but the excess of monomer
here favors dimer formation. The formation of longer products via this mechanism is further
limited by the stability of N-phosphorylated diglycine in alkaline conditions (Yamanaka et al.
1988). In N-phosphorylated diglycine, the amine group is blocked by phosphate and unable to
act as a nucleophile. If diglycine reacts with TP to become N-phosphorylated instead of attacking
a mixed anhydride, then it is essentially excluded from further extension while the sample is at
high pH. N-phosphorylated diglycine hydrolyzes back into diglycine at neutral conditions,
allowing it to potentially react again (Yamanaka et al. 1988). However, Mechanism 1 does not
significantly proceed at a neutral pH because amino acids have protonated amine groups and are
unable to perform the nucleophilic attack on TP. Mechanism 2, originally proposed by
Yamanaka et al. (1988), proceeds in neutral conditions through an O-phosphorylated peptide that
is attacked by the deprotonated amine of another peptide (Fig. 2.4b). This reaction mechanism
favors the formation of trimer and tetramer in neutral pH conditions. It requires one nucleophilic
attack by an amino acid or peptide with a deprotonated amine group, which at neutral pH is rare.
However, it is much more common among peptides than glycine monomers due to significant
differences between the basic dissociation constants for the amine groups (pKb) of glycine and
oligoglycine. The pKj of glycine is 9.60, while the pKp values of diglycine and triglycine are
8.13 and 7.94, respectively (Yamanaka et al. 1988; Settimo et al. 2014). The pKp values of
diglycine and triglycine are low enough that these species will have non-negligible quantities of

both protonated and deprotonated amine groups at pH 7, and the deprotonated species can act as
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nucleophiles. Glycine is much further below its pKp at pH 7, so virtually no glycine will be able
to act as a nucleophile. Therefore, species already containing a peptide bond are proportionately
more likely to participate in Mechanism 2, resulting in increased trimer and tetramer formation.

2,5-Diketopiperazine (DKP), the cyclic anhydrous form of glycine, was also found in
previous studies of similar systems (Sibilska et al., 2018). We were not actively tracking it in
these experiments because it is not derivatized by FMOC. DKP may interact with some of the
intermediates in either mechanism, however, it is expected to be a relatively minor side product.
DKP formation requires one of the amino acids to adopt a cis configuration, which is not the
dominant configuration of linear peptides (Beaufils et al., 2016). Mechanism 1 is an unlikely
source of DKP because its formation in water at basic pH conditions is unfavorable (Sakata et al.
2010), and the stability of N-phosphorylated diglycine suggests further reactions are inhibited
after reacting with trimetaphosphate (Yamanaka et al. 1988). DKP formation from internal
aminolysis does occur at neutral conditions and may play a role in mediating the concentrations
of longer peptides (Sun et al. 2019). However, the overall rate is probably limited by the
frequency of the correct configuration and correct charge state for aminolysis occurring
simultaneously.
2.4.2 Significance of Drying

Although they studied conditions that favored Mechanism 2, Yamanaka et al. (1988) only
observed negligible yields of triglycine and no tetraglycine from reactions starting with monomer
glycine because their samples were never dried. The change in pH and resulting shift in reaction
mechanism explains why longer peptides form favorably later in the experiment, but the results
clearly demonstrate the important role of dehydration. Samples that were permitted to dry into a

solid had distinctly higher yields of tri- and tetraglycine than those that did not. Mechanism 2



36

proceeds only to a limited extent in bulk water, which is further supported by samples that
started at neutral conditions yielding no detectable peptides until most of the bulk water had
evaporated (Fig. 2.1).

Drying increases the rate of peptide condensation by removing water and increasing
amino acid and peptide concentrations. However, reaction rates depend on mobility as well as
concentration (Ross and Deamer 2016). Molecules in the solid phase have a limited ability to
diffuse and rotate, which can slow or stop their reactivity. As samples dry to the solid phase, it
would be reasonable to expect reaction rates to increase, then abruptly slow or completely stop
due to lack of mobility. In practice, this is not always the case - in some proposed prebiotic
reaction conditions, peptide bond formation occurs mostly in the solid state (Napier and Yin
2006; Campbell et al. 2019), and there is some evidence suggesting peptides form slowly after
drying in TP-activated samples (Sibilska et al. 2017). However, for the experiments described in
this paper, peptide bond formation in the solid phase was negligible.

Condensation into longer peptides likely proceeds best when the system has very low
water activity, but has not dried completely. Low water activity shifts the equilibrium towards
polymerization and allows longer polymers to form without being hydrolyzed. Once the longer
polymers have formed, they do not immediately hydrolyze when rehydrated. Fluctuations
between the solid and dissolved states were explored in Campbell et al. (2019) using
deliquescent salts, and those systems were found to produce comparable yields of peptides even
in the absence of activating agents. We believe our system temporarily reaches similar levels of
water activity in the period between 4 and 8 hours, when Mechanism 2 dominates.
Understanding these details may be useful for finding systems that produce larger peptides with

more potential for complex behavior.
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We should also acknowledge the possibility that other physical properties of the dry state
may contribute to the increased reaction rates as the sample approaches the solid phase. For
example, glycine polymers are known to aggregate into a variety of ordered structures when
dried (Yanagawa et al. 1984), and it is possible that some structures align molecules in a manner
that promotes peptide bond formation. Subtle mechanistic effects like this are not possible to
distinguish with our current methods but we can observe a clear connection between drying and
the formation of longer oligopeptides.

2.4.3 Environmental Conditions in Prebiotic Chemistry

An interesting feature in the trimetaphosphate system is that two different mechanisms of
peptide bond formation occur at different environmental conditions, and the first mechanism
may contribute to creating conditions favorable for the second mechanism. The fact that these
reaction mechanisms have been known for many years and there has been limited appreciation
for the link between them suggests that it may be worthwhile to pay greater attention to the
effects of proposed prebiotic reactions on their environment, in addition to the effects of the
environment on the reactions.

Although this study is limited in scope, the idea that dynamic reaction environments can
increase yields and allow more complex molecules to form is well established (Ross and Deamer
2016; Damer and Deamer 2015; Varfolomeev and Lushchekina 2014; Walker et al. 2012).
Finding a path to more complex peptides would be significant since the conditions tested here
may be too limiting to create peptides with more complex interactions. Glycine is the most
reactive amino acid, but the longest peptides identified in this experiment were only six amino
acids long, with the hexamer being present in such low abundance that it was difficult to

consistently measure. This is enough polymerization occurring within 24 hours for the system to
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be intriguing, especially since there is some evidence that peptides as short as dimers may have
catalytic activities (Gorlero et al. 2009; Plankensteiner et al. 2005). However, the nature and
length of peptides that may have contributed to the origin of life is still very poorly understood
(Van der Gulik et al. 2009; Raggi et al. 2016), and the peptides we observed are still far shorter
than what is generally used in engineered systems used to study auto-catalytic peptides (Yao et
al. 1998; Rout et al. 2018).

Our experiments use drying, one of the simplest to implement and most common
dynamic environmental conditions studied in prebiotic chemistry, to demonstrate mechanistically
how such conditions can allow longer peptides to form. Experiments with more diverse reactants
and longer sequences of environmental conditions, such as wet-dry cycling and reactant
replenishment, may be required to obtain peptides with greater length and complexity.
Nevertheless, it seems reasonable to suggest that there may be other combinations of
environmental conditions and reaction mechanisms that overlap in ways which facilitate the
formation of larger organic molecules and build up reaction networks that occur in series, where
the environmental conditions are partially controlled by the organic reactions taking place. There
are many parallels between such scenarios and the cycles or cascades of reactions that constitute
modern biology. A few examples of how reactions could influence the surrounding
environmental conditions include pH changes, the creation of various by-products and
intermediates, temperature changes caused by endothermic and exothermic reactions, and phase
separation owing to the accumulation of various intermediates. Understanding these relationships
would be extremely useful for discovering how chemical systems could develop enough

complexity coupled with enough specificity to take on life-like behaviors.
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2.5 Conclusion

We investigated TP-activated glycine homopolymer formation in drying conditions and
described the results in the context of the known mechanisms for this process. There are two
mechanisms for TP-activated peptide formation, which are active in different pH and
concentration conditions, and favor different peptide lengths. Alkaline samples of glycine and TP
naturally proceed through both mechanisms in sequence as they dry. The first mechanism forms
dimers and lowers the pH, which allows the second mechanism to proceed as the sample dries.
The second mechanism favors trimer and tetramer formation, further polymerizing the dimers
formed during the first reaction. This particular sequence of reactions enables the formation of
longer glycine polymers.

Production of longer peptides is significant because it indicates that the system can
achieve a higher level of molecular complexity, which may have been useful in the development
of early life. The observation that longer peptides can arise from a naturally occurring sequence
of reactions suggests the possible importance of dynamic reaction conditions in developing
complex molecules. Studying different prebiotic reactions, the environments they occur in, and
the effect that they have on the surrounding environment may suggest routes through which

longer biopolymers could have developed on the early Earth.
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Figure 2.5 Supplemental Information: HPLC
calibration curves for FMOC-derivatized
glycine and oligo-glycine. (a) FMOC-G, (b)

FMOC-GG, (c) FMOC-Gs, (d) FMOC-Gg4, and (e)

FMOC-Gs. FMOC-G above 25 mM exhibited
saturation, so FMOC-G samples were diluted to
below 25 mM prior to estimation of its
concentrations; such estimates of FMOC-G were
1.2 not used to drive key conclusions in this work.
Selected samples run in duplicate or triplicate
showed good reproducibility.
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[GG] (mMM) [G3] (mMM) [G:] (mMM)
4 hours 10.6 +0.88 0.20+0.021 0.0084 + 0.0026
8 hours 9.37+1.28 0.62 £ 0.055 0.21 +£0.064
A[GG] (mM) A[Gs] (mM) A[G4] (MM)
4 hrsto 8 hrs -1.23 + 1.55 0.42 +0.059 0.20 + 0.064
% of [GG] drop accounted for by rising [Gs] and [G4]
AlG] +2 5 8[G] 66 + 85%
*
—A[G,] °

Table 2.1 Diglycine consumption to form tri- and tetraglycine.

The level of G2 drops during 4-to-8 hours of heating, potentially feeding production of G3

and Gs, which increase during this same period. To test this possibility, we assumed formation of

each Gz and G4 consumes one and two Gg, respectively. However, standard deviations from

triplicate measures of these species were too large for a statistically significant accounting of

changes. Moreover, other reactions of G. may be involved: two G2 may cyclize to form 2,5-

diketopiperazine (DKP), G2 may be elongated to form still longer oligomers, or G2 may

hydrolyze back to 2G:. DKP lacks an amine, so it is not detected by FMOC derivatization. Rates

of hydrolysis would likely be negligible after 4 hours, since by that time the sample was mostly

dry.
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2.6.1 Supplemental Information: Calculations for the solute mass fraction, rate of tri- and
tetramer production, and error propagation shown in Figure 2.3.

The mass of the solute (Msolute) Was assumed to be exactly 0.044 g in all samples, which
is the theoretical solute mass for 1 mL of 0.1 M glycine, 0.1 M TP, and 0.15 M NaOH. The mass
of the remaining solvent was calculated based on the total weight of the initial samples minus the
theoretical solute mass and the volume of water replaced at each time point (Msoivent). The density
of water was assumed to be 1 g/mL.

The solute mass fraction is calculated as:

m
Solute mass fraction (mf) = solute (2.1)

Msotute + Msotvent

The error of the solute mass fraction (omf) Was calculated using the standard deviations
from the volume measurements (osolvent). FOr simplicity, the error of the solute mass was
assumed to be zero.

Osolvent

* [mf| (2.2)

Umf =
Msotvent

The production rates of triglycine and tetraglycine were calculated using a three-point
central difference formula. For concentration measurements (yn, tn) taken at time point n and

with a standard deviation of on, the derivative was approximated as:

Yn — Yn-1 + Yn+1 — Yn

dy bn —th—1 tht1 — ln
—] = 2.3
(@), ; @3)

For the first and the last point, when there weren’t three consecutive points to calculate
from, two-point difference formulas were used instead. The error of the production rates was

calculated using the measured standard deviations of the concentrations.
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(2.4)

BTG B v

o' = —_—
(fl_Jtl)n z(tn - tn—l) 2(tn+1 - tn) dt
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Although our understanding of how life emerged on Earth from simple organic
precursors is speculative, early precursors likely included amino acids. The polymerization of
amino acids into peptides and interactions between peptides are of interest because peptides and
proteins participate in complex interaction networks in extant biology. However, peptide reaction
networks can be challenging to study because of the potential for multiple species and systems-
level interactions between species. We developed and employed a computational network model
to describe reactions between amino acids to form di-, tri-, and tetra-peptides. Our experiments
were initiated with two of the simplest amino acids, glycine and alanine, mediated by
trimetaphosphate-activation and drying to promote peptide bond formation. The parameter
estimates for bond formation and hydrolysis reactions in the system were found to be poorly
constrained due to a network property known as sloppiness. In a sloppy system, the model
behavior mostly depends on only a subset of parameter combinations, but there is no
straightforward way to determine which parameters should be included or excluded. Despite our
inability to determine the exact values of specific kinetic parameters, we could make reasonably
accurate predictions of model behavior. In short, our modeling has highlighted challenges and
opportunities toward understanding the behaviors of complex prebiotic chemical experiments.
3.2 Introduction

The emergence of life on the early Earth is believed to have been preceded by the
accumulation of an increasingly diverse and complex set of organic molecules (Orgel 2010). The
reaction networks developed by these molecules laid the groundwork of functions critical for
life, like energy and information processing. Understanding how the systems-level molecular
interactions required for life-like behavior could emerge from simple precursors remains one of

the key questions of prebiotic chemistry, but since this question is primarily about collective
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behaviors, complexity presents an ongoing challenge (Schwartz 2007; Johnson & Hung 2019).
Although studying a single type of molecule or reaction to establish its properties can be useful,
it limits what conclusions can be drawn about potential broader community behavior.
Experiments involving a greater variety of molecules and reactions can probe more interesting
interactions, but have a large search space of variables, and the complexity of the systems make
them inherently more difficult to analyze.

Models are useful for understanding complex systems because they can reveal the
systematic dependence of various properties on each other and allow us to describe and make
predictions about the system behavior. Computational models have been used to explore
hypothetical prebiotic chemical networks for many years and have produced many interesting
insights (Covney et al. 2012). However, our current interest is in models that are based on
experimental data. Prior experimental works mainly used basic kinetic and thermodynamic
governing equations to describe individual reactions or small networks involving fewer than five
reactions. For example, Arrhenius expressions have been used to determine the free energies of
activation for reactions in a small network (Sakata et al. 2010; Yu et al. 2016; Lee et al. 1996).
More abstractly, parameters have been fit to empirical rate equations to describe specific
elements of system behavior or distinguish between candidate models (von Kiedrowski 1986;
Rout et al. 2022). These methods work well for small systems, but may not apply to larger
systems with multiple reactions occurring simultaneously and potentially more intricate network
interactions. Serov et al. (2020) approximated the parameters for multiple reactions
simultaneously in a peptide reaction network, but the parameter fitting was performed manually,
and the network was small. Manual approaches are less rigorous than using a computational

strategy and can be difficult to implement for even moderately sized networks. Other types of
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results from complex experiments have been generated using statistical methods, but these do not
capture the system dynamics (Surman et al. 2019; Jain et al. 2022). There is a need for
approaches to study the dynamical behavior of more complex experimental networks (Ruiz-
Mirazo et al. 2014).

Complex network models are broadly applicable and have already been developed
extensively for other fields (Newman 2003). One notable example is in systems biology, which
has significant parallels to the origins of life. Both involve large interaction networks with
potentially limited available data and may include community interactions that are critical to
understanding system behavior. Bioinformatics models can be used to analyze experimental data
and help understand the molecular interaction networks within living cells (Gauthier et al. 2019).
Similar approaches could be useful for furthering experimental chemical origins of life research,
but aside from a few reviews and computational investigations, they have generally been
overlooked (Johnson & Hung 2019; Ludlow & Otto 2008; Goldman et al. 2013).

Our goal in this study was to investigate how dynamical models, described by ordinary
differential equations (ODEs), might be useful for studying origins of life chemistry. These
models are theoretically generalizable, but as with all modeling approaches, there are limitations
that make them more difficult to apply in some situations. Presenting the benefits and limitations
of a model approach in a way that is accessible to experimentalists, which we aim to do, is an
important step for linking theory and experiment. Differential equation models are not always
suitable for large systems, since constructing them can become difficult, but in well-defined
systems they can be used to study detailed mechanistic behavior (Maria 2004). Computational
methods can be used to estimate all the parameters efficiently and simultaneously in a

moderately complex dynamical network, but validating the physical meaning of the results can
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be more challenging since these problems may not have a unique and stable solution (Transtrum
et al. 2015). However, parameter fitting has still been used to describe nonlinear networks in a
variety of fields, including in systems biology for biochemical pathways (Raue et al. 2013;
Rodriguez-Fernandez et al. 2006).

We focus specifically on fitting parameters to a set of nonlinear ODEs describing the
kinetics of short peptide formation. Peptides are interesting candidates for emergent behavior
because they can engage in a variety of intermolecular interactions and their development was
likely an important step during the origin of life (Frenkel-Pinter et al. 2020). We studied a
simplified network describing peptide formation in a system starting with only two amino acid
species, glycine and alanine. By limiting ourselves to two amino acids, we were able to obtain
quantitative data on the concentrations of most peptide species as they formed through a possible
prebiotic reaction mechanism involving an inorganic phosphate activating agent,
trimetaphosphate (TP) (Sibilska et al. 2018).

We found that our model exhibited “sloppiness”, a term originally used by the Sethna lab
to describe models based on a set of highly imprecise parameters that still return reasonably
accurate predictions (Gutenkunst et al. 2007a). Such models are significantly more sensitive to
changes in certain parameter values while remaining largely unaffected by changes in others
(Waterfall et al. 2006). We suspect sloppiness may be a common feature in networks relevant to
the chemical origin of life. It is known to be extremely common in systems biology, and many of
the features that contribute to it, like reversibility of reactions and limited experimental
observations, are also common features of prebiotic chemistry networks (White et al. 2016).

Sloppiness occurs when parts of the parameter fitting problem are poorly constrained,

resulting in highly imprecise parameter estimates. Our computational study reveals that the
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peptide network model is sloppy. Due to their high uncertainty, parameters fitted to a sloppy
model cannot be treated as true kinetic reaction rates, limiting the hypotheses a sloppy model can
be used to evaluate (Gutenkunst et al. 2007a). However, the collective model behavior predicted
by fitting a sloppy system can be accurate even when fit to relatively sparse experimental data.
This makes them useful for tasks such as exploring theoretical long-term model behavior and
model falsification (Brown et al. 2004; Gutenkunst et al. 2007b; Hettling & van Beek 2011). For
these reasons, we concluded that this system was worth investigating and disseminating despite
the high variability observed in the parameter estimates.

We attempted to reduce sloppiness using model reduction and statistical design of
experiments, but without improvements. As such, it is important to recognize the inherent
limitations of the model structure and of the experimental setup and we conclude that fitting
accurate kinetic parameters using the model we present might be difficult. However, ODE
models can still be useful tools for characterizing the behavior and stability of prebiotic chemical
reaction networks.

3.3 Methods

We studied the formation of peptides from amino acids using trimetaphosphate (TP) as an
activating agent. For simplicity, our experiments only included two amino acids: glycine and
alanine. To maximize peptide bond formation within 24 hours, samples at alkaline pH were
allowed to dry completely (Sibilska et al. 2018). Various combinations of initial concentrations
of glycine and alanine were used to increase the amount of relevant data for parameter fitting,
and cover a larger range of potential conditions in the network, since concentrations of each

species should not affect the values of the kinetic constants. The concentrations of each peptide
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product were determined using HPLC (see Experimental Methods for details). Each
experimental data point is the average of three experimental replicates.

Parameters were fit to an ODE model describing peptide formation and decomposition in
a mass-action style network, depicted in Fig. 3.1. The complete time-dependent ODEs for the
system are provided in the Supplemental Information (Section 3.8.1). To keep the network a
manageable size, we omitted many mechanistic details of peptide formation and only includes
canonical peptides, not intermediates or possible side products. For example, no phosphate salts
or intermediate products of TP activation were quantifiable in our analysis, so TP was not
explicitly included anywhere in the network. To minimize any effect the concentration of TP
might have on the kinetics studied, we used a constant ratio of TP to amino acids across all
experiments. Isomers such as GGA, GAG, and AGG were grouped together to further reduce the
number of parameters and avoid the need to resolve isomers, which tend to co-elute during
HPLC analysis. A complete list of fitted parameters, organized by figure, are available on Github

at https://github.com/haboigenzahn/OoL-KineticParameterEstimation.
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Figure 3.1  Peptide network. Double-headed arrows represent a reversible reaction
connecting two species. Note that many edges share the same reaction parameter, such as the
G—GGG and GG—GGG edges representing the reaction G+tGG—GGG.
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We expected that the network would provide a good baseline for understanding which
reactions were occurring at higher rates. To improve the precision of the parameter estimates, we
applied model reduction and statistical experimental design. Details about these approaches can
be found in the Computational Methods section. Here we will describe the results of these tests
and assess the feasibility of obtaining a predictive model and accurate parameter estimates for
this system from experimental data.

3.4 Results & Discussion
3.4.1 Parameter Estimation

Parameter fitting is performed by tuning the model parameters to minimize a cost
Sfunction (L) that calculates the difference between the model predictions and experimental data;
L is also called a loss function or a residual. We minimized £ using the L-BFGS-B algorithm
from Scipy’s minimize function (Virtanen et al. 2020). We were also able to approximate the
parameter uncertainties, which represent how well the parameters are constrained by

experimental data using an asymptotic Gaussian approximation (Vanlier et al. 2013). Parameters
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determined using sparse or noisy experimental data are less precise than parameters fit with
abundant, high precision data, but the structure of the model itself can also significantly
contribute to the parameter uncertainty. Validating that the model can theoretically be solved can
save time and experimental effort.

We first estimated the parameters for simulated data in the absence of noise, and we were
able to accurately recover the parameters used to generate the data (Fig. 2a). When we applied
the model to experimental data, it was able to capture general trends, however, the parameter
uncertainties were undesirably high (Fig. 2b). For some species, the 95% confidence envelope
for the model prediction was larger than the peptide concentrations themselves. Since the
optimization can find a local minimum, we repeated the parameter estimation for several
different initial guesses. Although the number of initial guesses was limited by the fact that the
parameter estimation method takes up to a full day to finish when all of the experimental data is
included, we observed that none of the different initial guesses significantly improved the
precision of the parameter estimates and that there did not appear to be any positive correlation
between the MSE and the number of highly uncertain parameters (Supplemental Information 2).
Trying many initial guesses to find the lowest possible value for the cost function may slightly
improve the model predictions, but it does not seem to cause an improvement in the precision of
the parameter estimates. Despite the extremely high parameter uncertainties, the accuracy of the
model predictions initially seemed promising, so we began to explore the parameter fitting
process in more detail to determine how to decrease the parameter uncertainty, starting with the

identifiability of the network.
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Figure 3.2  Comparison of fitting data and model predictions. Results are shown for (a)

simulated data and (b) experimental data, using initial conditions of 75 mM glycine and 25 mM
alanine. Both the simulated and experimental data sets included 65 data points and the simulated

data had no artificially added noise.
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3.4.2 Identifiability & Sloppiness

Identifiability analysis determines the possibility of a unique and precise estimate of the
unknown parameters in a network (Cobelli & DiStefano, 1980; Wieland et al. 2021). If a unique
solution cannot be obtained, then the model is said to be structurally unidentifiable. A model is
practically unidentifiable if its parameters cannot be estimated at an acceptable level of
precision. The exact definition of what is considered an acceptable level of precision varies from
case to case. Practical unidentifiability indicates that regions of the objective function are
relatively flat, making it difficult to find a minimum, and it typically results from overfitting
(White et al. 2016). Finally, some systems exhibit a property known as sloppiness, which occurs
when the model behavior is highly sensitive to changes in certain combinations of parameters
and almost completely insensitive to changes in others (Gutenkunst et al. 2007a). Generally,
sloppiness is a consequence of the model structure and its input range (White et al. 2016).
Although sloppiness and practical unidentifiability are not synonymous, in practice they often
coincide (Chis et al. 2014).

Sloppiness can be recognized by examining the spectrum eigenvalues of the Hessian
matrix, sometimes called the sensitivity eigenvalues (see Computational Methods section for
further detail) (Gutenkunst et al. 2007a). The sensitivity eigenvalues are an indirect estimate of
the sensitivity of the cost function to changes in the parameter values and represent the
confidence in the estimate of the parameter combination in the direction of the corresponding
eigenvector. Small eigenvalues represent high uncertainties and large confidence intervals.
Sloppy systems have sensitivity eigenvalues that are roughly evenly spaced across three or more
orders of magnitude. When the eigenvalue spectrum is this large, the smallest sensitivity

eigenvalues tend to correspond to parameter combinations that have minimal effect on the
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system behavior — these combinations are ‘sloppy’ eigenvectors. The eigenvectors of the largest
eigenvalues are referred to as ‘stiff” and control most of the model behavior. In some systems,
there is a clear division between the large and small eigenvalues, usually corresponding to a clear
separation in length or time scales that renders some of the physical details of the system
irrelevant — for example, the kinetic models of many chemical reactions can be simplified when
there is a known rate-limiting step (White et al. 2016). In sloppy systems, no clear division
exists, and the small eigenvalues are rarely united by a single physical phenomenon.

Since rigorously checking for structural identifiability in nonlinear systems can be
challenging, we tested the identifiability of our model by determining if it could recover the
parameters used to generate a set of noiseless, simulated data. We found that all parameters could
be recovered with acceptably high accuracy, suggesting that the model was identifiable. Here, we
define acceptable accuracy to be when a parameter’s standard deviation is at least one order of
magnitude smaller than the value of the associated parameter. However, when we examined the
effect of noise on model performance, we observed that the parameter standard deviations rise
rapidly when even a small amount of noise is introduced (Fig. 3.3a). The error of the model
predictions, on the other hand, rose relatively slowly as noise increased. This suggests that
despite the high parameter uncertainties, the general behavior predicted by the model can be

accurate even when it is fit using noisy data (Fig. 3.3b).
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Figure 3.3  Comparison of parameter accuracy and mean squared error (MSE) for two
different network structures at various noise levels. For the full reaction network, as the noise
in the input data is increased, (a) the number of parameters with standard deviations within one
order of magnitude of the parameter value rises rapidly compared to (b) the error of the model
predictions. When the hydrolysis reactions are removed from the full network, the parameter
estimates remain precise as noise is introduced. The MSE of the model predictions are
normalized to the MSE of the full network with no artificial noise (2.85e-11). All data sets used
simulated experiments created from 25 different initial conditions and 125 data points. The
added noise was normally distributed with a constant signal-to-noise ratio with all negative
values were set to zero to prevent negative concentrations.

Given that this behavior is typical in sloppy systems, we checked the sensitivity
eigenvalues for both our simulated data and experimental data (Fig. 3.4a, b). We found that the
peptide reaction network is unambiguously sloppy, because the sensitivity eigenvalues of the
simulated and experimental data span nearly nine and seven orders of magnitude respectively. To
compare the behavior of the peptide reaction network with a similar system that was not sloppy,
we modified the network to exclude all hydrolysis reactions (Fig. 3.8). Removing reversible

pathways from the network eliminates many combinations of parameters that can compensate for
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one another, which significantly reduced sloppiness (Fig. 3.4c). To demonstrate that it was the
modification to the structure of the model, rather than its smaller size, that was responsible for
the reduction in sloppiness, we also compared it to an even smaller network describing reversible
homopolymer reactions (Fig. 3.9); this model was determined to have a much larger eigenvalue
span (Fig. 3.4d). To investigate whether the grouping of some species in the peptide network was
responsible for the sloppiness of the system, we also checked the sensitivity eigenvalues for a
network with the trimer species separated using simulated data (Fig. 3.10), and found it made the
eigenvalue spread larger (Fig. 3.4e).

The parameter standard deviations were far more sensitive to noise in the full, sloppy
network than in the network with no hydrolysis reactions (Fig. 3.3a). Despite the difference in
the confidence of the parameter fits, the prediction accuracy was not significantly different
between the two models until 20% noise had been introduced to the system (Fig. 3.3b). This
demonstrates a previously mentioned key consequence of sloppy systems — although they can
make reasonably accurate predictions of system behavior, they should not be used to calculate
the values of individual system parameters, since the precision required for accurate parameter

estimations cannot be experimentally realized.
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Figure 3.4  Sensitivity eigenvalues for different systems. (a) Simulated data for the full
network (22 parameters, 35 data points), (b) experimental data generated from a mixture of
glycine and alanine (22 parameters, 65 data points), (c) simulated data for a variation of the main
network that excludes all hydrolysis reactions (11 parameters, 35 data points), (d) simulated data
for network including only one amino acid forming peptides up to tetramer length with
hydrolysis reactions included (8 parameters, 35 data points) and (e) simulated data for a network
with separated trimers (40 parameters, 80 data points). Each system is normalized to its largest
eigenvalue (A1). All simulated data has no additional noise included.

Sloppiness is a common property in systems biology models, and some of the
characteristics that result in sloppiness are likely shared by prebiotic chemistry models.
Reversible reactions and cyclic behaviors can increase the likelihood of sloppiness because they
create situations where a particular combination of parameters (for example, the ratio between
forward and reverse rates defining an equilibrium constant) is more important for describing the
system behavior than the individual parameters themselves. The parameters may become
‘sloppy’ because their individual values can essentially vary freely without affecting the overall
model behavior, as long changes in other parameters can compensate to produce a similar model
prediction. Reaction networks that are mostly or entirely reversible, like the peptide reaction
network, can therefore become significantly more difficult to fit with high precision than models
with comparable sizes, but fewer reversible reactions (Maity et al. 2020). The emergence of

cycles and reversible reactions are expected to be important features in the emergence of life-like
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chemistry (Varfolomeev & Lushchekina 2014; Mamajanov et al. 2014). Therefore, we anticipate
that sloppiness may be a common and potentially unavoidable feature of ODE models found in
prebiotic chemistry, and its implications should be examined.
3.4.3 Consequences of Collective Fitting

Sloppy systems can provide surprisingly accurate model predictions despite having low
confidence parameter estimates. The collective fit of all the parameters tends to be more accurate
and require less data than the individual parameter uncertainties might suggest, since only the
stiff parameter combinations must be constrained to achieve accurate predictions. One of the
consequences of collective fitting is that the numerical values of parameters estimated for sloppy
systems cannot be treated as independent kinetic parameters whose quantitative values have
physical meaning. Situations where a reaction occurs faster in the presence of one molecule than
another are of interest to the chemical origins of life because of their semblance to catalysis.
Unfortunately, in sloppy systems, the numerical values of the parameters fit in each case are
often not comparable. For example, even if the rate constant of one reaction in the peptide
network was significantly higher than another, that is not necessarily good evidence that one
reaction proceeds faster than the other. The parameters are only meaningful when the entire
system is used to describe the specific environment to which they were fit. Fixing individual
parameter values to reflect direct measurements or literature values can potentially break the
collective fit and significantly increase the error of the prediction, often to the point that it is no
longer useful. The lack of physical meaning of the individual parameter values is a significant
drawback of modeling sloppy systems. However, sloppy models can still be useful for certain
tasks. For example, a sloppy model can still be used if the goal of the model is to generate

predictions about the behavior of a similar system with slightly different initial conditions, or to
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predict responses at longer time spans. Moreover, we highlight that sloppiness might simply be a

fundamental property of the actual reaction network, that arises from inherent redundancies in

the system.
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Figure 3.5  MSE of model predictions depend on quantity of experimental and simulated
data. Except for the final points, which include all applicable data, parameters were estimated
for three arbitrarily selected data subsets of varying sizes, then the average MSE of those models
was determined. Noise was neglected. Error bars show the standard deviation of the three
subsets, but are too small to be visible for the simulated data.

To estimate the minimal data required to get relatively accurate predictions, we created at
least three different subsets of the data, trained the model individually with each subset, and
compared their MSEs (Fig. 3.5). The simulated data was sampled at time intervals similar to the
experimental results, since those were the points that were physically relevant. When training the
model using simulated data, increasing the amount of data used improved the model predictions
up to about 40 data points, but with even 25 data points, the error was negligible compared to the
experimental results. Similarly, when we repeated the process with experimental data, the

average error did not decrease as more data was added beyond 25 data points.
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We also investigated the effect of using more frequent measurements, as opposed to using
a greater number of simulated experiments with different initial conditions. We compared the
results of simulated data with a similar number of total data points, but double the usual
sampling frequency to the simulated results in Fig. 3.5. Increasing the sampling frequency was
comparable or slightly worse than including data from additional simulated initial conditions,
except possibly when there is little data available overall (Fig. 3.11). It did not improve the
system’s sensitivity to noise (Fig. 3.12).

Different subsets of the data with the same number of data points could have fairly
different MSEs, suggesting that some combinations of experiments may be better for parameter
fitting than others. This subject will be discussed further in the section on the design of
experiments (DoE). Overall, these results suggest that as few as 25 to 30 data points are required
to fit the system as accurately as the model constraints allow; therefore, reasonably accurate
predictive model fits can be achieved with a realistically obtainable amount of data. The ability
to extrapolate accurate model predictions from short-term experiments has some uses for
studying prebiotic chemical reactions, since long time spans are potentially relevant. Models like
the one we present here could be used to predict the expected equilibrium outcome of slow
reactions based on data from a shorter time span and compare candidate model structures. They
may also be a useful way to predict the outcomes of sequential or cyclic processes, provided that
the parameters are fit in compatible experimental conditions. Sensitivity analysis can be used to
validate the predictions from sloppy models independently from the parameter uncertainties
(Gutenkunst et al. 2007a). Model selection, which involves comparing two or more different
model structures to determine which one reflects the experimental data most accurately, can also

still be performed with sloppy models (Brown & Sethna 2003). However, if finding physically
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meaningful terms for the parameter values is an important goal, then the aim should be to reduce
the sloppiness of the model.
3.4.4 Model Reduction

To address high parameter uncertainty, one may seek to simplify the structure of the
model, ideally without compromising the accuracy of the model predictions. This task is referred
to as model reduction or network reduction, and it can be an effective way to improve
overparameterized models (Apri et al. 2012; Transtrum et al. 2015). However, model reduction
methods are generally based on statistical principles and not physical knowledge, and the results
should be interpreted within an experimental context. The user must ensure that parameters that
might be statistically problematic but are known to be physically significant are not removed
from the model.

Since one of the main features of sloppy models is that they contain parameter
combinations that are insensitive to changes, model reduction may initially appear to be a
straightforward task for sloppy models. However, the fact that the sensitivity eigenvalues are
evenly distributed over multiple orders of magnitude poses a challenge for accurate model
reduction, as there is no clear cut-off between the parameter combinations that are important and
those that are not. Additionally, in practice some parameters are so poorly constrained that they
are randomly distributed throughout the sensitivity eigenvectors, so the components of the
sensitivity eigenvectors are not entirely reliable indicators of what parameters are influencing
them (Gutenkunst et al. 2007a).

We attempted model reduction with the peptide reaction network to determine if it was
over-parameterized and if it might be possible to reduce the reactions considered. For example,

we expected that some of the hydrolysis reactions could be ignored. Since we wanted to use a
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model reduction technique that is accessible and easily interpretable for experimentalists, we
used sparse principal component analysis (SPCA). SPCA is an extension of principal component
analysis (PCA), a popular dimensionality reduction method for linear models (Zou et al. 2006).
Using SPCA, we can identify the inputs that capture most of the information in the data. It has
been used successfully in control theory and gene network analysis, and there are existing
implementations of it in MATLAB and Python (Ma & Dai 2011).

When SPCA was applied to the peptide reaction network, the results were highly variable
and unable to adequately represent the data. SPCA frequently suggested removing reactions
known to be physically significant, such as the formation of dimers from monomers
(Supplemental Information 3.8.5). Not only does this not make physical sense, but because these
are the initial reactions that occur in the system, removing them severely limits the pathways for
longer species to form. Other methods of network reduction may be more effective for sloppy
systems, but are less commonly used and may be more difficult to implement (Transtrum & Qiu
2014; Maiwald et al. 2016). If we choose to pursue additional model reduction efforts, one
logical next step may be to inspect the inverse of the covariance matrix to identify which
parameters are the most correlated and least constrained by the data (Wasserman, L. 2004). This
information may be useful for determining which parameters are best to remove or to combine
into a single term.

3.4.5 Design of Experiments

If the model structure cannot be altered, another method for reducing sloppiness is to
determine if experimental data can be gathered strategically to explore the variable space more
thoroughly (Apgar et al. 2010). However, to reduce parameter uncertainty, the selected

experiments must provide new information not already captured in the model. Design of
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experiments (DoE), or experimental design, seeks to identify the experiments that would provide
the most useful information for improving prediction accuracies. DoE methods such as factorial
design (Fisher 1935), response surface methodology (Box & Wilson 1951), and screening
(Shevlin 2017), have been widely adopted across various fields. However, there are several
notable caveats in relation to sloppy systems (Jagadeesan et al. 2022). First, the precision of
parameter fitting for sloppy systems is limited by the least accurately determined eigenvectors,
so more data measured with the same uncertainty may not help. Second, there is some debate
over whether DoE can be used with approximate models without risking the collective fit, as it
can inadvertently place too much importance on details not included in the model (White et al.
2016).

In this work, we use a Bayesian experimental design (BED) method that selects
experimental designs based on the expected reduction in parameter uncertainty as quantified by
the determinant of the Fisher information matrix (FIM) (Transtrum et al. 2012; Thompson et al.
2022). To determine if there was any significant benefit obtained using DoE, we compared the
reduction in parameter uncertainty from performing experiments suggested by the BED method
to the reduction achieved from performing arbitrarily chosen experiments (Fig. 3.6). We
evaluated the results using a couple of metrics — by the percentage of parameters with standard
deviations that were large (within an order of magnitude of the relevant parameter) to indicate
the overall precision of the parameter estimates, and by the MSE to indicate the accuracy of the

model’s predictions.
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Figure 3.6  DoE slightly improved the precision of the parameter estimates and the
model prediction accuracy. (a) Using simulated data with 15% noise, the percentage of large
parameter uncertainties (standard deviation within one order of magnitude of the parameter
value) remained consistent and (b) the MSE did not change significantly compared to the initial
tests. (c) Using experimental data, the percentage of large parameter uncertainties decreased
slightly and (d) the model predictions improved relative to the initial tests, but did not continue
to improve as more data was added. Each round added 3 additional experiments, consisting of 5
time points measured for each experiment. For the DoE rounds, 3 experiments chosen from the
top 20 experiments suggested by the DoE algorithm were added. For the control rounds, data
from 3 initial conditions not included in the DoE suggestions were added (50 mM Gly, 25 mM
Gly and 25 mM Ala, and 50 mM Ala).
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In our preliminary tests using simulated data with artificial noise, adding results from
experiments suggested by the DoE method did not reduce the number of parameters with large
standard deviations or improve the accuracy of the model predictions. This suggests that the poor
precision of the parameter estimates may not be caused by poor data coverage, and is instead a
consequence of the model structure. When applied to our experimental data, the addition of
results suggested by the algorithm did decrease the number of parameters with large standard
deviations and improved the model predictions relative to the initial tests, however, there was
significantly less improvement from the second round of additional experiments than there was
in the first. The simulated results suggest a limit to how much additional data can improve the
parameter estimates and highlight that the model structure is responsible for sloppiness. Even
after nearly doubling the amount of data included in our original tests, neither the experimental
nor the simulated system ever had fewer than 60% of parameters with large standard deviations
and the model predictions were essentially unchanged. Overall, it seems unlikely that continued
cycles would significantly improve the parameter estimates to the extent that it would allow us to
attach any physical significance to their numerical values.

Data suggested by the DoE algorithm typically had similar or better performance than the
data that was added arbitrarily. However, we cannot conclude there is a significant improvement
from using the DoE algorithm, because during the second round of experiments using arbitrary
data produced very similar results in all cases. Concerning the experimental results, conclusively
determining whether the selections of the DoE algorithm are an improvement over randomly
selected conditions would require performing many additional experiments. Within the existing
results, we noted that model prediction errors occasionally increased when more data was added,

which can be a consequence of overfitting, however, there was no consistent trend of samples
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outside of the training data set having significantly higher prediction errors, suggesting
overfitting is not likely (Supplemental Information 3.8.6). Because the increases in prediction
error are small, they are probably an incidental consequence of the noise in the data and the
limited sample size.

There are several possible reasons why DoE did not consistently improve the precision
of the parameter estimates this system. The precision of a sloppy model is limited by the most
variable parts, so experimental noise may be preventing key features from being determined
more precisely (Gutenkunst et al. 2007a). The prescribed range of initial conditions may have
also been too restrictive. We only included initial conditions with various concentrations of
monomers because amino acids and peptides can participate in different reaction mechanisms
with TP. Since these mechanisms were not being explicitly separated in the model, initial
conditions with large concentrations of peptides could have inadvertently led to measuring the
parameters for a different reaction mechanism. Rather than risk measuring the kinetics of a
different mechanism, which would undermine the assumption that each experiment had the same
kinetic parameter value, we chose to use a more limited system definition. However, this also
may have limited our ability to constrain some parts of the network. Finally, as DoE methods are
statistically based approaches that rely on existing results, they can be sensitive to noise in the
data. As a result, it may be difficult to predict how parameter uncertainties will change as
additional data is added. Therefore, because sloppy networks tend to be better at producing
accurate predictions than accurate parameter estimates, approaches that aim to improve

predictions rather than parameter uncertainties may be more useful.
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3.4.6 Model Limitations

The mass-action style model used here is a significant simplification of the reactions
occurring in the actual experimental system. TP-activated peptide bond formation involves not
only multiple intermediates but likely multiple reaction mechanisms, which were not fully
described in this model (Boigenzahn & Yin 2022). Certain products, like the cyclic dimer 2,5-
diketopiperazine were not detectable or quantifiable in our analysis. Merging the isomeric
peptide species also may have increased the experimental error slightly, since not all isomers
have the same absorbance. However, on average, the species balances of glycine and alanine
were about 90% accurate, suggesting that any products missed by our analysis were probably not
dominant products in the system. While we acknowledge the simplifications and sources of noise
in our experiments, it is important to note that the model generated high parameter standard
deviations when extremely small amounts of noise were added to simulated data. It may not be
possible to fit the current version of the peptide network with high precision from experimental
data.

It might be possible to alleviate sloppiness by replacing the generic reversible reactions in
this model with more detailed descriptions and measurements of intermediates. However, this
would significantly increase the resources needed for experimental and statistical analysis.
Additionally, this model does not account for increasing concentration of all species as the
sample dries. The volume could be included as a dynamic term in the network model, but it
complicates parameter estimation because of the infinite limits that occur as the volume
approaches zero. There are also potential reactions that occur almost exclusively in the solid

phase (Napier & Yin, 2006). We chose to neglect any concentration effects or details of the TP
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reaction mechanism and instead explored the feasibility of creating a model that predicted
overall peptide production.
3.5 Conclusion

Although we were able to fit kinetic parameters to the peptide reaction network in our
simulated tests, in practice the parameter estimations were poorly constrained due to sloppiness.
Neither network reduction nor statistical design of experiments were particularly successful for
reducing sloppiness or improving the precision of the parameter estimates for this example.
Sloppiness precludes us from drawing any physical conclusions based on the individual values of
the parameters estimated in these models, but this approach is still an effective way to make
model predictions based on relatively few time points. The predictive capacity of the model may
be useful for forming hypotheses about the behavior of systems that pass through multiple
conditions sequentially, or simply estimating equilibrium conditions based on short-term
experiments.

Our goal was not only to explore the kinetics of these specific reactions, but to evaluate
the potential challenges and opportunities of applying mathematical tools, which were originally
developed for biological networks to prebiotic chemical systems. Sloppiness is a challenge when
studying the kinetics of complex nonlinear systems but may be an interesting property in the
broader context of the chemical origins of life; sloppiness has been suggested as a possible non-
adaptive explanation for the robustness of many multiparameter biological systems (Daniels et
al. 2008). This idea suggests that many complex networks, ranging from those found in biology
to those that are randomly generated, have similar behavior across large areas of the parameter
space. This implies that robustness, in this case a reaction network’s ability to achieve similar

outcomes despite variation in its parameter values, can emerge from complexity even when it is
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not specifically selected for. The feature of intrinsic robustness in sufficiently large
multiparameter networks observed in deep neural networks, which can be dramatically complex
but highly accurate, and is an open area of investigation in the machine learning community
(Belkin, et al. 2019). As a result, there is a significant incentive to work towards studying more
complex experimental origins of life systems.

Adapting systems biology tools to study complex origins of life experiments lends itself
to an interdisciplinary approach, since many methods can be difficult to implement or even
approach without expert assistance. Demonstrative studies like this one can improve
experimentalists’ understanding of what data analysis approaches are available, what their
limitations are, and what results they can provide. We hope that using computational networks to
analyze experiments will become more commonplace and enable the study of more complex
origins of life reaction networks.

3.6 Computational Methods

The usefulness of a parametric model is limited by our ability to accurately determine the
values of the corresponding parameters. A large body of work has detailed various parameter
fitting or regression techniques that can be used to build these models (Bard 1974). The most
popular parameter estimation method is maximum likelihood estimation (MLE). In MLE, the
noise from experimental measurements (¢) is treated as a random variable that captures the error
between the model predictions and the observed output values:

y=m(X;0) +e€ (3.1)
where € € RS, S is the number of observations (measurements) available, m is the model and
0 € R" are its n parameters. The set of output observations is stored in the vector y € RS, and

X € RS*K known as the design or feature matrix, is structured so that the st" row corresponds to
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the st" observation, x,, and the k" column corresponds to the k" input variable x,. Combining
MLE’s assumption that @ and X are deterministic variables with the most common noise model,
the Gaussian or normal distribution ((e ~ M(0, %)), where X is the covariance of the noise)
allows us to exploit the fact that the sum of normal distributions is also a normal distribution. We
can use this to calculate the distribution for the observations vector, y ~ N'(m(X, ),X). The
goal of MLE is then to find the values of @ that best account for the experimental observations,
or the values for 0 that best parameterize this output distribution. This is done by determining the
values that maximize the log-likelihood function, L(8):

0" = argmax L(0) = argmax log f(y|X,0,2) (3.2)
0 0

where f(y | X, 0, Z) is the likelihood (or conditional probability) that the outputs in y would be

observed given values for X, 6, and X. For the given distribution of y:

FyIX, 0,5 = (207215172 ) exp (—%(y —m(X; ) 2 (y — m(X; e))>. (33)

The well-known ordinary least squares regression problem is a special case of MLE where the
model is linear and X is a diagonal matrix composed of identical values (c2).

A common issue with MLE is that (2) can have multiple solutions (L(8) is nonconvex),
as is often the case with nonlinear models. However, some of these solutions may contain
parameter values that are not physically sensible, making the solution invalid. One way to
overcome this limitation is to shift the goal of (2) from maximizing the probability of measuring
the observed outputs given a set of parameters to maximizing the probability of a set of

parameters being correct given a set of observations. Mathematically, this is done using Bayes’

theorem, £(8 | y) o« £(y|8)f(8), and changes the likelihood function to:

0" = argmaxlog f(y|X,0,%) + log f(8) (3.4)
)
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where now we no longer assume that 0 is deterministic but instead has some distribution (e.g.,
0 ~ \V'(0,%,)) that is captured by the prior £(8). This term can be used to input any prior
knowledge or expectation one might have over the values of the model parameters (e.g., must
have a certain sign, lay within a specified range, etc.) and thereby constrain the search to values
of @ that satisfy the desired criteria. If y and @ are normally distributed, then (4) can be

expressed as:
1 T 1 red _
0 = argmlnz (y —m(X; 0)) X 1(y - m(X; 9)) + 5 0-06)"x;'(6-06) (3.5)
7]

Note that the first term will be minimized when the model predictions exactly match the
output observations, while the second term will be minimized when @ = 8. To perform the
optimization of model parameters, we use the L-BFGS-B algorithm from SciPy’s minimize
function with a tolerance for termination of 1e-3. As a result, Bayes’ estimation seeks to balance
the fit of the model with the prior knowledge over the parameters that is available. We use an
Expectation-Maximization (EM) algorithm to determine the covariance matrix of the
measurement noise and the parameter prior that maximizes the model evidence (Thompson et al.
2022).

Due to the randomness in y, the selected parameters @* will exhibit an inherent
uncertainty that is determined by how well the estimates are constrained by experimental data.
The parameter uncertainty is largely controlled by the model structure as well as the quality and
quantity of the available data. If a model is selected where certain inputs are not strong predictors
of the outputs or are dependent on other inputs, or if the dataset is too small or contains
redundant samples, then 8* will be imprecise. This is a major issue as it can lead to overfitting,

where m is not able to make accurate predictions at values of x that are outside of the dataset.
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An estimate of the parameter uncertainty can be obtained from the eigenvalues of the
Hessian matrix, H (y; @) , also known as the Fisher information matrix (FIM) in the context of

parameter estimation, which is defined as:

_9%L
L1 06,00

(3.6)

The eigenvalues of the Hessian serve as an estimate of data sufficiency. From calculus we
know that the second derivative of a function, f*', determines if a critical point (f' = 0) isa
maximum (f"' < 0), a minimum (f"' > 0), or an inflection point (f"" = 0), which could be
either a minimum, a maximum, or neither. Additionally, we can also estimate how sharp or
defined an extremum is from the value of f". As a result, we can use H (y; @) to gauge the
quality of the obtained solution. For example, if all the eigenvalues of H (y; 8) are large and
positive (>> 0), this implies that 8~ sits in a well-defined minimum and provides a precise
estimate of the parameters. If all the eigenvalues are positive and one or more are small («< 1),
then the minimum is not sharp, and the parameter estimates will be ill-defined and exhibit high
variability. Finally, if 7 (y; @) has any eigenvalues equal to zero, then 6* lays on a flat surface
and cannot be uniquely estimated from the data; in other words, 8* has infinite variability.

If the precision of 8" is deemed to be too low, there are two methods that can be used to
improve the quality of the estimates. The first, known as system identification, involves the
structure of the model and the selection of the input variables. We can determine the relative
importance of the input variables using a feature importance technigque such as automatic
relevance determination (ARD), or model class reliance (MCR), or as used in this paper, sparse
principal component analysis (SPCA) (Zou et al. 2006). This information can then be used to

restructure m to eliminate any redundant inputs.
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If system identification is not able to reduce the uncertainty of the parameter estimates to
a desired level, a second approach is to collect additional data. However, the data must provide
additional information beyond what is already contained in the current dataset to have any
chance of improving the parameter estimates. One way to achieve this is by using a design of
experiments (DoE) algorithm to select experiments that have a maximal value. Depending on the
goal of the experiments (optimization, discovery, or both), their value can be measured by the
information content they provide or by their predicted proximity to a desired set of properties.
There is a rich variety of DoE algorithms to select from such as response surface methodology
(RSM), screening, factorial design, etc. (Fisher 1937; Box & Wilson 1951; Shevlin 2017). A
common metric to evaluate the optimality of candidate experimental designs is the determinant
of the FIM. For any candidate experimental design, X, the FIM is computed as

0%L om(X, 09) om(X, 09)
H;; = =35 D
Y = 36,06, % T ag, 26,

(3.7)

where evaluations of the gradient with respect to model parameters is computed using the
forward sensitivity equations (Ma et al. 2021).

While DoE can be very useful for improving parameter uncertainties, there are several
challenges. Calculating the expected information gain (EIG) can be time consuming due to the
number of operations that need to be performed for larger systems. As a result, obtaining a new
batch of experiments can easily take on the order of hours depending on the size of the dataset
and the number of parameters involved. Even for moderately sized models, the quantity or
precision of an experimental system may not be sufficient for accurate predictions of the
information generated by each experiment to be made in the first place, or the experiments that
would provide the information may not be feasible in reality. Both cases seriously hinder the

effectiveness of DoE methods.
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Selection of experiments for the DoE method was performed as in Thompson et al.
(2022). Experimental data was normalized using linear scaling to ensure that the concentration
values for each species spanned [0,1]. Scaling the data ensures that low abundance species still
affect the parameter fits, which was necessary since the experimental results span several orders
of magnitude. Parameters values were limited to [0,10] for simplicity, though we found that
raising the upper bound had no effect if the initial guesses were single digit. Negative values had
no physical meaning since both directions of the reversible reactions were already included. All
computational methods were performed using Python 3.2.2. We used automatic differentiation in
PyTorch to calculate the gradients of the loss function and SciPy to solve the initial value
problems. Relevant code is available at https://github.com/haboigenzahn/OoL-
KineticParameterEstimation.

Simulated data for testing was generated in Python 3.2.2 using SciPy 1.7.1 solve_ivp.
The parameters for the simulated data were loosely based on the parameter fits of the
experimental data, but were rounded to integers (Table 3.3). Network figures were generated
using Cytoscape 3.7.2 (Shannon et al. 1971).
3.7 Experimental Methods

All chemicals were of analytical grade purity and used without further purification.
Materials were obtained from suppliers as follows: trisodium trimetaphosphate (TP) and
trifloroacetic acid (TFA) from Sigma-Aldrich, sodium hydroxide from Fisher Scientific, acetone
from Alfa Aesar, 9-fluorenylmethoxycarbonyl chloride (FMOC) from Creosalus, acetonitrile
from VWR Chemicals, and sodium tetraborate anhydrous from Acros Organics. Reactions were
carried out in 1.5 mL low-retention Eppendorf tubes. Peptide standards came from various

sources: glycine, diglycine, triglycine, pentaglycine, dialanine and Ala-Gly from Sigma-Aldrich,
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tetraglycine from Bachem, Gly-Gly-Ala from Chem-Impex International, Ala-Gly-Gly from
ChemCruz, Ala-Ala-Gly from Pepmic, and Gly-Ala-Gly, Gly-Ala-Ala, Ala-Gly-Ala and
trialanine from Biomatik.

Samples were prepared with 0.15 M NaOH, various concentrations of glycine and
alanine, and TP in equimolar concentration to the total amount of amino acid. Details of the
initial conditions chosen are included in Supplemental Information 3.8.8. Samples were placed
on a heat block preheated to 90°C with the caps open and allowed to dry for 24 hours. At the end
of each day of drying, samples were rehydrated with 1000 pL milliQ water preheated to about
65°C, capped and vortexed (Pulsing Vortex Mixer, Fisher Scientific) 3000 rpm until everything
was dissolved, which took 1-3 minutes per sample.

To analyze the samples with UV-HPLC, they were first derivatized using FMOC, which
increases the retention time and signal strength of peptide analytes. For the FMOC
derivatization, 25 pL of sample was diluted with 75 pL milliQ water to put the large monomer
peaks in a quantifiable range. Each sample was then mixed with 100 pL 0.1 M sodium
tetraborate buffer for pH control. Finally, 800 uL 3.125 mM FMOC dissolved in acetone was
added to each sample. For a sample of 0.1 M amino acid, this results in an equal concentration of
FMOC and amino acid, and a slight excess of FMOC in any samples where peptide bond
formation had occurred. Linear calibration curves were determined for all species using this
approach (Fig. 3.15), which were used to estimate peptide concentration based on the integrated
absorbance values of the HPLC peaks of the samples.

Samples were analyzed with a Shimadzu Nexera HPLC with a C-18 column
(Phenomenex Aeris XB-C18, 150 mm x 4.6 mm, 3.6 uL). Products were measured at 254 nm.

UV-HPLC analysis was performed using Solvent A: milliQ water with 0.01% v/v trifluoroacetic
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acid (TFA) and Solvent B: acetonitrile with 0.01% v/v TFA. The following gradient was used:
0-4 min, 30% B, 4-12 min, 30-100% B, 14-15 min, 100-30% B, 15-17 min, 30% B. The solvent
flow rate was 1 mL/min. Peak integration was performed using LabSolutions with the ‘Drift’
parameter set to 10000.
3.8 Supplemental Information
3.8.1 Supplemental Information: Complete ODE equations for the network in Fig. 3.1.

d[G]/0t = —2k, [G]? + 2k, [GG] — ks [G][A] + ke [GA/AG] — k; [GA/AG][G]

G

]
+ kg [GGA/GAGJAGG] — ko [G][GG] + kyo [GGG] — kqq [G][GGG]
+ kyp [GGGG] — ky7[AA][G] + kyig[AAG JAGA/GAA]

a[;;tc;] = ky[G]? — k3[GG] — ko[G1[GG] + k1o[GGG] — 2ky3[GG]? + 2kq4[GGGG]
— ky5[GG][A] + ky4[GGA/GAG /AGG]
d[A]
—o = ~2ks[Al + 2ky[AA] — ks[G][A] + ks[GA/AG] — kis[GGI[A]
+ k16[GGA/GAGJAGG] — k1o[GA/AG][A] + k,o[AAG/AGA/GAA]
a[gltA] = ks[A]? — ko[AA] — ky7[AA][G] + kqg[AAG JAGA/GAA] — ky, [A][AA]
+ kyy[AAA]
d[GA/AG]
—— = kslGl[A] ~ ks[GA/AG] = k;[GA/AGI[G] + ke[GGA/GAG /AGG)
— kyo[GA/AG][A] + kyo[AAG/AGA/GAA]
d[GGA/GAG /AGG]/dt
= k, [GA/AG][G] — kg [GGA/GAG/AGG] + k45 [GG][A]
+ ki [GGA/GAG/AGG]
a[ng] = ko[G][GG] — kqo[GGG] — kq1[G][GGG] + k12[GGGG]
d[GGGG]
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d[AAG/AGA/GAA]/dt
= ky [AA][G] — kg [AAG/AGA/GAA] + kyo [GA/AG][A]
— ky [AAG JAGA/GAA]

d[AAA]
at

= k21[A] [AA] - ko2 [AAA]

3.8.2 Supplemental Information: Results of multiple initial guesses

To evaluate the effect of the initial condition on the quality of the parameter estimation,
we fit the experimental results at 7 different initial guesses. Two were chosen to be the same
integer for all parameters and 5 were randomly generated lists of integers between 0 and 9. We
found that there was no correlation between initial guesses that generated a lower MSE and
initial guesses that improved the precision of parameter estimation. These results suggest that
using a multi-start approach can help minimize the MSE of the parameter estimation, does not
seem to significantly improve the uncertainty of the parameter estimates.

1leb
8.2

8.0

7.8 g

7.4

7.2 oo

7.0
0 50 100
Parameters with large standard
deviations (%)
Figure 3.7  Supplemental Information: Fraction of parameters with standard deviations
within one order of magnitude of the parameter value versus MSE for various initial
guesses. All points were generated using the complete experimental data.
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3.8.3 Supplemental Information: Other model networks

Figure 3.8

Figure 3.9

GGG

N \

GGGG

GGA/GAG/AGG

GAJAG

N\

AAG/AGA/GAA

i

/

Supplemental Information: Model of peptide network with no hydrolysis.
Used for the irreversible network in Fig. 3.3.

GGGG

Supplemental Information: Glycine homopolymer model used for Fig. 3.4d.
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Figure 3.10  Supplemental Information: Network with separated trimers used for Figure
3.4e.

3.8.4 Supplemental Information: High frequency sampling results

Since the peptide concentrations change most rapidly during the first 1-2 days of
reactions, we checked to see if increasing the frequency of the time points where data was
gathered would improve the model predictions. We found that for simulated data, doubling the

sampling frequency was only a small improvement relative to the same number of data points

generated using a greater number of simulated initial conditions.



84

When comparing an equal number of total data points, doubling the sampling frequency
is only helpful when the number of total data points was low. Above about 40 total data points,
the MSE was lower when we included data from additional simulated initial conditions (Fig.
3.11). Using fewer than 40 data points risks reducing the accuracy of the model predictions due
to insufficient data, so we concluded that it is generally better to use more initial conditions
rather than to try to increase the sampling rate. These results may vary slightly depending on the
initial conditions of the data used, but this analysis generally suggests that increasing the
sampling frequency does not significantly improve the accuracy of the model predictions. It
should also be noted that due to the complexity of the underlying mechanism, experimental data
gathered at two different sampling rates may not be directly comparable, since one sampling rate
may include a detail of the system behavior which the other does not. This issue was one of the

motivations for consistently using integer sampling.

log(MSE)
o)

0 20 40 60 80 100
Number of data points

——|nteger sampling —e=—Double sampling frequency

Figure 3.11 Supplemental Information: Model prediction accuracy of noiseless,
simulated data created with different sampling frequencies. The data in this manuscript uses
integer sampling to match the experimental conditions. Data generated with the doubled
sampling frequency included a data point at every integer and half-integer.
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We also examined whether using more frequent sampling decreased the sensitivity of the
parameter estimations to artificial noise. These values are not directly comparable to those in Fig.
3.3, since they use fewer total data points for expediency, however, the qualitative behavior,
particularly the rapid initial rise when even 1% noise is added, is recognizably similar to the

parameters estimated using integer sampling.
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8 © 60.00 *
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e .
©
o £ 000
0 5 10 15 20 25
Noise (%)

Figure 3.12 Supplemental Information: Parameter accuracy of parameters estimated
from data with increased sampling frequency at various noise levels. Parameter standard
deviations are considered large if they are within one order of magnitude of the parameter value.
All data was simulated and included a total of 70 data points.

3.8.5 Supplemental Information: SPCA Results

First we will discuss the SPCA results for noiseless, simulated data including 35 data
points. We chose to split at the 9™ eigenvalue, which meant removing variables with entries > 0
in the last 13 columns of the Wsparse matrix. The parameters removed were Kz, k2, Ka, Ks, k7, K12,
K14, Kis, K1s, and Kkis.

The network reduction introduces large errors in the fitting that were not present when
the complete network was used. These results were typical among the variations of this process
we attempted using different cutoffs for A, different data sets (both simulated and experimental),

and SPCA seeds. Reduced networks calculated using this method increased the parameter
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uncertainty rather than decreasing it, and in many cases also decreased the accuracy of the model

predictions. The fact that model reduction was not able to lower parameter uncertainties when

the fits are highly accurate might be expected, but the reduced models also consistently failed to

improve the parameter accuracy of the experimental data.

We also tried repeating this test with a very conservative estimate for the eigenvalue

cutoff by splitting at the 19" eigenvalue. Although the results were an improvement compared to

those shown here, the prediction accuracy was still lower than when the full network was

included, without any noticeable improvement in the parameter standard deviations.
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Figure 3.13 Supplemental Information: Parity plots showing model predictions vs.
simulated values (a) before and (b) after model reduction by SPCA. Data is scaled so that
each species spans the interval [0,1] to ensure the lower abundance species are visible.
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Supplemental Information: SPCA matrix for simulated data. Shaded values
indicate parameters selected for removal based on the exclusion of everything

after the 9" eigenvalue.

Table 3.1
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Next we will discuss the SPCA results for the experimental data, which included 65 data
points. Repeating the process above with the experimental data, we split at the 13" eigenvalue,
which meant removing variables with entries > 0 in the last 9 columns of the Wsparse matrix. The
parameters removed were ks, Ke, K7, Ko, K10, K13, k21, and k2.

The suggested network reduction included one of the reactions that forms dimers from
monomers (ks = A + A — Az), which does not agree with our physical understanding of the
behavior of the network. This network significantly over-predicted the formation of GA/AG,
possibly due to it being one of the few remaining pathways connecting alanine to the rest of the

network in the absence of the formation of dialanine.
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Figure 3.14 Supplemental Information: Parity plots showing model predictions vs.
experimental values (a) before and (b) after model reduction by SPCA. Data is scaled so that
each species spans the interval [0,1] to ensure the lower abundance species are visible.
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Table 3.2

3.8.6 Supplemental Information: Comments on overfitting

Supplemental Information: SPCA matrix for experimental data. Shaded

values indicate parameters selected for removal based on the exclusion of
everything after the 13" eigenvalue.

One method of checking for overfitting to check if the model predictions are significantly

better for the data the model was trained on than similar data that it was not trained on. In this

case, the training data refers to the data that was used to estimate the model parameters. Data not

included in the training data will be referred to as the test data.
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We checked for overfitting in our experimental design tests since the total model MSE
increased when additional data was added. Using the first seven experiments as the training data
and the other six experiments as the test data, the test results (n = 2.04%, 6 = 9.92%) did have a
higher average MSE than the training data (1 =1.29"*, 6 = 0.0195), but the result was not
statistically significant (p = 0.214). When we repeated the test using the data from the first round
of DoE testing as the training data and only the three experiments that were later performed for
the second round of DoE testing as the test data, the test data (un=1.115", 6 = 1.46™) actually
had a slightly lower average MSE than the training data (u = 1.387%, 6 = 2.186), though again
the results were not statistically significant (p = 0.387). Collectively, these results suggest that
overfitting was not the cause of the increasing MSE as more data was added during the DoE
tests.

During these tests, we observed that specific experiments had much higher MSE values
than others. Experiments starting from 0.1 M glycine were notable outliers in all tested cases.
This may be the result of longer glycine products forming that were not included in the model or

another source of experimental error involving the glycine oligomers.
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3.8.7 Supplemental Information: Parameters for simulated data

Table 3.3 Supplemental Information: Parameter values used to generate simulated
data for Chapter 3.

k1
k2
k3
k4
k5
k6
K7
k8
k9
k10
k11
k12
k13
k14
k15
k16
k17
k18
k19
k20
k21
k22

RPINFRPOFR, AN RO, RROAO

3.8.8 Supplemental Information: Initial conditions for simulated and experimental data
Data was gathered or generated using various initial conditions were used to improve the
coverage of the reaction space. Initial experiments were originally done for seven pairs of

glycine and alanine adding to 0.1 M total amino acid.
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Glycine |01 M 0.09M |[0.075M |0.05M [0.025M [0.01M |OM
Alanine |OM 0.01M [0.025M |0.05M [0.075M [0.09M (0.1 M
Table 3.4 Supplemental Information: The first 7 initial conditions used to generate the
basic data set for design of experiments (DoE). Each column represents one
initial condition.

Additional experimental starting points were selected by the DoE algorithm. Three
experimental conditions were chosen from the top 20 experiments suggested by the algorithm.
The selected experiments were as follows: for experimental data, the first round added 0.1 M G
and 0.1 M A, 0.1 MGand0.07M A, and 0.05 M G and 0.1 M A. For the second round using
experimental data, the tests added started from 0.09 M G and 0.09 M A, 0.07 M Gand 0.1 M A,
and 0.1 M G and 0.05 M A. For the first round of simulated data with 15% noise, the tests added
were 0.1MGand0.1 M A,0.07MGand 0.1 M A, and 0.1 M G and 0.07 M A. For the second
round, 0.1 M G and 0.09 M A, 0.09 M G and 0.1 M A, and 0.09 M G and 0.09 M A were added.
The DoE algorithm consistently suggested tests near the upper limit of the amino acid
concentrations we included as possible tests, so for the arbitrary experiments to compare the DoE
selections to were 0.05 M G and 0 M Ala, 0.025 M G and 0.025 M A, and 0 M G and 0.05 M A.

For the simulated data, an additional set of five standard experiment were added — 0.06 M
Gand 0.06 M A, 0.07 M G and 0.07 M A, 0.08 M G and 0.08 M A, 0.09 M G and 0.09 M A, and
0.1 M Gand 0.1 M A, These were included based loosely on the suggestions from the DoE
model, which seemed to imply the need for better coverage in the region with high amino acid
concentrations. Data files that included more data points than the original seven plus, these
additional five, and the suggestions selected from the DoE process included randomly generated

initial points where the glycine and alanine values each had to be within [0, 0.1].
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3.8.9 Supplemental Information: HPLC Calibration Curves

Calibration curves based on laboratory standards for the various species measured in this
paper. Samples were diluted to ¥4 their original concentration prior to analysis to bring them
within range of the calibration curves. For curves that appeared to saturate at higher
concentrations, only the relatively linear (R? > 0.98) region of each set of measurements was
used to determine the calibration curve. The concentrations found experimentally fall within
these regions.

We found that most isomers had nearly identical retention times, which is a known
challenge of using HPLC to identify short peptides. To calculate the concentrations of
overlapping isomer species, we used the average of the calibration curves of each species,
essentially assuming that all isomers were present in equal concentrations. This is a probable
source of experimental error since some isomers may be more abundant than others and they can
have significantly different calibration factors. However, given the similarity of the experimental
data and the simulated data, which had no concept of underlying separate isomers, we believe it
is unlikely that a different method of calculating the merged isomer concentrations would
substantially change any of the results discussed.

The only case where there was significant peak overlap outside of isomers was between
AAA and GA/AG. The qualitative behavior of this peak was what would be expected from
GA/AG, maximizing when the initial condition was half glycine and half alanine and decreasing
the more the initial condition was biased towards one amino acid or the other. Since AAA was a
low abundance peak even in samples containing only alanine, we chose to ignore its contribution
to this peak. The concentration of AAA was set to zero for every experiment except those

starting with only alanine. The alanine-only experiment was sufficient for the model to predict
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non-zero concentrations of AAA, but we expect these predictions to have high uncertainty since

they are based on incomplete data.

Figure 3.15 Supplemental Information: Calibration curves for glycine and alanine
peptide species. Calibration curves are shown for (a) G, (b) GG, (c) Gs, (d) G4, (e) A, (f) AA, (9)
As, (h), GA, (i) AG, (j) GGA, (k) GAG, (I) AGG, (m) GAA, (n) AGA, (0) AAG
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4.1 Abstract

The dynamic behaviors of prebiotic reaction networks may be critically important to
understanding how larger biopolymers could emerge, despite being unfavorable to form in water.
We focus on understanding the dynamics of simple systems, prior to the emergence of
replication mechanisms, and what role they may have played in biopolymer formation. We
specifically consider the dynamics in cyclic environments using both model and experimental
data.

Cyclic environmental conditions prevent a system from reaching thermodynamic
equilibrium, improving the chance of observing interesting Kinetic behaviors. We used an
approximate kinetic model to simulate the dynamics of trimetaphosphate (TP) activated peptide
formation from glycine in cyclic wet-dry conditions. The model predicts that environmental
cycling allows trimer and tetramer peptides to sustain concentrations above the predicted fixed
points of the model due to overshoot, a dynamic phenomenon. Our experiments demonstrate that
oscillatory environments can shift product distributions in favor of longer peptides. However,
experimental validation of certain behaviors in the kinetic model is challenging, considering that
open systems with cyclic environmental conditions break many of the common assumptions in
classical chemical kinetics. Overall, our results suggest that the dynamics of simple peptide
reaction networks in cyclic environments may have been important for the formation of longer
polymers on the early Earth. Similar phenomena may have also contributed to the emergence of
reaction networks with product distributions determined not by thermodynamics, but rather by

kinetics.
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4.2 Introduction

How organic monomers developed into polymers capable of replication, metabolism, and
other key behaviors of life remains unknown. Repeated reactions, such as those produced from
cycling a sample between wet and dry conditions, can promote the formation of more complex
molecules (Lahav & Chang 1976; Ross & Deamer 2016), but also tend to produce intractable
tars that would be unlikely to support continuous replication (Shapiro 2000). Life-like behavior
probably emerged in at least partially open systems that were able to exchange materials and
energy with their environment (Wagner et al. 2019; Baum 2018). Open systems allow fresh
reactants to be supplied while removing side products from previous reactions. Removing
products from a system can also decrease the overall system complexity by favoring products
that form quickly, potentially avoiding the formation of tars and supporting the proliferation of
catalytic or autocatalytic reactions (Martin & Horvath 2013; Colon-Santos et al. 2019).
Experiments with open systems have been performed using various mixtures of organic
molecules (Lahav et al. 1978; Maio et al. 2021; Bartolucci et al. 2022), and some have suggested
the possible emergence of function, though the details of those functions remain ambiguous
(Doran et al. 2019; Vincent et al. 2019). Some dynamic phenomena, such as sustained
oscillations, are only thermodynamically possible in open systems (Wagner et al. 2019).

Another significant feature of open systems in the origins of life is that they can remain
away from thermodynamic equilibrium indefinitely. One of the hallmarks of a life-like system is
that it should remain out of equilibrium with its environment, meaning that life almost certainly
originated in far-from-equilibrium conditions (Eigen & Schuster 1977; Pross 2003; Pascal et al.
2013; Mamajanov et al. 2014). The kinetic behavior of systems which are far from equilibrium

may have provided the driving force necessary for the emergence of organization from an
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unordered system (Prigogine 1978; Astumian 2019). Chemical reaction networks in far-from-
equilibrium conditions may exhibit overshoot, a dynamic phenomenon in which a species passes
through its equilibrium point one or more times before actually reaching it (Jia et al. 2014).
Overshoot is a kinetically driven phenomena and has been correlated with the ability of
biochemical systems to recover their original state after a perturbation (Jia & Qian 2016; Ma et
al. 2009).

Nonlinear dynamics can emerge in relatively simple chemical reaction networks and lead
to complex behaviors in open or partially open systems (Epstein & Showalter 1996), but these
behaviors have not been extensively explored to evaluate their significance to the chemical
origins of life. Computational models of replenished systems have been investigated, but many
of the existing models either assume the presence of an autocatalytic network, are deliberately
vague about the identities of the molecules and mechanisms involved, or both (Kindermann
2005; Walker et al. 2012; Wynveen et al. 2014; Peng et al. 2020). The inclusion of chemicals in
an autocatalytic set, sometimes referred to as chemical replicators, increases the diversity of
potential dynamics in a model system, but such models do not help explain how chemical
replicators arose in the first place.

Here we will discuss the possible significance of open-system dynamics that can arise in
chemical networks prior to the emergence of catalysis or autocatalysis. We examined the Kinetic
behavior in fed batch systems of glycine polymerizing into oligoglycine through a combination
of wet-dry cycles and activation by trimetaphosphate (TP), an inorganic phosphate that
significantly enhances peptide bond formation across a wide range of environmental conditions
(Sibilska et al. 2018). Using parameters fitted from experimental data, a simplified mass-action

based ordinary differential equation (ODE) model predicts the emergence of overshoot in this
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open system. We explored the effect that cycling between two different reaction mechanisms has
on the system dynamics and compared model results to experiments. The experimental results
support the idea that oscillations can favor certain products over others. However, our work
highlights the difficulty of evaluating kinetics in open systems, specifically where reactions are

driven by drying into the solid state.

4.3 Methods

4.3.1 Experimental methods

(a) Iterative replenishment

Heat Rehydrate
24 hrs

l Prepare new sample

Heat with peptide
24 hrs concentrations from
analysis
(b) Batch replenishment
g_l
Rehydrate Reiiois
Heat
24 hrs \/ & replace U
Heat ‘
24 hrs

Replenishment rate = % volume replaced with new stock each cycle
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Figure 4.1  Methods of experimental replenishment.

We performed several cyclic, multi-day experiments to compare with model predictions.
Samples were prepared as 1 mL samples containing 0.1 M glycine, 0.1 M TP, and 0.15 M
NaOH, and heated with the caps open at 90°C for 24-hour intervals. Since reaction rate
parameters depend on the environment, we kept the initial conditions of each cycle as close to
those conditions as possible; this required keeping the trimetaphosphate and base conditions
close to their initial conditions, since they are not explicitly included in the model. To maintain
these conditions without causing continuous accumulation of TP, base, or their byproducts, we
used an iterative strategy, recreating samples using peptide standards to match the concentrations
measured after each cycle (Fig. 4.1a). This ensured complete replacement of TP and base. To
keep the amino acid to TP ratio constant, we also adjusted the total glycine species balance with
each cycle by adding glycine monomers to compensate for any glycine lost to side products, such
as 2,5-diketopiperazine or glycine oligomers with a length of seven or above, which we did not
quantify. Although this may underestimate the significance of side-products, this experimental
setup adheres most rigorously to the assumptions of the model.

Compartmentalization or adsorption to solid surfaces can allow some molecules to be
diluted less rapidly than others in an open system, but complete removal of waste and
replacement of activating molecules, as occurs in iterative replenishment, is probably too
idealized to be physically realistic in an origins of life context. Therefore, we also performed a
set of experiments using batch replenishment, in which the reaction products from one cycle
were directly transferred into the subsequent cycle (Fig. 4.1b). This process is a discontinuous
analog of what would occur in a continuously stirred tank reactor (CSTR), where side-products

from reactions can build up over time. This approach to replenishment is a more realistic
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representation of flow in open systems insofar as we might expect all the molecules to be equally
affected by the flow rate.

For the batch replenishment experiments, all samples were initially 1 mL samples and
contained 0.1 M glycine, 0.1 M TP, and 0.15 M NaOH. Samples were heated at 90°C with the
caps open for 24 hours to allow them to dry, then rehydrated with 1 mL water and vortexed until
the solid was fully dissolved. The term ‘replenishment rate’ refers to the percentage of fresh
material that is replaced in each subsequent cycle; for example, a 75% replenishment rate
indicates that 250 pL of the dissolved reaction product is transferred to the next generation, and
750 pL of a solution of 0.1 M glycine, 0.1 M TP, and 0.15 M NaOH solution is added. In
practice, the glycine, TP, and NaOH solutions were stored separately and mixed only during the
preparation of the subsequent cycles to prevent them from reacting in storage. We compared the
results of multiple replenishment rates — 50%, 75%, and 90%.

All samples were analyzed using fluorenylmethyloxycarbonyl chloride (FMOC)
derivatization and high-performance liquid chromatography (UV-HPLC) for improved retention
and guantitation, as in our previous work (Boigenzahn & Yin 2022; Boigenzahn et al. 2023).
FMOC derivatization was used to improve the retention time and signal strength of the peptide
analytes. For the FMOC derivatization procedure, 25 puL of sample was diluted with 75 puL.
milliQ water and mixed with 100 puL 0.1 M sodium tetraborate, which acted as a buffer. Finally,
800 pL 0.0391 M FMOC dissolved in acetone was added to each sample, equating to 25%
excess FMOC to possible amino acid.

Between cyclic transfers and prior to derivatization, samples were vortexed at maximum
speed until there were no visible solids remaining (Pulsing Vortex Mixer, Fischer Scientific),

usually approximately two minutes. pH was measured using an Apera Instruments PH8500-MS
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Portable pH microelectrode. For the batch replenishment samples, the pH at the start of each
heating cycle was measured using duplicate samples prepared from the material remaining after
the volume needed for HPLC analysis and transfer to subsequent generations was removed.
Since a small amount of sample tends to stay on the pH probe after each measurement due to
surface tension, the use of duplicate samples prevented effects due to volume changes.

Derivatized samples were analyzed using a Shimadzu Nexera HPLC with a C-18 column
(Phenomenex Aeris XB-C18, 250mm x 4.6mm, 3.6uL) and quantified using calibration curves
generated from laboratory standards (Section 4.6.1). All analysis was carried out using Solvent
A: milliQ water with 0.01 v/v trifluoroacetic acid (TFA) and Solvent B: acetonitrile with 0.01%
v/v TFA. Replenished samples with serial transfer were analyzed using the following gradient: O-
3 min, 30% B; 3-16 min, 30-100% B, 16-19 min, 100% B; 19-21 min, 100-30% B; 21-24 min,
30% B. Iteratively recreated samples were analyzed using the following gradient for improved
resolution of Ge: 0-3 min, 30% B; 3-16 min, 30-70% B, 16-19 min, 70% B; 19-21 min, 70-30%
B; 21-24 min, 30% B. The solvent flow rate was 1 mL/min. Peak integration was performed in
LabSolutions with the ‘Drift’ parameter set to 1000.
4.3.2 Materials

All materials were of analytical grade purity and used without additional purification.
Materials were obtained from the following suppliers: Glycine and triglycine (Gs) from Alfa
Aesar (Heysham, LA3 2XY, England), diglycine, TP and TFA from Sigma-Aldrich (St. Louis,
MO, USA), tetraglycine (Ga), pentaglycine (Gs), and hexaglycine (Gs) from Bachem (Torrance,
CA, USA), acetone and sodium hydroxide from Fisher Scientific (Fair Lawn, NJ, USA),
acetonitrile from VWR International (Radnor, PA, USA), and FMOC from Creosalus

(Louisville, KY, USA).
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4.3.3 Model formulation

Peptide concentrations were modeled using mass-action ordinary differential equations
(ODEs) for four reversible reactions that describe how a single amino acid (glycine) forms
peptides of up to four amino acids in length (Eqn. 4.1-4.4). Although we observed and quantified
Gs and Gs in our experiments, their empirical concentrations are low during the time frame that
used to estimate parameters for the network, so we chose to exclude them and instead focus on
species that could be clearly quantified (Boigenzahn & Yin 2022). Parameters were estimated
from experimental data according to the procedure outlined in (Boigenzahn et al. 2023). As in
Boigenzahn et al. (2023), the effects of volume change due to drying and the presence of any

reaction intermediates were excluded for simplicity.

G+G =G, (4.1)
G+ G, =Gy (4.2)
G+G; =G, (4.3)
G, +G, =G, (4.4)

In Boigenzahn & Yin (2022), we described two mechanisms of trimetaphosphate (TP)
activated peptide formation, which are differentially dependent on pH and water activity. We fit
two sets of parameters to the network in Scheme 1, representing the two different reaction
mechanisms. Briefly, Mechanism 1 occurs in alkaline conditions and proceeds readily in water
(Chung et al. 1971), and Mechanism 2 occurs in neutral conditions and proceeds as the sample
approaches the solid state due to drying (Yamanaka et al. 1988). Mechanism 1 lowers the pH of
the samples when it occurs, so samples containing amino acids and TP dried in alkaline
conditions naturally transition from Mechanism 1 to Mechanism 2. This transition can be used to

explore how environmental oscillations can alter kinetic behavior within a reaction network. The



111

code and data for this manuscript can be found at https://github.com/haboigenzahn/Cyclic-
Environments.
4.3.4 Model formulation

To estimate parameters for each mechanism, we selected experimental data in which one
mechanism strongly dominated over the other. The parameters for Mechanism 1 were generated
based on 8-hour time courses obtained from 0.1 M glycine or 0.05 M diglycine (GG) heated at
90°C with 0.1 M trimetaphosphate and 0.15 M base without drying (closed caps). Additional
data came from the first four hours of equivalent experiments that were allowed to dry (open
caps), since during the early stages of drying there is still bulk water present such that
Mechanism 1 dominates (Boigenzahn & Yin 2022). Finally, to predict behavior in second and
subsequent drying cycles while minimizing the number of experiments required, we included
peptide concentrations from the first four hours of only the first day of iterative experiments. We
deliberately kept the time span of the training data relatively short so that later experimental
cycles could be used to assess the predictive accuracy of the model.

Mechanism 2 was estimated from 0.1 M glycine and 0.1 M TP with and without 0.15 M
base, starting after the samples had been drying for 4 hours and including the next 20 hours.
Additional results from samples of 0.1 M glycine dried with 0.1 M TP and 0.15 M base were
prepared and measured after 4 hours of heating in 24-hour intervals for up to 72 hours to
improve the long-term estimates of Mechanism 2. Finally, several measurements from the first
day of the iterative experiments were also taken after the first four hours of heating and included
in the training data for Mechanism 2. The specific fitted parameter values for Mechanism 1 and

Mechanism 2 are detailed in the supplemental information (Section 4.6.2).
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4.4 Results and discussion

To evaluate the accuracy of the model predictions using separate parameters for
Mechanism 1 and Mechanism 2, we compared the predictions to peptide concentration profiles
measured in Boigenzahn & Yin (2022) (Fig. 4.2). We used the assumption that Mechanism 1
occurred during the first 4 hours and Mechanism 2 accounted for the following 20 hours after
verifying the timing of this transition by testing parameters fit to alternative timings (Section
4.6.3). Although the model tended to slightly underestimate peptide formation, we determined
that this could be interpreted as a conservative estimate of the rates of polymer formation and

was acceptable for the behaviors we were aiming to explore.
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Figure 4.2  Comparison of two-step model to analogous experimental data. Experimental
data is from Boigenzahn & Yin (2022).
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We used these parameters to model peptide formation in a cyclic environment and

observed that for certain combinations of parameters and initial conditions, the average yield of

the longer glycine polymers exceeded the ‘thermodynamic equilibrium’ predicted by the fitted

parameters of either mechanism (Fig. 4.3). Each parameterized model inherently has a fixed-

point attractor, or a state which the system approaches as time approaches infinity. In an ideal

mass action Kinetics system, the attractor is equivalent to the concentrations of the species at

thermodynamic equilibrium. However, since the reference model is not a true mass-action

representation of the system, we will henceforth use the term ‘attractor’ when referring to the

steady state solutions to the model system; this allows us to distinguish the mathematical

predictions from the simplified model from concepts of true thermodynamic equilibrium.
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Figure 4.3  Cycling conditions where the average yield of Gs and G4 at steady state

exceeds the value of the attractor due to overshoot. The model is initialized with 0.1 M G.
The approach of each mechanism to its attractor in a non-cyclic system is shown for comparison.
The cyclic trajectory alternates between 4 hours of Mechanism 1 and 20 hours of Mechanism 2.
Parameters are estimated from experimental data.
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Many simple chemical reactions exhibit monotonic kinetics in all species. In such
systems, the maximum yield of each species is limited by the level of the attractor. In the system
predicted by our model, Gz and G4 surpass the attractor of both Mechanism 1 and Mechanism 2
due to a dynamic phenomenon called overshoot. Overshoot is a non-monotonic behavior which
occurs in a wide variety of systems, including biological and man-made control networks (Ogata
1995; Jia et al. 2014; Chen et al. 2016). Systems with overshooting kinetics will eventually
return to the attractor, however, in this example the environmental cycling between the two
mechanisms causes overshoot to occur repeatedly.

Overshoot occurs when a system passes through the coordinates of its stable point in any
dimension before the stable point is reached. For a mathematical definition of overshoot,
consider a dynamical system whose state at time t is given by a vector of real numbers x(t) such

that
% = F(x) (4.5)
where F(x) is the rate vector for the system. Assume the system has at least one stable fixed-
point x, such that
F(x) =0. (4.6)
Starting from an initial condition in the vicinity of the fixed point x(0), the system
overshoots in dimension j if there exists atime t € (0, o) for which the state at ¢ is further away
from but lies in the same direction of the fixed point as the initial condition,
1 (0) — x;1 < |x;(8) — x5 (4.7)
sign(xj(O) - gj) = sign(xj(t) - gj)
This characterization provides a straightforward algorithm for determining if a dynamical

system is capable of overshooting in any direction around a stable fixed point. First, discretely
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sample a small sphere centered around the stable fixed point. Then from each point on the
sphere, integrate the dynamical system backwards in time and track the distance of the state from
the fixed point. If the maximum distance is not monotonic in any dimension, then the system
overshoots in that direction.

It should also be noted that whether overshoot occurs in an experimental system can be
restricted by thermodynamics. Reactions occurring very close to equilibrium will never
overshoot, since doing so would violate the Second Law of Thermodynamics. Overshoot
requires a system to be under Kinetic control, which is more likely in systems which are further
from equilibrium (Epstein & Showalter 1996).

Overshoot depends on the kinetic reaction network and initial conditions of a system. In
the example with alternating mechanisms shown in Figure 4.3, Mechanism 2 approaches its
attractor monotonically for a system initialized with pure glycine monomer, but the formation of
diglycine by Mechanism 1 creates initial conditions where Mechanism 2 tends to overshoot Gs
and Ga. One factor is that Mechanism 1 hydrolyzes some of the longer polymers produced, but
also generates more GG. Repeated cycles of Mechanism 1 and Mechanism 2 in a 24-hour pattern
created a dynamic steady state for which the average yields of Gz and G4 exceed the predicted
attractor values for either mechanism. We also found that for some initial conditions, this
behavior was possible using a single reaction mechanism with batch replenishment. This
demonstrates that these dynamics can occur within a single reaction mechanism, though there
still needs to be oscillations (Fig. 4.10).

To understand why it is significant that the longer species exceed the system attractors, it
is useful to revisit the perspective of thermodynamic equilibrium. The formation of longer

peptides in water is thermodynamically limited (Ross & Deamer 2016). Allowing samples to dry
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favors polymerization, but the lack of molecular mobility in the dry state limits the potential for
long-term reactions. Overshoot provides an explanation for how systems subjected to wet-dry
cycling drying could not only form and maintain populations of longer polymers, but could also
exhibit selectivity since the distribution of polymers formed depends on the reaction kinetics and
the timing of the environmental cycles. Species that form quickly can more easily recover from
dilution or hydrolysis. In many cases there may be an ‘optimal’ cycle timing, or resonance time,
for each species, which maximizes the yield of a species of interest (Haugerud et al. 2023).

Repeated overshoot can allow a system to remain away from its predicted attractor for
long periods of time, and may help provide the dynamic, non-equilibrium conditions that have
been proposed as being critical for the origin of life (Pross 2011; Pascal et al. 2013). Therefore,
overshoot and far-from-equilibrium conditions may be mutually reinforcing: overshoot pushes
systems away from their attractor and alters system compositions, creating the potential for the
system to experience overshoot again. These paired behaviors could begin to move the system
towards a regime of kinetic control, in which product compositions are influenced more heavily
by reaction rates than by product energy levels. Autocatalysis, one of the essential features of a
life-like system, is an example of a behavior which is strongly under kinetic control (Pross
2003).

Overshoot has been observed in multiple experimental systems containing designed
peptide replicators (Dadon et al. 2015; Miao et al. 2021). Similar dynamics have also been
linked to the emergence of biochemical adaptation, which refers to the ability of a system to
return to its original state after an environmental perturbation (Jia et al. 2014; Ma et al. 2009;
Francgois & Siggia 2008). It is interesting that our simple system of just four reversible reactions

shows qualitatively similar behavior to these much more complex cases.
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4.4.1 Experimental comparison

Since the kinetic parameters estimated for Mechanism 1 and Mechanism 2 were primarily
based on short term data, we wanted to determine how accurately the model captured the long-
term behavior of the system. Therefore, we performed experiments to evaluate the capacity of
the kinetic model to make predictions about the yields in multi-day experiments. We sought to
identify potential signs of nonlinear dynamics, which may include features like non-monotonic
concentration profiles, sigmoidal growth, or evidence of multiple steady states.

Due to the various simplifications included in the model formulation, we used the
iterative replenishment approach to replicate the model assumptions as closely as possible. While
the method is somewhat contrived, it has the advantage of eliminating as many known
confounding variables as possible to facilitate the comparison of the model and the experimental
data. Variables not included in the model that might impact the reactivity of the system included
the concentrations of TP, base, and orthophosphate side products.

There was reasonably good agreement between the model predictions and the
experimental results, especially the final yields of the peptides (Fig. 4.4). Significantly more Ga
forms during the first few cycles than the model predicts (Fig. 4.4d), but the model
underestimating the yield of G4 is consistent with the results of the training data (Fig. 4.2).
However, there are some discrepancies between the first few days of the model trajectories and
the experimental results. These discrepancies could be the result of inaccuracies in parameter
estimation, experimental variance, or a consequence of confounding variables such as those
caused by drying or the formation of longer polymers in the system.

One noteworthy discrepancy is that the experimentally measured maximum yield of GG

and Gz occurs after two days, then the yield drops in subsequent days, which is not predicted by
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the model (Fig. 4.4b, c). These experimental trajectories are notable since a non-monotonic result
would not be expected from systems with monotonic underlying kinetics. Non-monotonic
trajectories like those observed in GG and Gz can occur in species that are initially overshooting,
but the overshoot is damped and decreases as the reaction cycles progress. However, damped
overshoot behavior was not predicted by the model. Additionally, although GG and Gz appear to
slightly exceed their eventual final yields then gradually drop in concentration, this is not

necessarily experimental evidence of overshoot, since their change relative to an attractor is not

defined.

Concentration (mM)

0 48 96 144 0 48 96 144

Time (hrs)
— Cyclic -»- |terative Model —&— lIterative Experiment

Figure 4.4  Comparison of experimental and model results for 7 days. Plots show
concentrations for (a) glycine, (b) diglycine, (c) triglycine, and (d) tetraglycine. Experimental
data was generated using the iterative approach. Models use an initial condition of 0.1 M Gly.

Error bars represent the sample standard deviation of experimental triplicates.
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We can evaluate the accuracy of the model and look for evidence of nonlinear dynamics,
but we cannot confirm the existence or absence of overshoot in the experimental system.
Maintaining repeated overshoot relative to a mathematically predicted attractor requires an open
system, but in practice overshoot is not well defined for open systems, since there is no
experimentally measurable point which is equivalent to the attractor. In closed systems, the
attractor represents the thermodynamic equilibrium of the system, but open systems violate a key
principle of equilibrium, namely that there cannot be any energy or mass exchanged with the
environment.

Instead, the real systems reach a dynamic steady state, in which the overall species
concentrations remain constant from cycle to cycle, but there are bonds which form and break
during each cycle. This state may have been a precursor to the emergence of dynamic kinetic
stability, a concept introduced by Pross to describe the behavior of systems of replicators which
maintain their population while experiencing a continuous flux of energy (Pross 2009).

Ideally, evidence of overshoot might be found experimentally by allowing Mechanism 2
to continue and looking for evidence of non-monotonic behavior. However, simply allowing the
system to continue heating indefinitely would not result in the continuation of Mechanism 2 with
its estimated rate constants, since those parameters were primarily estimated using data from
samples probably still contained some residual water. It is therefore unsurprising that
experiments which were continuously heated did not show non-monotonic behavior (Fig. 4.5),
since once the samples were completely dry they were unlikely to undergo any significant
hydrolysis.

When comparing the steady states reached by the iteratively cycled experiments to those

of non-cycled experiments, we found the iterative experiments had higher yields of G4, but lower
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yields of Gs (Fig. 4.5¢, d). This supports the idea that cyclic environmental conditions can select

for certain species over others. This type of selectivity is interesting because it is driven primarily
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by kinetics, with the actual thermodynamic stability of each species playing a secondary role.
This type of behavior may contribute to the ability of some chemical reaction networks to move
away from thermodynamic equilibrium within their local environment, even in the absence of
chemical replicators. Further experiments using different replenishment procedures, such as
varying the cycle timing to study how it affects selectivity, may produce valuable insights. It
may also be possible to observe additional kinetic effects by diluting a species relative to the
others with each cycle, creating artificial pressure against it.

Figure 4.5  Replenishment affects species selectivity. Plots show concentrations for (a)
glycine, (b) diglycine, (c) triglycine, and (d) tetraglycine. Samples carried out using iterative
replenishment have higher yields of G4, while samples that were continuously dried have higher
yields of Gs. Samples were analyzed at the end of each 24-hour cycle.
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4.4.2 Complete replenishment

Since the iteratively recreated experiments are not entirely physically realistic owing to
the complete removal of waste and replacement of food without any dilution of the desired
products, we also investigated the behavior of the system using replenishment conditions in
which a portion of the dissolved products from the previous cycle are transferred and replaced
with fresh reactants, as shown in Figure 4.1b. We examined three different replenishment rates,
or three different fractions of products to be transferred from sample to sample and compared
them to one another. This method creates a trade-off between the costs and benefits of dilution
and replenishment. High replenishment rates have high dilution rates, so less of the product
formed in previous cycles is transferred into subsequent generations. Low replenishment rates
transfer more previously formed products, but have limited access to fresh reactants, which is

detrimental when the reactants include activating agents, like TP, that are needed for reactions to
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occur. Since the model does not include the effects of reduced TP or base, it predicts higher
peptide yields for lower replenishment rates (Figure 4.11).

Figure 4.6  Higher replenishment rates have higher peptide yields in replenished systems

with serial transfer. Replenishment percentages indicate how much of the sample was replaced

with fresh reactant mixture each day. Each data set is normalized relative to the results from the
first day.

However, when we tried these tests experimentally, we found that the opposite was true;

higher replenishment rates had higher peptide yields (Fig. 4.6). This implies that the yield per
G GG
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drying cycle is not limited by the availability of oligopeptides, but by the pH and concentration
of TP. The difference in initial pH is particularly significant because it determines whether both
reaction mechanisms occur during drying. There are two factors which change the pH of the
samples between the initial setup and the subsequent replenishment steps. First, less base is
added during the replenishment cycles than was added during the initial setup, since the samples

are only replenished with a fraction of their original reactants. Second, some phosphate
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byproducts from the TP reactions are transferred between cycles, which changes the buffering
capacity of the samples. The initial pH of the samples was 10.78 £ 0.06, and the pH of the
samples at the start of the first cycle was 9.72 + 0.06 for 90% replenishment, 9.24 + 0.15 for 75%
replenishment and 7.01 + 0.01 for 50% replenishment (Fig. 4.12). Mechanism 1 requires the
deprotonated amine groups, and the pH at which most of the amine groups are deprotonated for
glycine is 9.60. Therefore, we expect to see reduced GG formation when the initial pH of the
solution is significantly below that point. This likely explains why samples with 75%
replenishment have disproportionately lower GG formation than samples with 90%
replenishment relative to the difference in their initial pH.

Although it has a less profound impact on the underlying reaction mechanism, peptide
yields tend to decrease when the amino acid-to-TP ratio is less than equimolar (Section 4.6.7), so
the availability of TP also contributes lowering peptide yields at lower replenishment rates. This
is likely to pose a challenge in any systems which include activating agents that are consumed. It
is still theoretically possible for these systems to accumulate higher peptide concentrations even
when the activating agent is only partially replaced; for example, a system with slow reverse
kinetics whose forward rate constants were minimally impacted by the presence of side products
could potentially accumulate polymers despite having less available activating agent after the
first cycle. However, in many cases the combination of decreased reactivity and sample dilution
is difficult to overcome, which causes the yields of longer products at steady state to be lower
than their yields after one reaction cycle.

Activating materials that act as catalysts, like solid surfaces or metal salts, may help
maintain a more constant reactivity in replenished systems since they are not depleted after the

first cycle (Bujdak et al. 1995; Erastova et al. 2017). However, even with reusable activating
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agents, recursive reactions can be inhibited by waste products that are never fully removed.
Thus, there is significant interest in methods that selectively retain certain products while
removing most other materials. Realistic scenarios that have been suggested to produce this
behavior include absorption onto mineral surfaces or containment in coacervates (Bedoin et al.
2020; Fares et al. 2020). These scenarios allow cycling of energy sources and waste products
without equal dilution of biopolymers.

Given the number of possible environmental and temporal conditions, thorough design of
replenished experiments can be a difficult task. Moreover, the fact that kinetic reaction networks
may be highly nonlinear means that relatively minor differences in experimental design may
have significant consequences for the product distribution. Fully understanding the details of
how members of the system interact with one another and with the environment is often
challenging and may not currently be possible for some complex systems. Approximations of
system behavior can be useful but need to be applied carefully. Despite these difficulties, it is
worthwhile to develop an understanding of the dynamics of short monomers and their
biopolymers undergoing hydrolysis and condensation reactions, as these interactions must have

been involved in the origins of long, functional biopolymers such as enzymes.

4.5 Conclusion

The dynamics of chemical reaction networks prior to the emergence of replicating
chemical systems have not been extensively explored but may provide valuable insights into how
biopolymer systems begin to develop complex behaviors. The behaviors of open systems, which

are consistently held away from equilibrium and therefore are heavily influenced by kinetics, are
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of particular interest. However, studying chemical reaction networks in an open system can be
challenging because environmental changes can make the results more difficult to interpret and
experimental variables such as replenishment method, replenishment rate, and cycle timing
greatly expand the experimental parameter space. As we have shown, despite these challenges,
interesting behaviors can be captured using simple experimental systems paired with Kinetic
models.

We found that a simple ODE model of glycine polymerization using parameters fit from
experimental data displayed overshoot, a dynamic phenomenon in which a species passes
through its attractor at least once before reaching it. Simulated environmental cycles that
alternated between two reaction mechanisms resulted in yields of trimers and tetramers that were
well above the calculated attractors of the two reaction mechanisms involved. Since equilibrium
as represented by the attractors is not defined for an open system, we were unable to look for
overshoot directly, but iterative experiments found relatively good agreement between the model
and experimental results. Different experimental cycling conditions were able to select for
different species, which is significant since it suggests the possibility of species selectivity.
These findings illustrate that even simple reaction networks, when pushed by repeated
environmental changes, can start showing kinetic control, which is an important feature of
reactions in life-like systems. Future modeling and experimental studies of non-linear reaction
systems in open environments, thus, seem critical to help us understand the origins of complex,

life-like dynamics in chemical reaction networks.

4.6 Supplemental Information

4.6.1 Supplemental Information: Calibration curves
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Supplemental Information: Calibration curves for the 30% B to 70% B
gradient. (a) Glycine, (b) diglycine, (c) triglycine, (d) tetraglycine
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4.6.2 Supplemental Information: Model equations and parameter details
The following are the ordinary differential equations for the oligoglycine network.

[G]/dt = —2k, [G]? + 2k, [GG] — ks [G][GG] + k4 [GGG] — ks [G][GGG] + k¢ [GGGG]
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a[GG
[at ] = kq1[G)? — k,[GG] — k3[G][GG] + k4[GGG] — 2k, [GG]? + 2kg[GGGG]
a[GGG
[ o ] = k3[G][GG] — k4[GGG] — ks[G][GGG] + ks[GGGG]
0[GGGG
% = ks[G][GGG] — k¢[GGGG] + k;[GG)? — kg[GGGG]
k1 ko ks Ka Ks Ke k7 Ks
Mechanism 1 | 0.214 | 6.063e-4 | 1.478 | 3.423 | 1.602 | 0.0427 | 0.00734 | 0.386
Mechanism 2 | 0.0108 | 0.124 0.106 | 0.101 0 0 0.367 | 0.0776
Table 4.1 Supplemental Information: Parameters estimated for Mechanism 1 and

Mechanism 2. The concentrations of the training data are molar (M) units, and
the time scale is in hours.

Although the G + G5 < G, reactions happen to be eliminated in Mechanism 2, a smaller
reaction network is not required for any of the behavior discussed in this paper. The system is
still capable of overshoot when those parameters are manually changed to values comparable to
the other parameters in the mechanism. Note that the existence of zero-valued parameters do not
necessarily indicate that these reactions are not physically present, or even that these reactions
are particularly slow in the real system. As discussed in Boigenzahn et al. (2023), the numerical
values of these parameters do not have independent physical significance due to uncertainty that

naturally arises during nonlinear parameter fitting.

4.6.3 Supplemental Information: Cycle timing of Mechanism 1 and Mechanism 2
New data files were prepared for each alternating timing by editing the existing training
data for Mechanism 1 and Mechanism 2 to shift the training data to the appropriate time span.

Parameters were estimated for each dataset, then the scaled mean squared error (MSE) of the
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model estimates was compared to the results of the glycine reactions in Boigenzahn & Yin

(2022). The scaled MSE is calculated by normalizing all species to a range between 0 and 1 to

ensure that the accuracy of the lower abundance species is significant. Splitting the data as 4

hours of Mechanism 1 and 20 hours of Mechanism 2 provides the lowest scaled MSE and

corresponds to the most obvious visible shift in Glys and Gly, formation.

Cycle Timing (hr+hr)

3+21

4+20

5+19

6+18

Scaled MSE

1.309

0.556

0.711

0.593

Table 4.2 Supplemental Information: Model fitting accuracy for various possible
transitions between Mechanism 1 and Mechanism 2.
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Figure 4.9  Supplemental Information: Model estimates for alternative timings for the
transition between Mechanism 1 and Mechanism 2. Results shown for (a) 3 hrs Mechanism 1
plus 21 hours Mechanism 2 (b) 5 hours Mechanism 1 plus 19 hours Mechanism 2 (c) 6 hours
Mechanism 1 plus 18 hours Mechanism 2.
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4.6.4 Supplemental Information: Overshoot with a single reaction mechanism

G G3 Gy
80 1 ? r
0.8 0.8
70 4 ~+ o -
% 0.6 4 0.6 1)/
I
T o /
S 24 72 120 168 216 J 1
1]
.E GG 0.4 1 0.4“
v 20
(v
c
o
Qo
15 = 0.29 0.2 1
10
0.0 1 0.0
24 72 120 168 216 24 72 120 168 216 24 72 120 168 216
Time (hrs)
—— Mechanism 2 —— Cyclic —==- Cyclic average

Figure 4.10 Supplemental Information: Overshoot can be driven by replenishment in a
system with a single reaction mechanism. The model is initialized with 0.06 M G and 0.02 M
GG, since overshoot does not occur starting from the pure monomer condition. Mechanism 2
proceeds during the cyclic trajectory for 24 hours between replenishment steps. The
replenishment method is analogous to Fig. 1b occurs and occurs at a replenishment rate of 50%.



132

4.6.5 Supplemental Information: Model predictions of replenishment with serial dilution
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Figure 4.11 Supplemental Information: The model predicts higher peptide yield in
systems with lower replenishment rates. Replenishment percentages indicate how much of the
sample was replaced with fresh reactant mixture each day. Each dataset is normalized relative to

the results from the first day.

4.6.6 Supplemental Information: Model predictions of replenishment with serial dilution
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Figure 4.12 Supplemental Information: pH of batch replenishment samples relative to
the pKo of glycine. pH was measured before and after replenishment. For samples plotted on the
same day, the lower pHs were measured prior to replenishment, higher pHs were measured after

replenishment. Error bars show the standard deviations of experimental triplicates.
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4.6.7 Supplemental Information: Effect of TP availability on peptide bond formation
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Figure 4.13 Supplemental Information: Lower TP concentrations result in lower peptide
yields. Results are measured after 24 hours of heating samples with an open cap at 90°C. The
initial glycine concentration was 100 mM (0.1 M). Error bars show the standard deviation of

experimental triplicates.

Dimer yields were highest when there was a 2:1 ratio of amino acid to TP, but the other
peptides have the highest yields when there is a 1:1 ratio of amino acid to TP. The decreased
concentration of TP in the samples shown in Figure 4.6 probably contributed to the decreasing

peptide concentration after the first day.
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5. CONCLUSION

In Chapter 2, we observed that peptide bond formation appears to take place in two
distinct steps and explained this feature of the system based on the presence of two reaction
mechanisms separated by water activity and pH conditions. When the reaction is performed
starting with alkaline conditions, the products of the first reaction mechanism create the
environment and reactants for the second. This behavior increases the yield of longer peptides,
and reactions that naturally occur in sequence like this may have helped to promote the
formation of longer molecules prior to the emergence of fully developed biological cycles.

In Chapter 3, we described peptide formation using an ODE network which summarizes
the rates of peptide formation and hydrolysis. The goal of the model was to determine whether
kinetic parameters could be determined from experimental results and what those parameters
indicated about the underlying reaction rates. For the network we defined, the rate parameters
could not be identified with high precision using experimental data due to sloppiness, a property
which makes parameter estimation extremely sensitive to noise in the data. However, the
parameters collectively estimated for the system can still accurately predict peptide yields, so the
model yields are in good agreement with the experimental results.

Chapter 4 applies the parameter estimation method to study the kinetics of the two
mechanisms for TP-activated peptide formation in cyclic environmental conditions. The model
suggests that longer peptides may be able to exceed their mathematically predicted equilibrium
concentrations in oscillating environments due to kinetic effects. Although this effect was
difficult to capture experimentally, we did find experimental evidence that cyclic replenishment
conditions influence reaction selectivity. We suggest that the relationship between reaction

network dynamics and environmental cycles may have contributed to the development of
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important features of life-like reaction networks, such as kinetic control and sustained out-of-
equilibrium behavior.

Overall, we established that multiple reaction mechanisms were occurring in series
during TP-activated peptide formation, then built and applied a model to describe peptide
formation based on simplified reaction kinetics. Though further work is needed to efficiently
search for and identify autocatalytic peptides, we made progress in characterizing and abstracting

the kinetics of peptide bond formation in prebiotic reaction networks.
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6. FUTURE DIRECTIONS

There are various ways in which both the analytical development and the experimental
design of this project could be extended for future work. Both aspects of the project should be
developed in parallel since the experiments need to be planned in the context of what questions
can realistically be addressed with the analytical methods available.
6.1 Analytical Development

This work progresses the analytical methods of our lab, particularly through the use
FMOC derivatization to make the analysis of peptide mixtures, particularly those containing
small hydrophilic species, more robust and reliable. FMOC derivatized products allowed us to
use reverse phase liquid chromatography (RP-HPLC) for hydrophilic amino acids instead of
relying on ion pairing chromatography (IP-HPLC) (Sibilska et al. 2018), which can be more
difficult to optimize due to the need to find the correct pH and buffer concentrations in addition
to managing gradient timing and solvent composition (Jandera 2020). IP-HPLC methods may
also be sensitive to contamination, and the buffer salts can precipitate and cause blockages in the
HPLC or the column if they are not properly rinsed out (MilliporeSigma n.d.). Derivatization
also allowed us to analyze data at 254 nm instead of 195 nm, which reduces variation from the
UV source and noise from contaminants. Many derivatization procedures use a large amount of
excess FMOC, but we found that this excess, and the subsequent extraction procedures used to
remove FMOC side products (Molnar-Perl 2011), were not required for these experiments. These
results made analysis faster and reduced the amount of material required relative to the extraction
procedure (Appendix A). However, there are still significant improvements to the analytical

methods of this project which would be useful to pursue.
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One of the goals of further analytical development should be to be able to quantitatively
analyze more complex peptide mixtures. Although absolute quantitation is ideal, relative
quantitation can also be a useful measurement. Analyses of similar systems are usually
performed using HPLC, quantitative NMR, or LC-MS/MS. HPLC is quantitative, flexible, and
readily available, but is unreliable for determining peptide sequences and may require extensive
standards. Quantitative NMR is primarily used to study cases where the structure of the product,
rather than just the composition of the peptide, is significant. LC-MS/MS is extremely sensitive,
can determine peptide sequences, and requires far fewer standards HPLC. However, MS is
sensitive to high salt concentrations and not inherently quantitative, so establishing reliable
quantitative MS methods can be difficult.

We collaborated with Prof. Lingjun Li from the School of Pharmacy at UW Madison and
her graduate student, Graham Delafield, to explore using quantitative MS/MS methods to study
the samples discussed in this work. A summary of those tests and their results is included in
Appendix B. We also began investigating the possibility of using unlabeled HPLC profiles to
study peptide distributions without having quantitative information for most individual species.
The goal of this approach was to consider methods of looking for change over time, or other
indications of intermolecular interactions, which do not require us to know the exact
concentration of every peptide species in the mixture. Further details on these methods can be
found in Appendix C. While direct rate parameter estimates cannot be gathered from unlabeled
data, it can still be used to evaluate various hypotheses about selectivity and peptide diversity.
Several other groups have published works studying complex short peptide mixtures, mainly

using MS, and their work should provide useful guidelines for approaching analytical method
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development (Le Maux et al. 2015; Forsythe et al. 2017; Surman et al. 2019; Doran et al. 2021,
Jain et al. 2022).

An additional challenge of studying complex mixtures is the data analysis, particularly if
there are aspects which are noisy, incomplete, or unknown. The exact approach required will
depend on what information is available and what hypotheses are being investigated, but
fortunately, the need to draw conclusions from data which may be sparse or incomplete is not
unique to origins of life research. Various network analysis methods have been used to study
both chemical (Searson et al. 2007; Burham et al. 2008) and biochemical reactions (Crampin et
al. 2004; Schnoerr et al. 2017) and may provide useful insights. Similar tasks have also been
extensively investigated in bioinformatics research (Cohen 2004; Gauthier 2019), and although
there are differences between biological and chemical networks, it may still be possible to draw
useful parallels between them. A preliminary project exploring the connectivity of the peptide
reaction network using network inference methods is included in Appendix D. Developing these
analyses would allow us to extract the most important features from experimental results and
summarize important features of complex prebiotic reaction networks.

6.2 Experimental Design

There are also many directions in which these experiments of this project could
potentially be developed. As mentioned above, studying more complex amino acid mixtures is a
promising extension and is important for finding more generalizable results. Complex mixtures
may be more likely to develop emergent intermolecular interactions between peptides both
because they can form a greater variety of species and because there are more opportunities for

secondary interactions between the side chains of diverse amino acid species. Preliminary
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experiments using mixtures of 5 amino acids and 10 amino acids were explored but did not lead
to clear conclusions; the results of these tests are included in Appendix C.

Similar experiments to the ones discussed in this work could easily be conducted with
various environmental changes to determine how those conditions affect the reaction network
and peptide yields. For example, the timing of the replenishment cycles performed in Chapter 4
could be varied to explore how these changes affect the distribution of peptides formed. The
inclusion of additional species, such metal ions, may help promote more significant changes in
the system. Metal ions are known to promote peptide bond formation (Yamagata & Inomata
1997; Rode 1999; Belmonte & Mansy 2016) and catalytic activity (Rufo et al. 2014; Timm et al.
2023). At minimum, the effect of metal ions and their counterions on the reaction rates of various
amino acids and the corresponding peptide selectivity could be assessed. Various preliminary
studies using divalent cations were performed, and the basic methods and results are included in
Appendix E. Additionally, coacervate formation, or liquid-liquid phase separation driven by the
properties of polymers in solution, has also recently gained interest as a mechanism for
promoting the formation of organic polymers, including peptides (Matsuo & Kurihara 2021;
Hansma 2023). Developing experiments involving coacervate materials may be another way to
promote peptide formation and encourage interactions leading to catalytic effects.

Although these variations could provide interesting results about peptide formation in
bottom-up experiments and the effects of different environmental factors, they are not
necessarily an efficient way of approaching the issue of finding autocatalysis in general. A more
targeted approach using designed peptides is still currently the most efficient method of studying
autocatalysis. A variety of autocatalytic peptides of various lengths have been published, and

have tended to get shorter over time: Lee et al. (1996) used a 32 amino acid long template,
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Rubinov et al. (2009) used a 12 amino acid long template, and Rout et al. (2022) used a peptide
template of that was only 8 amino acids long. The knowledge of these peptides could be used to
guide various experiments. For example, we could link top-down and bottom-up studies by
attempting to form one part of an autocatalytic template using minimally guided reactions. It is
also possible to continue to shorten autocatalytic peptides to try to find the minimal template that
still exhibits autocatalysis or look for evidence of simple catalysis in peptides which are only
slightly too small to develop autocatalytic behavior. Additional details on the suggested studies
involving autocatalytic peptides are included in Appendix F. These experiments are a larger
departure from those explored in this work, but they pursue concretely understood mechanisms
of autocatalysis and may allow for more targeted method development, since the identity of the

peptide and mechanism of autocatalysis are already known.
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APPENDICES
APPENDIX A: FMOC DERIVATIZATION METHODS AND VALIDATION
Appendix A.1: Motivation for using FMOC
Fluorenylmethoxycarbonyl chloride (FMOC) is an organic synthesis reactant that is
commonly used for derivatizing amino acids (Fig. A.1). It reacts with amines has been used to
study complex amino acid mixtures in a variety of fields, including food science, medicine, and
peptide synthesis (Roturier et al. 1995; Gartenmann & Kochhar 1999; Jambor & Molnar-Perl

2009a; Jambor & Molnéar-Perl 2009b).

Figure A.1  Structure of FMOC-Glycine. Image from ChemSpider. Accessed July 17, 2023.
(http://www.chemspider.com/Chemical-Structure.84070.html).

Prior analyses of hydrophilic amino acids in our lab were performed using ion pairing
chromatography (IP-HPLC) (Sibilska et al. 2017), however, these methods can be sensitive to
very small changes in solvent conditions and it can therefore be challenging to ensure
consistency (Yamamoto et al. 1999). Although these methods were effective, they required
significant method development time for relatively minor changes in procedure, particularly
when different amino acids were used or adjustments were made that affected the pH of the

sample. FMOC derivatization increases the hydrophobicity of amino acids and peptides,
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improving their retention time for reverse phase chromatography (RP-HPLC). FMOC is also
visible at higher UV wavelengths than peptide bonds, which allowed us to analyze our samples
at 254 nm, compared to 195 nm in the underivatized samples. The higher wavelength showed
significantly less background noise and had better long-term stability, since the intensity of the
UV lamp may start to vary in its extreme lower range as the bulb ages (COoL Boigenzahn/HPLC
Hardware Maintenance Notes). Derivatization can also increase the sensitivity of a method,
allowing for improved identification and quantitation of low abundance products.

Other derivatization agents have also commonly been used in conjunction with amino
acids and HPLC. O-phthalaldehyde (OPA) is frequently referenced, but we were advised against
it by coworkers who had previously used it and had difficulty with the stability of the
derivatization, which seems to be a common problem (Furst et al. 1990; Butikofer et al. 1991).
Other derivatization agents should still be considered for cases where the FMOC derivatization
cannot provide the expected results. For more hydrophobic amino acids, derivatization may not
even be necessary for separation, although it may still be useful to reduce noise and increase
sensitivity.

Appendix A.2: Preliminary FMOC derivatization method and stability studies

Two versions of FMOC derivation methods were developed and characterized. The
original method was significantly more labor-intensive, requires more material, and has much
higher variance, so it is not generally recommended; it is included here mostly for context. The
details of the original method are recorded in COoL Boigenzahn/HPLC Backups
(Standards)/Fall2020_AnalysisProtocol.docx file. This method used a much higher ratio of
FMOC to amino acid (FMOC:Gly = 5.4:1) and included a liquid-liquid extraction step

performed with pentane to remove some of the excess FMOC and side products. The pentane
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was then evaporated off, and the remaining material dissolved in water and isopropyl alcohol,
which was added to prevent clumping. This method was developed based on the discussion and
Table 9 in Molnar-Perl (2011), in which most experiments used significant excess FMOC and
performed an extraction method to remove it.

The stability of FMOC-Gly was evaluated using this method to determine if the
derivatization product was degrading at a significant rate. Using this approach, the same sample
of FMOC-Gly was analyzed three times. The sample was capped and kept in the autosampler
during the day and refrigerated at night between analyses. For these conditions, the derivatization
proved to be extremely stable. There was no significant decrease in the FMOC-Gly peak or
increase in noise peaks over this period (Fig. A.2). In general, we avoided analyzing samples
more than two days after they were derivatized, but these studies indicate that the derivatization
remained reliably stable within that time. These results can be found in COoL
Boigenzahn/Experiments/2020-07-23_G_MassBalance.

Appendix A.3: Updated FMOC derivatization method and validation

We eventually developed and validated a simpler FMOC derivatization protocol which
requires fewer intermediate steps. A basic version of this procedure is included below, and
details can also be found in COoL Boigenzahn/HPLC Backup
(Standards)/2022_FMOCQuarterDilutionProcedure.docx and in the folders of relevant
experiments. Because it did not include an extraction step, this approach had larger peaks for
excess FMOC and its side products. However, these peaks did not overlap with or affect the
peaks of interest. Note that this may not always be true, depending on the retention time of the
peptides of interest and the gradient conditions. It is usually easier to adjust the gradient to

improve retention time when possible, but if the peak of interest cannot be separated from the
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noise, it may be necessary to use an extraction procedure to remove as much of the side products

as possible.
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Figure A.2 Chromatograms of FMOC-Gly on various days after derivatization. Data was
collected on the day of preparation (black), day after preparation (pink), and week after
preparation (blue). The initial concentration of glycine in the sample prior to derivatization was
0.02 M.

Appendix A.3.1: Derivatization method
Quantities are provided for a sample containing a maximum of 0.1 M amine groups to
derivatize, such as an experiment starting with 0.1 M amino acids.
1. Toan 1.5 mL Eppendorf tube, add:
a. 25 pL of sample to an Eppendorf tube

b. 75 pL of milliQ water to the tube
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c. 100 pL 0.1 M sodium tetraborate buffer
2. Prepare 0.003906 M FMOC in acetone

a. NOTE: I often did this by creating a 0.03 M solution of FMOC in acetone and
diluting it in a ratio of 1:6.7 with pure acetone before adding it to the sample,
because the higher concentration solution was easier to prepare and store.

3. Add 800 uL FMOC solution to the Eppendorf tube
4. Vortex the sample briefly to ensure mixing
5. Transfer at least 500 pL derivatized sample into HPLC vials, checking for precipitation

a. May need to adjust sample concentration if there are precipitates beyond some

very fine, suspended particles
6. Analyzing with the HPLC using a gradient appropriate for the column and amino acids in
question.

a. Unless otherwise specified, Solvent A: 100% milliQ water + 0.01% TFA v/v,
Solvent B: 100% ACN + 0.01% TFA v/v for experiments using this derivatization
method.

b. The gradient will vary by experiment. Examples can be found in our published

work, or the methods or HPLC files from my various experiments.

Appendix A.3.2: Quantitation and validation

This method uses 25% excess FMOC relative to the possible number of amine groups,
which is much lower than what is commonly suggested. We performed experiments using
variations of the method above to determine how much excess FMOC was required for
quantitative results and found that above a 1:1 FMOC to amino acid ratio, there was no change in

the intensity of the glycine peak, but the intensity of the primary FMOC noise peak continued to
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increase as expected (Fig. A.3). These results suggest that glycine is derivatizes readily, but once
all glycine has been derivatized, the peak for excess FMOC or FMOC noise products begin to
rise. Since we wanted to minimize the significance of the noise peaks, but including no excess
FMOC provides very little margin of error, we used 25% excess FMOC relative to the maximum

possible amino acids in future experiments.
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Figure A3  Peak intensity of FMOC-Gly and FMOC noise as a function of increasing
FMOC to amino acid ratio. 0.1 M glycine standard was used in the place of the sample in the
protocol and FMOC concentration was varied by adjusting the concentration of FMOC solution

added to the sample, base, and water.

We also assessed the quantitative accuracy of this approach by comparing multiple
measurements from samples that were theoretically identical and compared it to a similar
quantitative study performed using the original FMOC method. The new approach tended to
slightly underestimate the quantitation of glycine; however, the results were much more precise
than in the original method (Fig. A.4). This was the method we eventually used for our published
results due to its significantly improved precision and speed. The materials for these experiments

can be found in COoL Boigenzahn/Experiments/2021-06-04_FMOC-Scavenge-Experiments.
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APPENDIX B: MASS SPECTROMETRY STUDIES

These studies were performed in collaboration with Prof. Lingjun Li and Graham
Delafield from the School of Pharmacy at the University of Wisconsin-Madison. We would like
to extend our thanks for their help and persistence in these efforts.
Appendix B.1: Benefits and limits of mass spectrometry

There are several benefits to using LC-MS instead of HPLC to characterize complex
peptide mixtures. First, LC-MS does not always require extensive standards to identify the
peptides in the mixture. HPLC retention times are often difficult to predict, so laboratory
standards are required to determine the identity of each peak (Haddad et al. 2021). This limits the
complexity of the mixture that can be studied if full labeling of the peptide species is desired,
since ordering or synthesizing peptide standards for a combinatorial number of potential peptides
eventually becomes intractably expensive and laborious. Even when all standards are available,
some peptides may coelute and be difficult to separate.

With LC-MS, the composition of a peptide can be deduced based on its molar mass.
While there are some peptides with overlapping molar masses, these could ideally be
distinguished using tandem mass spectrometry (LC-MS/MS). MS/MS can be used to determine
peptide sequences, which is often difficult with HPLC, since short peptides with the same amino
acid composition are prone to coeluting. MS also generally has higher sensitivity than HPLC and
can be used to study very low abundance species.

However, there are several challenges to using LC-MS for the types of studies conducted
in this work. First, MS is not an inherently quantitative method. Although quantitative
approaches have been developed and are relatively common in established fields like proteomics,

designing and validating new quantitative methods is still a nontrivial process since the
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quantitation can be affected by many factors in the analytes, sample matrix (solvent), and
instrument parameters (Li et al. 2011). Next, LC-MS is challenging to use with samples that
contain high concentrations of salt (above roughly 100 mM, though this may change
significantly depending on the method and the instrument) (Constantopoulos et al. 1999; Choi et
al. 2000; King et al. 2000). Salts can strongly affect the behavior of electrospray ionization
(ESI), which can complicate quantitation, and particular care needs to be taken to keep the
instrument clean since they can be prone to leaving residue. Next, the fact that MS is highly
sensitive to low abundance products can also be a source of noise which may make the results
more difficult to interpret. Although there are some early explorations by groups in the origins of
life field, many of the methods and tools developed to analyze peptides using MS are targeted
towards proteomics research (Forsythe et al. 2017; Doran et al. 2021). This includes preparation
protocols, product databases, and various data analysis tools, and while some of these approaches
may be possible to adapt to study prebiotic peptide mixtures, doing so is not a straightforward or
trivial exercise.

In this section, we will describe several methods of MS analysis we pursued and discuss
what we achieved and what challenges we encountered. We did not develop a reliable, complete
quantitative method of MS for peptide mixtures, but we were able to use MS for the detection
and sequencing of longer, low abundance peptides generated from TP-activated mixtures that
were not distinguishable via HPLC.

Appendix Section B.2: Exploration of quantitative MS methods
Appendix Section B.2.1: Sample preparation
The first challenge in analyzing the peptide samples using LC-MS was the salt

concentration. Our typical samples included 0.1 M sodium trimetaphosphate (TP) and 0.15 M
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NaOH, which gives an initial sodium ion concentration of 0.45 M Na*. Eventually, we were able
to run our samples using capillary electrophoresis (CE) (ZipChip), which separated the salts out
before sample is analyzed by MS (Ramos-Payan et al. 2018). A more detailed description of the
ZipChip and an example procedure can be found in COoL Boigenzahn/Misc MS Tests/2020-08-
03_GlyPheHisAnalysis. Using the capillary electrophoresis method, we were able to search for
peptides in a variety of sample conditions, including in samples containing magnesium chloride
in addition to trimetaphosphate (Fig. B.1). These experiments are discussed further in Appendix
5 and further details can be found in COoL Boigenzahn/Experiments/2019-10-

28 D+G_MgEffect.
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Figure B.1  Number of peptides identified via database search using MS results. These
results were obtained from samples containing aspartic acid and glycine at various pHs and with
various salt concentrations. Peptide counts may be inflated by low confidence identifications or

identifications not properly constrained to the amino acids added to the sample.
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As part of our later quantitation efforts (see Section 2.2.4), we also explored several
sample preparation methods aimed at cleaning up the salt prior to any HPLC or MS analysis. We
explored several methods of doing this using pipette tips containing chromatography media,
which are used for sample preparation. We tried MilliporeSigma ZipTips, Agilent OMIX tips,
and TopTip HILIC tips, but found that these methods often had poor separation of short peptides
and at times had extremely inconsistent results. Details of these methods can be found in COoL
Boigenzahn/Misc MS Tests/2021-09-24 DesaltingForMSTests. This approach may have been
more effective with more hydrophobic amino acids or longer peptides, but for glycine oligomers
we were not able to establish a reliable method of reducing the concentration of salt and excess
monomer using this approach.

Although determining which peptides formed is interesting and a useful first step, it is not
the only information required for kinetic studies, which involve at least measuring relative
quantitation between samples, or ideally taking absolute measurements of species concentration.
We investigated various possible methods of achieving quantitation.

Appendix B.2.2: Quantitation by internal standards

The first approach we tested to generate quantitative MS results used histidine as an
internal standard to calibrate the relative peak heights of amino acids and peptides from
experiments. Internal standards are used in MS to correct for errors caused by sample
preparation, differences in ionization efficiency caused by matrix effects (how the solvent and
other molecules in the environment effect ionization), or signal variability (Jeanne Dit Fouque et
al. 2018). Histidine was added to each sample or standard such that it had a final concentration of

10 uM. However, internal standards are still subject to other forms of signal interference and
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differences in ionization efficiency, which we found made this approach impossible to use for
reliable quantitation.

We tested samples prepared using only glycine or phenylalanine, as well as standards of
those amino acids and their relevant polymers. We found on multiple occasions that the
quantitative predictions were several orders of magnitude higher or lower than the expected
concentration range, which suggested that the method was not behaving as anticipated. These
results can be found in COoL Boigenzahn/Misc MS Tests/2020-08-03_GlyPheHisAnalysis.
When we analyzed various dilutions of the same glycine sample to create a calibration curve, we
found that the samples which had been diluted less (and therefore should have higher
concentrations) had lower concentrations due to the distorted peak shapes (Fig. B.2). These
results can be found in COoL Boigenzahn/Misc MS Tests/2020-09-28 AAQuant_redo.
Materials present in high concentrations had irregular signals, meaning that samples need to be
extensively diluted to produce clear peak shapes. Dilution is not inherently a problem when
applied to standards, but such high dilution rates would potentially make lower abundance

peptides in real samples impossible to detect.
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Figure B.2  Quantitation for various concentrations of glycine using histidine as an
internal standard. (a) Measurements for various dilutions of 0.5 M glycine. The trend is the
inverse of the expected behavior, probably due to irregularities in the peak shape of glycine (1.2
min) at higher concentrations. (b) The extracted ion chromatogram for the sample containing 5
mM glycine demonstrates the irregular peak shape found during these experiments.

It is also important to note that since the ZipChip is a CE device, not a chromatography
column, it does not produce a chromatogram with peak intensities that can be used for
quantitation. The peaks shown here are based only on the ion abundance detected by the mass
spectrometer, which is notoriously unreliable for quantitation without standards of all the
molecules being analyzed, since relatively minor differences in molecule composition or
instrument setup can create biases in the ionization efficiency of the different molecules
(Forsythe et al. 2017; Jeanne Dit Fouque et al. 2018). These biases can lead to wildly off-target
concentration estimates, which may have been the problem we were experiencing with the
glycine and phenylalanine samples. In proteomics, this issue is often addressed using heavy
isotopologues, or molecules that are identical to the targets of interest but contain at least one

isotopic amino acid (Liu et al. 2019).
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Appendix B.2.3: Quantitation by heavy isotope standards

Heavy isotopologues have the same chemical behavior as their light analogs during
sample preparation and analysis, making them much more accurate internal standards than an
arbitrary amino acid like histidine (Leis et al. 1998). We were able to generate consistent linear

calibration curves for glycine and alanine using 15N-glycine and 15N-alanine (Fig. B.3).
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Figure B.3  Calibration curves for glycine and alanine based on internal standards of
15N-Gly and 15N-Ala. The isotoptic standards were added so that their final concentration was
always 50 puM.

These calibration curves were used to analyze samples containing glycine and alanine,
which replicated the samples analyzed in Chapter 3 of this work. Details can be found in COoL
Boigenzahn/Misc MS Tests/2021-01-25_ GA-Analysis. These results were consistent with the
expected concentrations, with values slightly below the concentration of amino acids in the
samples before they had been reacted to form peptides and having high precision (Fig. B.4).
However, these results had limited use for the overall kinetic study since they only provide
information about the monomer concentrations —an isotopic standard of each individual peptide

would be required for rigorous quantitation of all peptides using this method. Isotopic custom
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peptides are even more expensive than regular standards, so this approach was not viable for
complete quantitation. Furthermore, it eliminates one of the major potential benefits of MS over
HPLC, which is the lack of a need for extensive standards. However, it could still be a useful

method for quantitatively measuring specific amino acids or peptide products of interest.
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Figure B.4  Monomer concentrations in experiments created with various initial
concentrations in glycine and alanine. The actual initial point was not measured since the
samples had to be stored before analysis, and it was uncertain how stable the initial mixture

would be even in the absence of high heat and drying conditions. Error bars from experimental
triplicates representing standard deviations are not visible on this scale.

Appendix B.2.4: Isobaric labeling

Another common method of quantitative MS in proteomics is isobaric labeling, which
involves attaching different heavy isotope tags to peptides in different samples. These tags are
designed such that when mixed, the peptides from the different samples will have the same MS
peak, but when the peptide is fragmented for MS/MS, the unique reporter region of each tag

separates and can be used to find what proportion of each peptide sent for fragmentation came
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from what sample. A simple schematic of a general isobaric tagging procedure is provided in
Fig. B.5, but there are many variations with different tags and different capacities for
multiplexing (the number of experiments that can be mixed and analyzed in a single run) (Hsu et
al. 2003). Isobaric tagging can be used for relative or absolute quantitation (Liu et al. 2017).

Our collaborators in the Li lab have a great deal of experience developing isobaric tagging
methods for proteomics applications. One of the approaches used in their lab is leucine-based
isobaric tags (DiLeu) which are relatively inexpensive to synthesize and have been successfully

used to study a variety of biological peptide mixtures (Frost et al. 2015; Frost et al. 2020; Sauer

& Li 2022).
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Figure B.5  Schematic diagram of isobaric tagging. Image: “Isobaric labeling” by A.J.
Bureta (https://en.wikipedia.org/wiki/File:Isobaric_labeling.png). Accessed July 14, 2023.
Licensed under Creative Commons 3.0.

We attempted DiLeu labeling of the peptide samples, but never completed the
experiments since the protocol was not compatible with the high concentration of monomers and

salts in the samples. The exact protocol for our samples is no longer available, but it was heavily
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based on the protocol in Frost et al. 2020. This protocol requires that samples be redissolved in
the solvent for the LC-MS process after tagging. We found that it was impossible to get the
sample back into solution after they were dried, probably due to an excessively high
concentration of either monomers or salts. Diluting the samples sufficiently to mitigate the
monomer and salt concentrations would drop the mass of any longer peptides well below the
recommended level for tagging and detection. We explored several avenues for removal of the
salt, monomer, and dimer species from glycine samples (see Section 2.2.1), but ultimately did
not find a reliable method.

Fractionation via HPLC or UPLC prior to MS/MS is a promising angle to continue to
explore for this approach. However, the combination of fractionation, tagging, and then
performing MS/MS is labor intensive and would likely limit throughput. Additionally, a different
column may need to be used for hydrophilic amino acids like glycine, since our current columns
do not separate underivatized hydrophilic species particularly well, and FMOC tagging is not
compatible with DiLeu tagging. FMOC is an MS compatible group in general, but both FMOC
and DiLeu react with the amine group of a peptide, therefore the active group needed for DiLeu
tagging would be blocked if fractionation was performed with FMOC derivatized samples.
Removal of the FMOC group after fractionation but prior to DiLeu labeling is theoretically
possible, but the sheer number of intermediate steps involved in the analytical process would
probably make establishing reliable quantitation extremely difficult. We also discussed using a
different kind of isobaric tag instead of DiLeu, since there are some tags that would react with
the C terminus and therefore would not necessarily be affected by FMOC, but these tests were

never performed due to time constraints.
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Appendix B.2.5: Peptide sequencing

We were able to perform MS/MS to sequence peptides in some of our experimental
samples. These tests were able to identify peptides in experiments which were not detectable
with our HPLC methods. However, we found we were only able to sequence peptides that were
roughly four amino acids long or larger.

In the samples containing glycine and alanine which were studied in Chapter 3, we
identified eight peptides in the sample prepared using 75 mM glycine and 25 mM alanine
(AGAG, AGGA, GGGG, AAGGA, AGGGG, AGGGGA, AAGGGG, AGGGGG). These results
were interesting since the longest peptide being tracked by HPLC was GGGG, and the
appearance of peptides up to six amino acids long with a single day of drying was encouraging.
However, no peptides were detected using MS/MS in the samples initiated with 50 mM Gly + 50
mM Ala or 25 mM Gly + 75 mM Ala. While it was unsurprising that the samples enriched in
glycine formed longer peptides, since glycine tends to form peptide bonds more easily than many
other amino acids, we did detect GGGG in the other experiments using HPLC, so it is unclear
why that peptide was not detected using MS/MS. Details on these experiments can be found in
COoL Boigenzahn/Misc MS Tests/2021-01-25 GA-Analysis.

It also seemed unusual that longer peptides were being detected, but dimers and trimers
were not. Graham manually examined the MS1 results for these experiments and located peaks
for the dimers and trimers in all experiments, however, these peaks were not selected for
MS/MS. Even when we tried using a targeted method, in which the molar mass of the MS1
peaks desired for fragmentation is specified, the peaks of shorter peptides were not selected for

fragmentation. This behavior was consistent with observations from previous experiments, in
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which we had been unable to see short peptide standards in MS/MS, despite there being nothing
else in solution that should be selected for fragmentation.

Graham hypothesized that, due to the combination of small size and high charge on the
short peptides, the instrument software regarded them as noise and filtered them out. There may
be a setting to correct this behavior and allow all peaks to be selected for fragmentation, but we
were never able to determine what that setting was, or even confirm if the problem was related to
the software. If it is a question of a particular software setting, this problem may be self-
correcting if these tests were repeated on a different instrument. Despite the limitations of small
polymer sequencing, the existing methods are still useful for certain types of analyses, such as
assessing the number of species detected vs. the number of species that could have theoretically
formed.

Appendix B.2.6: Data analysis

Mass spectrometers can produce a large amount of data which is difficult to analyze
without the appropriate software. We briefly collaborated with Prof. David Baum and his student
Tymofii Sokolskyi on some additional MS experiments. The Baum lab uses
CompoundDiscoverer, a proprietary ThermoFisher software, to analyze their mass spectrometry
results. We prepared a code to look for the masses of peptides given a particular input
combination of amino acids based on the output of CompoundDiscoverer. The goal of this code
was to automatically clean and search the mass results for peaks of interest, plot the information
in a legible way, and eventually perform statistics on the cleaned results. More details on these
experiments and code are included in Appendix 3.2.2. Analyzing MS data without some kind of
peak identification software like CompoundDiscoverer is technically possible, but it would add a

significant software development task onto the analysis, so it may be advisable to look into some
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of the many available open source or academic software tools for MS analysis (Sturm et al.
2008; Mortensen et al. 2010).
Appendix B.3: Future considerations involving mass spectrometry

Although we had difficulty establishing a quantitative method for mass spectrometry, it is
still a promising analytical tool for studying complex peptide mixtures. Using mass spectrometry
to identify the presence of certain peptides is straightforward and can be used to study properties
like selectivity in complex mixtures. Quantitation for kinetic studies is more challenging and
requires more attention to the details of each individual species. The only approach we found to
be quantitatively accurate was using isotopologues as internal standards, but there may be other
avenues, particularly in isobaric tagging, to explore which would enable quantitation of a greater
variety of species. Establishing methods of cleaning up salts and high abundance species, such as
leftover monomer, from the samples would probably make establishing a quantitative MS
method significantly easier. However, the sample preparation method would have to be checked
regularly and evaluated against a variety of amino acids and peptides to determine its efficacy.
This type of method development can be performed with a dedicated collaborator, but direct

access to a mass spectrometer would be very helpful during this process.



167

APPENDIX C: STUDIES WITH MORE COMPLEX AMINO ACID MIXTURES

We performed a set of preliminary experiments using mixtures of 5 amino acids and 10
amino acids using replenishment conditions. Each sample was dried for 24 hours, then
rehydrated, dissolved, and 90% of the material was replaced with fresh reactants. The purpose of
these experiments was to use HPLC and MS methods in which not all species were named and
quantified to explore the potential for identifying ongoing or developing behavior in more
complex amino acid mixtures. Details and results from this experiment can be found in COoL
Boigenzahn/Experiments/2023-03-07_ComplexAminoAcidMixture.

In theory, if a catalytic or autocatalytic relationship develops, the set of molecules
involved in that interaction will become enriched in the sample when transferred at high
replenishment rates. We sought peptide species whose concentration continued to grow after
most other peptide concentrations had stabilized. Most importantly, we were aiming to establish
methods of analyzing these types of mixtures so that similar methods and data analysis programs
could be used in the future to continue to explore more diverse conditions.

Appendix C.1: Experimental methods

We decided on what amino acids to use by analyzing how frequently the different species
were mentioned in various papers discussing amino acid availability on the early Earth. These
papers included amino acids found in meteorite compositions (Engel & Nagy 1982; Cronin &
Moore 1971; Shinoyama & Ponnamperuma 1979), spark discharge experiments in various
atmospheres (Miller & Orgel 1974; Wolman et al. 1972; Keefe et al. 1995; Miyakawa et al.
2002; Glavin et al. 2008; Johnson et al. 2008; Parker et al. 2011), data from hydrothermal vents

(Marshall 1994; Hennet et al. 1992; Huber and Wachtershduser 1998), and various other
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chemical synthesis experiments (Bar-Nun et al. 1970; Lowe et al. 1963; Yoshino et al. 1971;
Sutherland 2016).

Based on these results, we chose G, A, V, D and E for our five amino acid mixture
because they appeared the most frequently across the papers we referenced. For the mixture with
10 amino acids, we used those 5, plus S, I, L, P, and T for the additional 5. We used equal
concentrations of amino acids with a total amino acid concentration of 0.1 M amino acid (0.02 M
each for the mixture with 5 amino acids, 0.01 M each for the mixture with 10 amino acids). The
samples also contained 0.1 M TP and 0.15 M NaOH, and were heated with the caps open for 24
hours at 90°C. Every 24 hours, the samples were cycled with 90% replenishment rate, as
described above. For future experiments, it may be interesting to adjust the initial concentrations
of the amino acids to reflect the concentrations at which they are found in organic synthesis
experiments, like those referenced above, since this would probably represent a more realistic
prebiotic amino acid distribution. Details for these experiments can be found in COoL
Boigenzahn/Experiments/2023-03-07_ComplexAminoAcidMixture.

Appendix C.2: Analytical methods
Appendix C.2.1: HPLC

The peptide mixtures produced from these experiments were too complex to analyze with
exhaustive standards, as we had previously done with simpler mixtures. Instead, we found the
retention time and intensities for many unlabeled peaks at various time points and compared
them to determine how various peaks changed over time. This method has some similarities to
molecular fingerprinting, an approach used to characterize peptides in tryptic digests which is
often used in tandem with mass spectrometry (Fullmer & Wasserman 1979; Mayes 1984; Henzel

et al. 2003).
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We performed the HPLC analysis by using a search gradient which slowly covers a wide
range of solvent conditions, aiming to separate as many distinct peptide peaks as possible. The
gradients used are shown in Table C.1. We also analyzed standards of each individual amino
acid to use them as benchmarks to help gauge the quality of separation. For example, D & E and
L & I tend to elute very close together, so separation between these amino acids was used as a

minimum requirement for the separation quality of the gradient.

5 amino acid mixture (GAVDE) 10 amino acid mixture (GAVDESILPT)
Time (min) %B Time (min) %B

0.01 35 0.01 35

5 35 5 35

25 45 20 45

36 95 36 95

40 95 40 95

43 35 43 35

45 35 45 35

Table C.1 Gradient conditions for HPLC analysis of mixtures of 5 or 10 amino acid
species.

Since the HPLC peaks do not elute at exactly the same time during each experiment, we
needed a method to align the peaks from different analytical runs in order to be able to compare
how each peak was changing over time. Peak alignment is a relatively common task, though
some packages designed for mass spectrometry require additional information which is not
relevant to HPLC results. The R package GCalignR is designed for gas chromatography results,
but only requires retention time and intensity information for alignment, so we used this package
to process the HPLC results (Ottensmann et al. 2018). This code is located in COoL
Boigenzahn/Experiments/2023-03-07_ComplexAminoAcidMixture. There are two files, one for
parsing data from the input format suggested on the GCAIlignR website to the appropriate R
tables required to run the program (2023-03-17_DataParsing_GCAIlignR) and one which

includes the functions for peak alignment and analysis (2023-03-
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21 ComplexAATests_RAnalysisSteps). Various parameters in the second file can be used to
adjust the peak alignment. When there is instability in the HPLC retention times, those
parameters should be set to be more forgiving in their peak assignments. However, this can also
result in grouping peaks together which should be distinct, so the results of the peak alignment
still need to be manually evaluated to determine if the parameters were appropriate for the data.

After alignment, various plots can be created, such as heatmaps indicating the presence or
absence of certain peaks within a particular threshold (Fig. C.1). Although we had insufficient
time to fully develop these methods, statistical approaches such as multivariate analysis of
variance (MANOVA) can be used to look for features like differences between experimental
triplicates or statistically significant changes over multiple days.

In general, the experimental triplicates were very similar, however, there are certain
samples (3d i) which are slightly different from the other versions. These samples are most likely
outliers due to experimental or analytical errors, but this idea should be tested by creating
additional experimental replicates and comparing them. Based on our preliminary observations,
there is no clear trend which indicates that the peptide composition shifts significantly after the
first day. However, due to time limitations and the limited availability of samples, especially
after removing those that we felt might be outliers, we did not attempt to draw statistical

conclusions from these results.
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Figure C.1  Example heatmap for multiple days of the 5 amino acid mixture. The
threshold can be adjusted to include or exclude peaks that are slightly different from the expected
retention time for the substance.

Appendix C.2.2: Mass Spectrometry
We also ran a preliminary set of LC-MS analyses using the material from these samples.

These tests were performed about a week after the last replenishment cycle was completed, and
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the samples were stored in the refrigerator in the meantime. Alongside the complex amino acid
mixtures, we tested calibration curves of glycine and phenylalanine, as well as some
phenylalanine samples reacted in different environmental conditions. It should be noted that
these tests were done somewhat spontaneously, and the lab assistant from the Baum lab
originally helping me with the lab work for the complex amino acid mixtures became unable to
come into lab during this time due to iliness. Because of the time constraints, some samples
could not be found and therefore were not analyzed, and there may be gaps in the experimental
records. The methodology and the complete experimental output from CompoundDiscoverer (a
proprietary ThermoFischer software) can be found in Boigenzahn/Experiments/2023-03-
07_ComplexAmnioAcidMixture.

These tests were done in collaboration with Tymofii Soloklyski from Prof. David Baum’s
lab. Tym is accustomed to running higher salt concentrations on the MS he uses, so we did not
have to use CE or another method to analyze these samples. We diluted the samples to improve
their signal and reduce the total salt concentration. Due to the high sensitivity of the MS method,
it tends to find many noise peaks in every sample. CompoundDiscoverer also does not
necessarily default to naming peptides when assigning species to molecular weights, meaning
that many species that were likely experimentally relevant peptides were mislabeled as other
molecules. Before attempting further analysis of this data, we needed a method of cleaning up
the noise in the data and finding peaks which aligned with the theoretical peptides that could be
formed by the amino acids included in the original samples.

Some code for these tasks can be found at COoL Boigenzahn/Experiments/2023-03-
07_ComplexAminoAcidMixture/2023-05-03_MSResults_Processing. It removes all peaks that

never exceed a given threshold, since those peaks are either noise or indistinguishable from it.
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Candidate monomers can be provided along with their molar masses and recombined to identify
peptides for a given set of amino acids. It may be useful to extend this code to verify that there is
a significant enrichment in peptides that should theoretically be found over those that should not,
based on what amino acids were present in the original sample. This could possibly be done by
comparing the intensity of peptides containing only amino acids included in the sample to the
intensity of a random selection of peptides which should not theoretically form. This would help
indicate how many peptides are being identified purely by chance due to the quantity of noise
peaks that are indicated as products. Like the code used for HPLC alignment, another useful
extension of this code would be to implement statistical methods to analyze the variation
between experimental triplicates and from day to day.
Appendix C.3: Results and conclusions

Additional data processing and statistics may allow us to draw more conclusions from
these results, however, these methods are still a work in progress. There were notable outliers in
the data that made it difficult to confidently draw any conclusions about how the system changed
over time, which should be revisited with duplicate experiments to determine if these may have
been analytical errors. One conclusion we can draw from these experiments, particularly
regarding the mass spectrometry tests, is that planning the experimental design carefully is of
utmost importance when dealing with complex mixtures. Writing out a specific hypothesis and
null case, as well as determining number of replicates theoretically required for statistical
significance before starting the experiments is highly recommended. Trying to evaluate these
mixtures simply by visual inspection, even of simplified diagrams like the heatmap shown
above, is very difficult and completely impractical given the amount of time it requires to plan

and develop analytical methods for these types of experiments.
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Analytical method validation can be somewhat complicated when dealing with complex
mixtures and looking for unlabeled peaks. In that regard, we recommend taking the time to use
standards of whatever amino acids or peptides are available to gain a sense for how the method
behaves both in its day-to-day consistency and in its rate of false positives and false negatives.
While nothing can replace a true positive control sample, it is worth the time to characterize and
analyze whatever materials are available before designing and performing more complicated

protocols.
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APPENDIX D: NETWORK INFERENCE MODELS

Analyzing complex experimental data is one of the challenges of working with more
diverse sets of amino acids or mixtures of organic molecules. Tools for analyzing and inferring
relationships in chemical reaction networks may be useful for extracting useful conclusions from
this experimental data. There is some existing work in the field of chemical reaction network
analysis, primarily stemming from the area of chemical physics (Crampin et al. 2004). Similarly,
a significant amount of work deciphering experimental results generated from systems with
complex interactions has been performed in the bioinformatics field to help understand the many
interactions in molecular biology (Gauthier et al. 2019; Markowetz & Spring 2007). Adapting
these approaches may help generate new hypotheses and goals for experimental design that
would allow us to extract insight from the results of complex mixture experiments.

| explored two methods of applying bioinformatics approaches to my prebiotic peptide
samples while completing projects for my minor. During the first project (BMI 826), | attempted
to use a dynamic network inference algorithm to deduce the most important reaction in the
peptide reaction network. | attempted to infer networks for a variety of simulated and
experimental networks, the details of which are included in the COoL
Boigenzahn/Networks/2019-12-16 _BMI826_FinalReport. For the network shown in Fig. D1, the
simulated data was meant to imitate results gathered by Izabela Sibilska for experiments
prepared as experimental triplicates with diglycine, TP, and base and rehydrated every 24 hours
for 7 days. The initial conditions were not fully recorded, but were likely similar to those in
Sibilska et al. (2017), and the results included measurements for species up to Glyio. The
simulated network was generated similarly to the simulated data in Chapter 3 and Chapter 4 of

this work, but used one parameter for all the forward reactions and another parameter for all the
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hydrolysis reactions, since the parameter estimation method discussed in Chapter 3 had not been
completed at the time of this project.

Network inference was performed using an algorithm called dynGENIE3 (Huynh-Thu &
Geurts 2018) which was designed to infer gene regulatory networks from dynamic time course
data. DynGENIES is a semi-parametric model which uses random forests to learn the parameters
of a set of ODEs. Unlike the methods we explored in Chapter 3, the terms included in the ODEs
for dynGENIE3 are learned by the algorithm, and are not specified by the user. This removes the
need to decide on an approximate network model, but also makes it much more difficult to
incorporate physical constraints that we know should exist in the system.

For glycine oligomer experiments, | found the networks did create more connections to
significant, high abundance species, but also tended to be over-connected and the directionality
was unintuitive (Fig. D.1). | also examined the network produced from a mixture of 5 amino
acids (also based on experimental data gathered by Izabela Sibilska), but since only the
monomers were labelled, | was unable to add very much insight on the accuracy of the larger
inferred network. The network being overconnected may be a consequence of the fact that the
interactions in these networks are conversion between molecules, not regulatory interactions like
those often associated with gene regulatory networks, which may change the nature of the

correlations in the network.
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Figure D.1  The inferred reaction network for diglycine forming up to Glyiousing
simulated data generated from ODEs. See COoL Boigenzahn/Networks/BMI 826 Data for
additional detail.

The second project, which was for BMI 776, was similar to the first, but applied two
other dynamic network inferences methods found in literature. The report summarizing these
results will be available in COoL Boigenzahn/Networks/2020-05-11 BMI776_FinalProject.
These experiments were conducted using data from a mixture of glycine and alanine, and the
accuracy of the method was evaluated based on whether that edge was likely to physically exist —
for example, there should be a connection between G and GG, but there should probably not be a
direct connection between AA and GG. All the methods | attempted were relatively inaccurate,
either finding only a small percentage of the physically correct edges, or finding an extremely
high number of physically unlikely edges along with the correct ones. The dynamic network
inference method I used in the first project still had the best results overall, though the direction
of the edges was still counterintuitive. One of these methods was specifically intended for use in
chemical reaction networks (Burnham et al. 2008), but within the method the additional
constraints did not significantly improve the quality of the network inference approach. Because

| was using approaches from literature, it was often difficult to explain why the algorithm was
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performing poorly. An approach developed from basic principles to address a specific hypothesis
or data analysis task, rather than just applying existing literature algorithms that claim to be
generalizable, is more likely to produce meaningful results.

In conclusion, a high level of modification is required to apply bioinformatics algorithms
to complex chemical reaction networks. There is still some overlap in the mathematical
foundations of the two, and understanding how the subjects relate to each other and to interesting
research questions related to origins of life reaction networks is a potentially interesting and
novel direction for this project. Since it is challenging to make significant progress developing
models while also doing the lab work to gather the experimental data, this work would be best as
a purely theoretical project or in close collaboration with another research group who is familiar

with chemical reaction network models or bioinformatics.
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APPENDIX E: STUDIES WITH METAL SALTS

Metal salts, particularly divalent cations, are an interesting possible angle to pursue in
future experiments. Although they can complicate method development, particularly for MS
analysis, metal ions are extremely common the active sites of modern enzymes and would have
been available in the minerals and salts of the early Earth (Belmonte & Mansy 2016; Bromberg
et al. 2022). Amino acids and short peptides tend to bind to metal cations, and metal ions have
been used to generate catalytic activity from relatively short, hypothetical prebiotic peptides
(Kim et al. 2018; Wang et al.2019; Timm et al. 2023). We did not pursue these studies
extensively but did perform preliminary tests with copper and magnesium salts.
Appendix E.1: Copper

The salt-induced peptide formation approach (SIPF) was proposed and explored by Dr.
Bernd Rode in the 1990s (Rode & Schwendinger 1990). It involves a two-to-one ratio of amino
acid to Cu(ll) and is promoted by high concentrations of NaCl, though a previous member of our
lab found that NaCl was not required for peptide bond formation when the samples were fully
dried (Napier & Yin 2006). Rode and his group arrived at several interesting conclusions using
SIPF, such as finding a correlation between the dimers formed by SIPF to the frequency of dimer
sequences in proteins from archaebacteria and prokaryotic cells (Rode et al. 1997). One of the
promising elements of SIPF is that the metal ion can act as a true catalyst rather than an
activating agent which is consumed during the process. This eliminates the question of how
activating agents could have been continuously supplied to an autocatalytic reaction cycle
without causing waste accumulation. We performed some experiments using SIPF conditions to

assess how they compared to TP during multiple cycles.
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We analyzed samples containing 0.1 M glycine, 0.05 M CuClz, and 0.5 M NaCl, which
were heated at 90°C with the caps open for 24-hour intervals. At the end of each cycle, 1 mL of
water was added to each sample to bring it back to its original volume, then the material was
vortexed until dissolved (or until it appeared it would not dissolve further) and heated again. The
full experimental procedure and results can be found in COoL Boigenzahn/Experiments/2021-
07-05_SIPF-Gly_Kinetics.

We found that within the first two to three cycles, the samples changed from the pale blue
color caused by the CuCl> to greenish-brown, and continued to darken until they were essentially
black. We believe this may be because these experiments were performed with the caps open and
were not in an anoxic chamber, so the copper may have oxidized over time. CuO is a black
powder, which was consistent with what we observed forming in our experiments. Similar
oxidation probably would not have occurred on the early Earth, since the oxygen concentrations
in the Hadean period were much lower than they are today (Hao et al. 2019). Use of an anoxic
chamber should be considered for SIPF experiments because of this effect.

It should be noted that when we originally performed these experiments, we were using
the pentane extraction method for FMOC derivatization. This procedure seemed to remove some
products from solution and made quantitative analysis virtually impossible. We were only able to
generate linear calibration curves for SIPF samples after switching to the alternative FMOC
derivatization method which did not require extraction. The extremely high salt concentrations
used for SIPF can have a significant impact on analytical methods, so it is particularly important
to validate all methods carefully for standards with equivalent salt concentrations.

Once a quantitative method to analyze the SIPF samples was identified, we repeated the

experiments. However, we found that the overall concentration of glycine dropped significantly
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with each day of reaction. We attempted to compare our results to Rode’s to determine if they
ever found an overall loss to the amino acid concentrations, but their results are always published
as yields and therefore do not include the concentration of the monomer. We considered the
possibility that the loss of glycine might be due to its coordination to Cu(ll), which may have
been blocking it from derivatization and therefore preventing it from being detected by our
analysis. However, when we tried changing the environmental conditions to promote the release
of glycine from the copper complex, we found that there was no improvement. We tried
increasing the acidity of the samples, which should protonate the glycine and discourage it from
binding to the positively charged copper ion. We also added ethylenediaminetetraacetic acid
(EDTA), an acid which is commonly used to bind iron and calcium complexes for descaling.
None of these techniques caused any significant change in the amount of glycine recovered (Fig.
E.1). Within three days of reactions, the overall quantitation of glycine had dropped to about
10% of its original value.
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Figure E.1  The total quantity of glycine recovered as a weighted sum of all glycine
species for SIPF samples heated over multiple 24-hour cycles. The expected total glycine
concentration was 0.1 M. Using acidic conditions or EDTA to try to limit the persistence of

glycine-copper complexes prior to analysis did not improve the amount of glycine recovered.
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We were never able to fully explain the loss of glycine. No additional unknown peaks on
the HPLC chromatogram rose proportionately to the loss of glycine. Longer glycine species did
form in yields roughly comparable to those reported by Rode, though those also eventually
began to decrease, quite possibly due to the loss of monomer glycine.

There are two possibilities that seem most likely to explain this behavior. First, glycine
could still not be derivatizing successfully due to the copper, and the pH and EDTA were unable
to disrupt that complex. This could be studied using ion pairing methods previously used by our
lab (Sibilska et al. 2017) to determine if there is still a visible loss of glycine over time. Methods
for inferring molecular structure, like NMR, could also potentially be used to characterize copper
complexes directly. If glycine or glycine complexes still cannot be found, then it is possible that
the amino acid is being degraded. If copper degrades amino acids, that behavior may have been
noted somewhere in chemical or biochemical research, so related literature should be sought out.
Mass spectrometry could also potentially be used to identify the degradation products, although
the sample would need to be processed with CE or another clean up method or heavily diluted,
considering the high salt concentrations involved.

Appendix E.2: Magnesium

The magnesium-ATP complex is an important step in activating ATP so that it can be
used for biological processes (Phillips et al. 1965). Consequently, magnesium is discussed as a
possible catalyst relatively frequently in prebiotic chemistry literature, particularly in the context
of triphosphate or trimetaphosphate-activated reactions (Sawai & Orgel 1975; Yamagata &
Inomata 1997; Oie et al. 1984; Hill & Orgel 2002; Kitadai et al. 2011). The experiments we
performed were specifically inspired by van der Gulik et al. (2009), a theoretical study which

looked at the conserved motifs in metal binding domains of modern proteins. They identified
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possible binding motifs involving aspartic acid and magnesium which were found in key
enzymes for glycolysis and nucleotide polymerases. The simplest motif proposed was DGDGD.

Since this motif was relatively short and only required two amino acids, it was potentially
accessible using our existing experimental and analytical methods. The first study we performed
simply aimed to determine how the addition of magnesium affected TP-activated peptide bond
formation. The details and complete results of this experiment can be found in COoL
Boigenzahn/Experiments/2019-10-28 _D+G_MgEffect. Briefly, samples were prepared using 16
mM glycine and 24 mM aspartic acid and heated in the presence of different salts at different
pHs. Samples either included 20 mM TP, 20 mM MgCl., both, or none, and were heated at pH 9,
pH 3, or the pH was not adjusted, which left them at about pH 4.5. Samples were heated at 80°C
with open caps, then rehydrated with 500 puL water to return them to their original volume and
vortexed every 24 hours. Eventually, they were analyzed using HPLC and MS.

This experiment produced several encouraging results. The HPLC peaks were manually
aligned, then this table was analyzed using principal component analysis (PCA) (Fig. E.2). We
found that the samples including magnesium distinctly separated from the other samples and the
samples including both TP and MgCl. fell between the samples including only TP or only
MgCly, though they were much closer to the samples containing only TP. There was no

consistent trend in the grouping of the different pH conditions.
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Figure E.2 PCA plot of HPLC peaks for aspartic acid and glycine dried with various salt
and pH conditions. (a) The samples did appear to cluster based on the salt content, but there
was (b) no apparent clustering based on the pH condition.

We also analyzed these samples using mass spectrometry. The methodology details are
included in the write up in COoL Boigenzahn/Experiments/2019-10-28 D+G_MgEffect. The
monomer quantitation for these experiments was later proven to be invalid, since we were using
histidine as an internal spike which later turned out to be unreliable, but we were able to identify
various peptides using MS/MS. The peptides we identified seemed to be enriched in aspartic
acid, which was unexpected since glycine is typically the most reactive amino acid (Table E.1).
By far the greatest diversity of peptides was found in samples containing both TP and MgCl>,
suggesting that this combination may improve peptide yields above TP alone. The enrichment of
aspartic acid in the peptides identified may be related to the presence of magnesium, but it also
may be influenced by the fact that, for unknown reasons, smaller peptides were rarely selected
for MS/MS in any of our tests. Since glycine is significantly lower molar weight than aspartic

acid, the software may have tended to prefer to select peptides including aspartic acid for
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MS/MS. Although we found peptides up to six amino acids in length, we did not identify the

DGDGD peptide we were originally looking for.

MgCl2 + TP MgCl2 TP None
DD DD DD DD
DDD DDDDG DDD GDDDGD
DDDD GD DDDGD

DDDDD GDDDD DDGD
DDDGD DDGDD
DDGD DGD
DDGDD DGGD

DDGDGD GD

DDGG GDDDGD
DDGGD

DGD

DGGD

GD

GDDDDG

GDDDGD

GDDGDD

GDGD
GGD
GGDG
GGGD

Table E.1 Peptides found in experiments combining D and G in various salt and pH
conditions. Peptides are listed by salt conditions they were identified in, since the
effect of the salt condition was much more significant than the effect of the pH.
For further breakdown by pH, see the summary of MS results in COoL
Boigenzahn/Experiments/2019-10-28_D+G_MgEffect.

We performed several additional experiments studying how the relative concentrations of
glycine and aspartic acid, the concentration of the magnesium salts, and the use of other salts
besides MgCl; affected the outcomes. These studies were hindered by the fact that they were not
performed in triplicate, and the results are therefore less reliable due to the inherent variability of
using single samples. We also did not have peptide standards for most of the products of interest,
meaning that even with triplicate samples, it would have been challenging to answer the

questions originally proposed by the study.
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These experiments were originally stopped because of lab closures due to COVID, and
not followed up on afterwards as we explored other directions. To pursue these studies
interaction of FMOC and aspartic acid would need to be validated, since the side chain of
aspartic acid is more reactive than that of glycine or alanine, and peptide standards would need to
be acquired. However, these studies are well within reach since we have successfully performed
quantitative analyses of systems with two amino acids (Chapter 3). It may be interesting to
revisit the motivating questions behind these studies and pursue similar experiments with our

current, more developed HPLC methods.
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APPENDIX F: SUGGESTED FUTURE STUDIES

Aside from the extensions of the work presented here, it may also be worthwhile to
consider taking a top-down approach to exploring the emergence of autocatalytic peptides. One
of the major challenges of the bottom-up approach is the extremely large possible experimental
search space. There are many combinations of activating agents and amino acids which could be
considered, which will all be affected by environmental conditions such as pH, temperature, or
rehydrating steps. Bottom-up methods can help explore how those factors affect peptide
formation, but they are an extremely difficult, long-shot approach to finding autocatalytic
peptides.

Several autocatalytic peptides have been designed and characterized in literature, and the
length of peptides identified as capable of autocatalysis has gotten much shorter in recent years.
The longer part of the peptide template identified in Lee et al. (1996) and later extensively
explored by the Ashkenasy group (Ashkenasy et al. 2004; Dadon et al. 2015) is 32 amino acids
long. Autocatalytic behavior via B-sheet templating has been demonstrated with even shorter
peptides; the template in Rubinov et al. (2009) is 12 amino acids long, and the template in Rout
et al. (2022) is 8 amino acids long. These peptides could be used as a reference or goal to pursue
achieving autocatalysis via bottom-up studies.

It should also be noted that existing literature examples of autocatalytic peptides almost
always include capping groups on one or both terminal ends of the peptides. These groups may
minimize side reactions, or may actively contribute to the templating behavior. The effect of the
capping groups on autocatalysis and potential peptide bond formation would have to be assessed
prior to beginning many of the experiments discussed in this section. Depending on the stability

of the peptide and the caps on the functional groups, it may be possible for the custom peptide or
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its degradation products to form peptide bonds with the peptides meant to serve as the opposite
half of the template. While this behavior is not necessarily inherently negative, it could
substantially complicate the behavior of the system and the difficulty of analysis. The likelihood
of these capping groups occurring on the prebiotic Earth should also be noted, though the
presence of some prebiotically unlikely features can often be excused when pursuing specific
behavior like autocatalysis.

For any of the experiments suggested below, the first step would be to repeat the
experiments in the original paper as closely as possible using synthetic peptides to verify that our
lab has a suitable analytical method in place for identifying autocatalytic behaviors and that the
peptide constructs behave as expected in the conditions used in our lab. Reproducibility of
experiments is, frankly, a known problem in scientific research (Stoddart 2016), and pursuing
experiments directly inspired by behavior reported in literature without verifying that the
expected behavior is reproducible is strongly not recommended. Assuming the autocatalytic
behavior can be replicated and identified, there are several approaches that could be pursued.

One possible approach would be to create a steady-state mixture of peptides using
replenishment and bottom-up mechanisms like those explored in this work, including all the
amino acids required to form the shorter peptides involved in the templating mechanism. That
mixture could be seeded with the longer autocatalytic template, then we could look for evidence
that the addition of the template triggered autocatalysis. Ideally the environment used to form the
bottom-up mixture would be compatible with the conditions required for autocatalysis, however,
even if the conditions are slightly different, this experiment can probe how lack of selectivity in
bottom-up experiments impact the potential for an autocatalytic system to form. If amino acids

do not form the peptides required for autocatalysis due to having insufficient length or
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selectivity, this experiment could also be pursued by substituting the amino acids with short
peptides which represent fragments of the templating peptides. In theory this should increase the
length of accessible peptides and bias the resulting peptide distribution towards forming the
correct sequence, though differences in amino acid reactivity could have unexpected effects on
the peptide distribution.

This experiment would help explore how easily autocatalysis can be established and
propagated during the origin of life. If autocatalysis can be achieved from short peptides formed
using unguided prebiotic reactions, it suggests that once an autocatalytic reaction network was
established, it may have been able to spread or reestablish itself relatively easily. Alternatively, if
autocatalysis is difficult to reestablish without using nearly complete sections of the shorter
peptide templates as reactants, it suggests that this templating mechanism is unstable, which
makes it less to have been involved in the origin of life unless other molecules, reaction
networks, or environmental factors helped stabilize it. In this scenario, it would be worthwhile to
investigate why the autocatalytic behavior is difficult to recover, examining features like
selectivity, waste accumulation, reaction rates or concentration thresholds to determine the
limiting factors.

One of the benefits of adding a peptide template into a mixture of peptides formed
through unguided synthesis is that it does not necessarily require complete characterization of the
mixture — whether the peptide distribution has approximately reached steady state can be
determined statistically without knowing the identity of the peaks, and only the peaks of the
species involved in the autocatalytic network need to be fully quantified to compare their kinetics

in the sample to the kinetics of the system when all templates are known to be present. The
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relationship between the kinetics and the template concentration could also be investigated and
compared to the template dependence of the original system.

A variation of this experiment would be to cleave one or more of the autocatalytic
peptides, then attempt to restore autocatalytic behavior using prebiotically plausible methods of
peptide bond formation. Splitting the template could be done with varying levels of specificity,
ranging from using synthetic peptides to represent breaking the template along a particular bond
to allowing the template to freely degrade in conditions that favor hydrolysis. The more easily
autocatalysis can be recovered after degradation, the more resilient it suggests the templating
behavior to be. Finding the autocatalysis cannot be recovered would be an equally significant
result, since it tends to suggest that finding autocatalysis via bottom-up approaches with the
mechanism under study is likely to be quite difficult, since autocatalysis is difficult to reach even
when it is known to be close by within the experimental space. However, this approach would
probably require significant characterization of the degradation products, so it would be more
challenging analytically.

Finally, it may be interesting to test shorter variations of the autocatalytic template to
search for either the minimal structure required for templating or for intermediate catalytic
behavior that precedes the onset of autocatalysis. Evolution often occurs in incremental steps,
and autocatalytic behavior that arises gradually due to intermediate catalytic interactions seems
more likely to create a stable life-like system than autocatalytic behavior that emerges or
collapses abruptly with minor changes (Pascal et al. 2013). Based on the knowledge of what
amino acids drive secondary structure formation, the effect of removing different amino acids
from the templates could also potentially be studied to determine how the fidelity of secondary

structure motifs affects the emergence of catalysis. These experiments would require extensive
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peptide standards for the different template variations, and do not fully address the question of
how autocatalytic peptides could have arisen from unspecific reactions in complex mixtures.
However, because the environmental conditions and mechanism of autocatalysis for the system
would already be known, specific and quantitative Kinetic experiments can be designed relatively

easily.
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