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ABSTRACT

Large-scale biological datasets, such as transcriptomic, proteomic, and other high-throughput
assays, are routinely applied to characterize cellular states. While there is a proliferation of
new computational methods for analyzing biological data, many of these methods never make
it to actual use by biological researchers, or are not used to their full potential. In this thesis we
explore methodological, computational, and educational roadblocks between computational
methods and discovery in biological domains and create tools to help overcome them.

We specifically focus on biological network analyses, a popular class of methods in
exploratory analyses. We propose a method, pathway parameter advising, which automates
parameter selection in the pathway reconstruction task. This automation allows for biological
researchers with less computational and methodological knowledge to take advantage of this
class of methods more easily. We find that pathway parameter advising consistently selects
parameters that lead to informative pathways with desirable topological qualities.

In addition to making methods more approachable, we also explore increasing the utility
of biological network analyses by adding an additional layer of information to biological
pathways, subcellular localization. We utilize public protein localization databases to predict
the subcellular locations of protein interactions within the context of a specific biological
pathway. This predictive task proves challenging, mainly due to surprising discrepancies be-
tween different sources of subcellular localization information. While the predictive problem
remains unsolved, we are able to achieve moderate predictive performance in some cases
and provide insight to the problem of contextualizing subcellular localization.

Finally, we present work involving the Machine Learning for Biologists (ML4Bio) work-
shop, a workshop for teaching machine learning concepts to biologists. The workshop focuses
on practical machine learning skills for active biological researchers with minimal mathemati-
cal and computational background, emphasizing literature comprehension and experimental
design. We conduct a study on 3 pilot workshops, finding that the workshop effectively
introduces machine learning to biological researchers, especially increasing affective learning
outcomes such as interest in and appreciation for machine learning. We also share lessons
learned in designing educational materials for an active research audience.



Chapter 1

Introduction

The rapid increase in the scale of biological data available has affected nearly every field in
biology (Reuter et al., 2015). This increase has been driven by high-throughput biological
assays which can detect and measure wide varieties of biological entities. These methods
tend to cast a wide net; they seek to capture a full picture of whatever biological entity
they are measuring. Examples of this type of data include genomic data: direct readings
of the genome, transcriptomic data: measuring the quantity of genes being converted into
proteins, proteomic data: measuring the amount of proteins or examining the state of those
proteins, or metabolomic data: measuring the amounts of other small molecules such as
nutrients (Precone et al., 2015). These types of data are often referred to as “omic” datasets.
There are a variety of technologies used to capture such data, such as mass spectrometry,
RNA-seq, microarrays, ChIP-seq, and metabolic assays.

These datasets can be used to rapidly gain insight in biological processes. For instance, in
Section 2.1 a motivating example is presented which shows how proteomic data gathered via
mass spectrometry was used to investigate how HIV-1 infected cells respond to coming into
contact with uninfected cells. The proteomic data allowed us to examine a snapshot of protein
abundance and protein activation in infected cells when coming into contact with uninfected
cells. While there are technological and data-specific considerations and data pre-processing

which takes place, generally these “omic” datasets can be viewed as vectors of hundreds



to tens of thousands of real-valued measurements. However, this increase in data has also
created an equal increase in the need for computational methods to analyze and interpret
it. While the number of available bioinformatics tools has also rapidly increased, barriers
remain impeding their adoption by and utility for biologists (Kulkarni and Frommolt, 2017).

One important facet of many experiments using “omic” datasets is that they are often not
used to directly test specific biological hypotheses. Instead, these experiments are designed
to find potential hypotheses for a specific biological mechanism, process, disease, or state.
Computational methods which aid these exploratory analyses have different considerations
than those that aid more targeted analyses, as the results of such methods are designed to aid
discovery and interpretation rather than provide a correct answer. Therefore, interpretability

and usability are even more important in these computational methods than in other methods

in bioinformatics.
Process of Interest High-Throughput Experiment Exploratory Analysis Confirmatory Experiments

- Disease - Experiment which measures - Interpret results from - Test hypotheses generated
- Mechanism aspect of cellular state high-throughput experiment during exploratory analysis-
_ Cellular state - Protein levels or activation - Explore possible - Effect of candidate drug
- Signaling response state mechanisms, key players, or - Effect of knockout of
- Gene or protein function ST CIILAEILEE predicted central gene or

- Metabolite levels - Generate testable )

protein
- DNA accessibility hypotheses and candidates

. - Other domain-specific
for targeted experiments

targeted experiment

Figure 1.1: Overview of a typical workflow in using high-throughput experiments and
exploratory analyses for biological discovery.

1.1 Network Analysis

One class of methods often used in exploratory biological analyses are network analyses.
Network analysis can integrate and analyze large amounts of biological “omic” data from
genomic, transcriptomic, proteomic, or metabolomic assays (Goh et al., 2012; Furlong, 2013).
Placing omic data in a network context allows for the discovery of key members of a process

that may be missed from a single data source and functional summarization for hypothesis



generation and other downstream analyses.

Biological networks which represent a single function or process are often referred to as
pathways. Pathways can represent disease states, signaling pathways, cell metabolism, or
cell cycle processes. A variety of databases exist containing pathways curated by biologists
which represent current understanding of various biological processes, such as the Kyoto
Encyclopedia of Genes and Genomes (KEGG) database (Kanehisa and Goto, 2000), Reactome
(Fabregat et al., 2018), and NetPath (Kandasamy et al., 2010). An example of a biological

pathway representing cell signaling in response to p53 activation from KEGG can be seen in

Figure 1.2.
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Figure 1.2: The p53 signaling pathway from the KEGG database. The green nodes in the net-
work represent human proteins and genes, and the edges represent interactions. The double
lines on the left of the pathway represent the cell membrane, giving partial information on the
subcellular location of interactions in the pathway. Figure from KEGG database (Kanehisa
and Goto, 2000).

While computational methods exist to compare the results of high-throughput experi-
ments with pathways from databases to see if any pathway’s members are over-represented (Reimand

et al., 2019), pathways in curated databases are often incomplete and contain proteins or



genes that are not involved in a particular biological context (Koksal et al., 2018). Thus, it is
often preferable to infer a customized subnetwork specific to an experimental dataset starting
from all known protein interactions, referred to as the interactome. We refer to this problem
as pathway reconstruction: using condition-specific input omic data to select nodes and edges
from a generic background network that represent some process or cellular state. Pathway
reconstruction differs from module detection (Choobdar et al., 2019), which divides a net-
work into functional units or clusters. It is also distinct from network propagation (Cowen
et al., 2017), which identifies relevant regions of a larger network but typically does not select
specific edges within that region.

Formally, the pathway reconstruction problem takes the inputs:

e A network I consisting of a set of nodes Iy and a set of edges Ir. This will typically be

a set of known interactions from a protein-protein interaction (PPI) database such as

STRING (Szklarczyk et al., 2019).

e A set of nodes S, where S C Iy. From a biological perspective, this is a set of biological

entities (genes, proteins, etc.) that are involved in the process of interest.
And produces as output:

e A network P where P C I. A subset of the set of known interaction and biological

entities which create a network representing the process of interest.

Algorithms which solve this problem ideally seek to return a network P that maintains
biological plausibility while most informatively representing the process of interest. However,
algorithms typically actually maximize a topological criteria or perform some topological
operation to find P. For instance, an extremely simple pathway construction method could
return the minimum spanning tree of all nodes in S. However this tree would likely be
biologically unrealistic, as it would include none of the community structure typically found
in biological pathways (Ravasz et al., 2002). Pathway reconstruction algorithms approxi-
mate biological plausibility using a variety of computational methods, such as flow-based

diffusion (Yeger-Lotem et al., 2009), statistical models (Cerami et al., 2010), or graph-theory



problems such as k-shortest paths (Ritz et al., 2016) or prize-collecting Steiner trees (Tuncbag
et al., 2013).

1.2 Realizing the Potential of High-Throughput Biological Data
Analyses

A number of barriers exist that prevent high-throughput biological data analyses from reach-
ing their full potential. The accessibility and usability of these methods is often poor (Mangul
et al., 2019; List et al., 2017), making it difficult to install and run them. This is especially true
for researchers with less coding experience.

Additionally, computational workflows for interpreting high-throughput experiments
require manual input and decision making (Kulkarni and Frommolt, 2017). While some level
of careful decision making is necessary for determining the correct data preprocessing and
algorithm choice, lack of guidance on these choices can be an additional barrier for researchers
with less computational or statistical experience. Additionally, an overabundance of manual
input in a computational pipeline can negatively impact reproducibility (Beaulieu-Jones
and Greene, 2017). Manual steps add more room for error in both executing an experiment
and accurately reporting on it. These steps are also places in a pipeline where bias can be

introduced.

Improving the Usability of Exploratory Analysis Methods

Improving the usability and interpretability of exploratory analyses presents a number of
unique computational challenges. Due to the open nature of exploratory analyses, there is
rarely a clear overall objective to optimize. A classic example of this challenge is choosing the
number of clusters in clustering methods such as k-means. There are a variety of methods
dealing with the best way to choose the number of clusters in k-means, most of which involve
some metric which measure the quality of the clusters being created. For instance, the popular

elbow method involves examining the average distance between all points in all clusters as



the number of clusters increases, then manually choosing a perceived inflection point.

While there are properties of clusters which can be considered desirable and optimized, it
is less clear what desirable properties more complex models like biological pathways should
have. While a variety of heuristics have been used to guide pathway construction towards
more desirable networks (Kedaigle and Fraenkel, 2018; Yeger-Lotem et al., 2009), there is a
lack of a method for this task which clearly defines what a good pathway is independent of
the method used to construct it.

This issue of the lack of a clear measure of goodness carries into the task of interpretation
of biological pathways. Ideally, a method which aids the interpretation of a network would
find areas of a network which are surprising or important. However, which areas meet these

criteria are up to a biologist’s interpretation and have no clear computational definition.

Adding Information to Exploratory Analyses

While improving network reconstruction methods is important, interpretation of exploratory
pathway analyses remains difficult. Interpretation of a biological pathway can be split into two
tasks: summarization and hypothesis generation. Summarization involves finding functional,
physical, or other ontological patterns across the network. Methods which annotate pathways
using GO terms (Bindea et al., 2009) or pathways from databases (Moriya et al., 2007) fall into
this group and can aid biologists in understanding what is happening and what processes
are involved in a pathway.

Hypothesis generation methods are typically looking to answer a more targeted question
of a network, such as what is causing a certain cell state, what has changed due to a disease,
or what is a possible drug target which would disrupt the pathway. Thus, as opposed to a
broader functional summary, hypothesis generation looks for specific parts of the network
which may be causal, vital, altered, or targetable. These parts of the network, often single
nodes, are typically investigated in targeted followup experiments. Hypothesis generation
can take a number of approaches to finding these areas of interest. Examples of hypothesis

generation algorithms include using networks for active learning (Sverchkov and Craven,



2017), to find drug targets (Csermely et al., 2013), or to find driver mutations, mutations
which likely caused a disease, in cancer (Horn et al., 2018).

One aspect of biological pathways which bridges both of these types of network interpre-
tation is protein localization. Protein localization is the subcellular location of proteins during
their interactions in a pathway, typically at the organelle level. Examples of the subcellular
locations include the cell nucleus, the cell membrane, the cytoplasm, and the mitochondrion.
Subcellular location of proteins or their interactions gives summary information about a
pathway; it can help narrow the possible functional roles of the pathway and its members.
For example, a protein which never enters the cell nucleus is highly unlikely to be directly
involved in gene transcription, as that process is confined to the nucleus. In certain diseases,
the location of some proteins can be altered. These include diseases such as Alzheimer’s, ALS,
Wilson disease, and various forms of cancer (Hung and Link, 2011). Therefore, knowing
these non-standard localizations can give insight into how a disease is operating a cellular
level, and which proteins may be key players.

Despite a number of methods that aim to generally predict protein localization, there has
been little work in identifying localization of proteins within a pathway context. Prediction
methods tend to treat the localization prediction problem as a multi-label classification,
where proteins can have multiple locations across the different contexts in which they interact.
Databases which store protein level localization information reflect this, listing multiple
subcellular locations for proteins. It has been estimated that as many as 50% of proteins
exist in multiple subcellular locations (Thul et al., 2017). This further highlights the need
for a pathway-specific method for localization prediction, as it is unclear which of multiple
localizations is relevant when using localization information to aid pathway interpretation.

Additionally, prediction methods focus on the possible unaltered localizations a protein
can take, and thus cannot predict non-standard localizations of proteins in a diseased or
otherwise abnormal state. When investigating diseases where abnormal localizations ex-
ist, prediction methods without pathway context and most database information become

irrelevant. However considering the prediction within a pathway context will allow for the



consideration of abnormal localizations, as the abnormal localizations occur at a pathway

level.

Making Data Analysis Education Practical

While it is important to improve tools used for bioinformatics analyses, these tools are not
useful if biologists are unable to take advantage of them. Though experts in computational
methods will likely always be needed to collaborate with biologists, increasing biologist
understanding of computational methods will allow experimental biologists to perform some
analyses without collaborator aid, increasing their accessibility. Additionally, while not all
biologists will need to perform complex computational analyses, given that such analyses
are increasing common it is important that all biologists are able to understand them and
evaluate their quality. Biologists need to be able to assess the strength of computational
evidence, and understand possible flaws in computational experimental design, in order to be
full participants in modern biological research. Training in computational and bioinformatics
methods has been found to have a long-standing positive impact on research in multiple
areas including communication with colleagues, conducting better research, and validating
results (Brazas and Ouellette, 2016).

One family of computational methods which has become increasingly popular is machine
learning (Jones, 2019). Despite its popularity among computational researchers, machine
learning remains elusive to experimental biologists, who form the majority of the life sciences
research community, leaving powerful computational tools underappreciated and data gener-
ated in wet labs underexplored (Chicco, 2017). However, most machine learning courses and
tutorials require substantial background knowledge in coding and mathematics, which many
biologists may lack. On the other hand, bioinformatics workshops for biologists assume less
coding experience, but participants are often taught to mechanically run through a software
pipeline for certain tasks without learning the best practices in various stages of the workflow.
Such an approach, though effective in the short term, can lead to error-prone data analysis,

misinterpretation of results, and difficulty in adapting to other tasks in the long run of a



scientist’s research effort. The community needs to explore novel educational frameworks in
order to address these challenges in teaching machine learning to biologists.

We have created the ML4Bio (machine learning for biology) workshop to explore how
to address this gap in computational training. Unlike traditional task-centric approaches,
the educational objective of ML4Bio is to equip biologists with the proper mindset when
it comes to applying machine learning in their research and the ability to critically analyze
machine learning applications in their domain. Built around this core idea, the ML4Bio
workshop prioritizes teaching machine learning literacy, that is, the right way to set up
learning problems, how to reason about learning algorithms, and how to assess learned

models.

1.3 OQOutline

This thesis is structured in the following manner. Chapter 2 introduces pathway parameter
advising, a method for automating parameter selection in pathway reconstruction. This
method helps remove the barriers of computational and methodological knowledge from
utilizing pathway reconstruction analyses. In Chapter 3, we investigate the task of predicting
subcellular localization within the context of a biological pathway. Ideally, creating a strong
predictive model for predicting contextual subcellular localization would add an additional
layer of information to pathway analyses, and allow inference of contextual localization
when spatial proteomics experiments (Lundberg and Borner, 2019) are infeasible. Chapter
4 introduces the ML4Bio workshop, a workshop for teaching practical research skills in
machine learning to biological researchers with minimal computational and mathematical
background. The ML4Bio workshop focuses on approachability and practicality, teaching
biologists the skills necessary for interpreting research that uses machine learning and finding
opportunities for machine learning in their own research. We present results from a study on
the workshop that give valuable insights into tailoring educational materials for an audience
of active researchers. Finally, we conclude and propose possible future research directions in

Chapter 5.



10

Chapter 2

Improving usability of biological

network analyses

HIV-1 work presented in this chapter was performed in collaboration with members of the
Ahlquist lab: Eunju Park, Paul Ahlquist, James Bruce, and Mark Horswill, mass spectrometry
by members of the Coon lab: Alex Hebert, Gary Wilson, and Joshua Coon, and help and
preliminary analyses by members of the Gitter lab: Nafisah Islam, Thevaa Chandereng, and
Anthony Gitter. Pathway parameter advising work was performed in collaboration with

Anthony Gitter (Magnano and Gitter, 2021).

2.1 Motivating work: HIV cell-cell contact

Background

As a motivating example of how exploratory analyses are used for biological discovery, and
computational issues which can arise, I will present work done in exploring mechanisms of
infection in human immunodeficiency virus type 1 (HIV-1). HIV-1 is a human pathogen
which has claimed over 32! million lives. Increasing our understanding of HIV-1 can lead to

new therapies and preventative measures, improving the lives of the over 35 million people

lht1:ps ://www.who.int/en/news-room/fact-sheets/detail/hiv-aids
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currently living with the disease. One aspect of HIV-1 infection where more study is needed
is its multiple mechanisms of infecting cells. HIV-1 has two modes of infecting cells. It can
either infect cells over long distances via cell-free virons (single viruses), or it can infect via
direct cell-cell contact. It has been found in vitro HIV-1 can infect cells 100-1000 fold more
efficiently using cell to cell contact than by cell-free transmission (Chen et al., 2007).

However, certain mechanisms of this cell to cell transmission are poorly understood. It
is unclear how an infected cell responds to contact with an uninfected cell. The signaling
pathways recruited in this response could be promising new drug targets.

With HIV-1 cell-cell contact as the process of interest, a high-throughput experiment
was performed using mass spectrometry to investigate proteins active in HIV cells when
coming into contact with uninfected cells. More specifically, mass spectrometry measures
the overall abundance of proteins and their protein phosphorylation levels, which can be
used to infer protein activation. An overview of the analysis is presented in Figure 2.1. These
abundance levels, after filtering for changes deemed significant, were used as input into a

pathway analysis.

Exploratory Network Analysis
Prize-Collecting Steiner Forest

We chose to perform network construction using the Prize-Collecting Steiner Forest (PCSF)
algorithm. PCSF creates networks from sets of genes and a reference protein-protein interac-
tion (PPI) network by finding connections in the PPI network between proteins of interest. In
PCSF, proteins of interest are mapped to the reference PPI network and given prizes and all
edges in the PPI network are given penalties. A set of nodes N is chosen, where each found
connected component must contain at least one member of N. These can be thought of as the
entry points of the found pathways. The forest F' = (Vp, Er) with the highest score S is then

found according to the following function:

arg;nin Z (B-p(n) —p-d(n)) + Z cle)+w-kK

néNF GEEF
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Figure 2.1: Overview of HIV data analysis pipeline.

where p() is the positive prize for each node, d() is a node’s degree, ¢() is the cost of each
edge, and « is the number of connected components in the pathway(the number of entry
points used). The parameters f3, 11, and w are used to control the desired properties of the
subnetwork. Choices of prizes, costs, and parameters are explained below. It can be seen that,
as all edges are penalized, optimal solutions to PCSF will always be trees. We used the PCSF
solver included in Omics Integrator (Tuncbag et al., 2016) which solves PCSF via a heuristic
message passing algorithm (Bailly-Bechet et al., 2011). This implementation also includes a

penalty for high degree nodes to lessen hub node bias and a penalty for the number of trees



13

in the final network.

Network Analysis Inputs

All significant proteins were used to generate protein prizes for PCSF. The magnitude of each
protein’s log transformed false discovery rate (FDR) was used directly as its prize. If a protein
was found significant across both data types, the larger log transformed FDR was used. Sets
of prizes were created for 0 to 5 minutes and for 0 to 60 minutes. This resulted in 1123 and
1050 prizes for the 0 to 5 minutes and for 0 to 60 minute networks, respectively.

Edge costs were computed from the iRefIndex PPI network (v13.0) (Razick et al., 2008)
edge confidence scores. If multiple confidence scores were present for an interaction the
highest score was used.

We created a set of entry proteins for PCSF from products of Env listed in the NCBI HIV
database?. We selected all products which were lists as “binds” or “interacts with”, totaling
462 proteins. These were chosen based on biologist input, as Env is proposed as the initiator

of the cell-cell contact response.

Parameter Choice and Network Filtering

We ran PCSF over a sweep of different parameters to get a variety of networks. 3 was tested
from 0 to 5 in increments of 0.5. x was tested from 0 to 1.5 in increments of 0.1 and from 1.5 to
3 in increments of 0.5. 1 was tested from 0 to 0.9 in increments of 0.015. This made for a total
of 1463 networks for each timepoint. Calculations were run in parallel on HTCondor(Thain
et al., 2005).

After performing a costly grid search over parameter values, there was no way to com-
putationally determine which networks were viable for examination and further analysis.
Therefore, we manually filtered out networks from the network cohort which we believed to
be non-viable. This process was performed by looking through the network cohort with our

biological collaborators, talking through which types of networks looked useful and which

“https://www.ncbi.nlm.nih.gov/genome/viruses/retroviruses/hiv-1/interactions
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looked biologically implausible. We constructed a set of topological criteria specific to this

set of networks, which would not be useful for other pathway analyses.

1. We removed any empty networks, leaving 1013 networks at 5 minutes and 287 at 60

minutes.

2. We removed networks which did not have a connected component with at least 25

vertices, leaving 954 networks at 5 minutes and 268 at 60 minutes.

3. We removed networks in which one vertex was connected to 10% or more of the network
to eliminate networks dominated by a hub node, leaving 424 networks at 5 minutes and

210 at 60 minutes.

4. We removed networks which contained a branch of more than 8 vertices without any
significantly changed proteins as neighbors as we did not consider these proteins
sufficiently close to other significantly changed proteins in the network, leaving 223

networks at 5 minutes and 210 at 60 minutes.

An additional filter controlled for networks whose vertices were not at least half prize
nodes, but this did not remove any of the networks. This resulted in 223 total networks in the
5 minute cohort and 210 networks in the 60 minute cohort. While these networks were all
considered viable by our biological collaborators, and was done in as principled a manner
as possible, it could still be the case that some bias was introduced to the network cohort
by manually selecting these topological cut-offs. Furthermore, this time consuming process
required both a computational expert and biological expert in that domain to determine
which networks intuitively looked correct.

We then took the union of all filtered networks to create a final ensemble network for
each time point. This network was both used for a GO-enrichment analysis and manually
analyzed by our biological collaborators, which led to a hypothesis of 3 kinases playing key
roles in the cell-cell contact response. More details and subsequent confirmatory experiments

of these kinases can be found in Park (2018).
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2.2 Parameter Tuning in Pathway Construction

Existing pathway reconstruction methods are based on diverse strategies such as combinato-
rial optimization problems (Tuncbag et al., 2016; Scott et al., 2006; Yosef et al., 2011), shortest
paths (Ritz et al., 2016), enrichment analysis (Cerami et al., 2010), network flow (Basha et al.,
2013; Goldberg and Tarjan, 1990; Komurov et al., 2010), and other graph theory algorithms.
These methods also take in a variety of inputs. Some, such as the Prize-Collecting Steiner
Forest (PCSF) algorithm (Tuncbag et al., 2016; Kedaigle and Fraenkel, 2018), accept scores for
the biological entities of interest. Other methods, such as PathLinker (Ritz et al., 2016), require
the inputs to be split into start-points (sources) and end-points (targets) for the pathway.
Despite the different optimization strategies and inputs, pathway reconstruction algorithms
almost always require the user to set parameters. Adjusting the parameters can produce
pathways with drastically different topological properties and biological interpretations. For
instance, in Figure 2.2 both pathways were created with the same PCSF algorithm and the
same influenza host factor screen data (Section 2.5); they only differ in the parameters used.
The pathway on the right is reasonably sized and can be interpreted and summarized for
downstream analysis. The pathway on the left, however, includes over 7000 nodes and would
impractical to interpret or analyze.

Ashighlighted by the HIV-1 cell-cell contact analysis, an open challenge is how to configure
these critical pathway reconstruction parameters in a manner that is objective and applicable
across diverse types of algorithms. Existing approaches tend to be informal and ad hoc,
and most best practices in parameter tuning are not applicable to pathway reconstruction.
The simplest way to choose a parameters would be to use default values. However, a single
parameter setting cannot work for all datasets. The number of input proteins, genes, or
metabolites varies based on the experiment, and the effects of input size can be unpredictable
for different pathway reconstruction algorithms. For instance, if PathLinker is run with fixed
parameters, increasing the number of source and target nodes will often result in a smaller
final pathway, which is not necessarily what a user would intend. In addition, some methods

are commonly run repeatedly and combined into an ensemble network (MacGilvray et al.,
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Figure 2.2: Influenza host factor pathways created using PCSF from RNA interference (RNAi)
screens (Section 2.6), here showing the largest connected components from ensembling
the bottom 100 ranked pathways (left) and the top 100 ranked pathways (right). The only
difference in creating the networks was the range of PCSF parameter values.

2018; Budak et al., 2015; Khurana et al., 2017), which requires multiple parameter settings.
Parameter tuning methods from supervised learning are also a poor match. There is no
ground truth for supervised parameter tuning, and unsupervised cross-validation is ineffec-
tive (Section 2.6). In addition, the objective functions of pathway reconstruction methods only
approximate biologically meaningful graph topologies and typically have no probabilistic
likelihood. Thus, their values cannot be compared between different parameter settings, and
statistical model selection criteria such as the Akaike information criterion (Akaike, 1998)
and the Bayesian information criterion (Schwarz, 1978) are not applicable. For instance, the
PCSF objective function can be arbitrarily increased by changing the parameter values.
Given the lack of objective, quantitative methods for tuning, parameter settings are often
chosen by manual inspection or informal heuristics. ResponseNet recommends choosing
parameters that recover at least 30% of inputs while minimizing low confidence edges (Yeger-
Lotem et al., 2009). PCSF recommends choosing pathways robust to small random input
variation or matching the average degree of input nodes and non-input nodes (Kedaigle and
Fraenkel, 2018). We show in Section 2.6 that these heuristics can perform poorly in practice.

Biologists often have intuition about which pathways are unrealistic or impractical for
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downstream analysis, such as the 7000 node pathway in Figure 2.2 or subnetworks with
unusual degree distributions. Pathway reconstruction is typically an exploratory analysis
used to summarize the input data and generate hypotheses leading to further experiments.
In this context, it is important to avoid implausible and uninterpretable pathway topologies.
Therefore, parameter tuning should not focus on traditional notions of accuracy but instead
formalize how useful generated pathways are to biologists. Our major contribution is provid-
ing a formal approach based on graph topology that quantifies this biological intuition and
can be used to optimize pathway reconstruction in an objective manner.

One framework for finding optimal parameters in an uncertain setting is parameter
advising (Kececioglu and DeBlasio, 2013; DeBlasio and Kececioglu, 2015, 2017), which was
originally developed for multiple sequence alignment. Parameter advising can be used to
adapt the parameter tuning framework in settings where no ground truth tuning set exists.
However, parameter advising requires a means to estimate the accuracy of a model with a
given set of parameters. Because pathway reconstruction is an exploratory analysis, there is no
formal notion of accuracy. We overcome this limitation by leveraging background knowledge
to create a ranking metric that prefers pathways in topological agreement with reference
pathways. Our parameter tuning method, pathway parameter advising, uses the parameter
advising framework in combination with a distance metric based on graphlet decomposition
to measure similarity between generated pathways and pathways from curated databases.
Pathway databases may be imperfect and incomplete, but they reflect models that the expert
curators consider to be biologically plausible. Only measuring the topology of a generated
network means that pathway parameter advising is also method agnostic. Pathway parameter

advising can tune the parameters of any pathway reconstruction method.

2.3 The Pathway Parameter Advising Method

Pathway parameter advising is based on the parameter advising framework (DeBlasio and
Kececioglu, 2015). A parameter advisor consists of two parts: a set of candidate parameter

settings S and an accuracy estimator /. The parameter advisor evaluates each candidate
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parameter setting in S using E to estimate the optimal parameter set. In order to adapt
parameter advising to the pathway reconstruction task, we must choose a function E that
can estimate the quality of a generated pathway. While we do not have a direct way to
define what criteria an optimal solution satisfies, we do have access to pathways which match
biologist intuition of what a biological pathway should look like. Curated pathway databases,
such as the Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000),
Reactome (Fabregat et al., 2018), and NetPath (Kandasamy et al., 2010), contain pathways
that have been compiled by biologists. Therefore, we can construct our estimator around these
curated pathways. This leads to the key assumption of pathway parameter advising: generated
pathways more topologically similar to manually curated pathways are more useful to biologists.

Our parameter tuning approach requires the inputs to the pathway generation algo-
rithm, a set of candidate parameter settings, and a set of pathways from a curated pathway
database. Pathway generation algorithms’ input typically consists of an interactome, such as
STRING (Szklarczyk et al., 2019), and a set of biological entities of interest, such as genes
or proteins. We refer to the pathways created by the algorithm as generated pathways and
the curated pathways as reference pathways. Pathway parameter advising uses a graphlet
distance-based estimator E to score each generated pathway’s similarity to the reference path-
ways. It uses these scores to return a ranking of the generated pathways (or their respective
parameter settings).

Pathway parameter advising is designed to be method-agnostic. It can be run with any
pathway reconstruction algorithm that generates pathways and has user-specified parameters.
Currently, pathway parameter advising is designed to examine undirected graphs, and

directed graphs are converted to be undirected while tuning.

Graphlet Decomposition

In order to topologically compare generated and reference pathways, we first decompose all
pathways into their graphlet distributions. A graphlet is a subgraph of a particular size within

a network. The concept of graphlets is similar to that of network motifs (Milo et al., 2002).
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However, network motifs typically refer to graphlets that appear in a network significantly
more often than expected by chance.

Original work with graphlets only considered connected graphlets to better capture local
topology (Przulj et al., 2004). However, we use both connected and disconnected subgraphs,
thus allowing all possible combinations of nodes in a pathway to be considered a graphlet.
This allows our parameter ranking to capture global topological properties such as pathway
size in addition to local topology. One disadvantage of disconnected graphlet counts is that
the counts of disconnected graphlets, such as the graphlet containing 4 unconnected nodes,
grow at a much faster rate than those of connected graphlets in sparse networks. However,
this disadvantage does not adversely affect our ranking metric (Section 2.6).

Pathway parameter advising uses the parallel graphlet decomposition library (Ahmed
et al., 2015) to calculate counts of all graphlets up to size 4 in a pathway. This constitutes 17
possible graphlets (Figure 2.3). We convert these counts into frequencies and represent each
pathway by a vector of 17 values between 0 and 1. This vector, referred to as the graphlet
frequency distribution, summarizes the topological properties of a pathway, allowing us to
quantify topological similarity.

Graphlets of up to size 4 were chosen to balance expressiveness and computational cost.
Preliminary analyses found that Kegg pathways represented using an only size 3 graphlet
decomposition clustered differently than Kegg pathways represented using an only size 4
graphlet decomposition. This suggested that the combination of multiple graphlet sizes
would aid in the expressiveness of the final metric, as different sizes of graphlets create
different topological embeddings. However, larger sized graphlets become computationally

infeasible to calculate.

Distance Calculation

To calculate the topological distance between two pathways, we take the pairwise distance of
their graphlet frequency distributions. For pathways G and H, we denote their frequencies of

graphlet i as F;(G) and F;j(H ), scalars between 0 and 1. We then define the graphlet frequency
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Figure 2.3: Pathways are decomposed into these 17 graphlets for graphlet frequency distance

calculations.

distance D(G, H) as

D(G, H) = 127 IFi(G
=1

) — Fi(H)|

This differs from relative graphlet frequency distance, which log transforms and scales the raw

graphlet counts (Przulj et al., 2004). We considered other graphlet-based metrics such as a

variation of relative graphlet frequency distance and graphlet correlation distance (Yaveroglu

et al., 2014) but found that they performed worse in our preliminary analyses (Figure 2.4).

Parameters and Default

Algorithm Description Range Tested
Values
PathLinker (Ritz | Connects receptors to transcriptional reg- | k (default=100) : Number of 1-1000
etal., 2016) ulators via weighted k-shortest paths. shortest paths.
NetBox (Ce- Hierarchically constructs network using | p (default=0.05) : p-value
rami et al, . . 0-1
2010) a hypergeometric test. threshold for adding an edge
B (default=1): relative
Prize- weight of the node prizes | 0-5
Colllectmg Assigns prizes to nodes and costs to versus edge costs
Steiner For- : : w (default=6): cost of
edges; solves for highest scoring subnet- ) -
est (Tuncbag work with messaee passing aleorithm adding an additional tree to | 0-10
et al, 2013, © €58age passing a'go " | the solution network
2016) p (default=0): degree 0-1
penalty
Minimum-Cost | Assigns edges costs and nodes as fl (default=10): amount of
) ow pushed through the net- | 1-50
Flow (Goldberg | sources and targets of flow. Finds the
. g . work from sources to targets
and Tarjan, | network that satisfies flow constraints (default=1): edge fl -
1990) for the least cost. ;aciteyau = edge ow | o5

Table 2.1: The 4 pathway reconstruction methods and the parameters tuned for each.

Ranking Parameters

After calculating the graphlet frequency distribution for each generated and reference pathway,

we can rank parameter settings by their mean graphlet frequency distance to the reference
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Figure 2.4: Examining the effect of different graphlet-based distance metrics on the adjusted
MCC of pathway reconstruction. Reconstructions were performed on the validation pathways
Wnt, TNF Alpha, and TGF Beta across the 4 pathway reconstruction algorithms. We examined
3 graphlet-based metrics for pathway parameter advising: normalized graphlet frequency
distance (NGFD), graphlet correlation distance (GCD), and graphlet frequency distance
(GFD). For NGFD, we wanted to explore a metric that takes advantage of all generated
pathways being sub-networks of the same interactome. Thus, we normalized all graphlet
frequencies by the corresponding graphlet’s frequency in the interactome. We also explored
GCD, which measures the correlation between connected graphlets in a pathway (Yaveroglu
et al., 2014). This creates a metric that is solely focused on local topology and has minimal
information about pathway size or other global topological properties. Adjusted MCC was
calculated the same way as in Section 2.6. GFD outperforms the other methods. One possible
reason for GFD outperforming more complex methods like GCD is that GCD attempts to
eliminate the signal of global topological properties such as size and give information on
graphlets only. Some signal of global topology, however, likely aids in identifying which
pathways are similar to reference pathways.

pathways to get E. When calculating this aggregate distance, we only consider the 20% closest
reference pathways to the generated pathway. It is motivated by not requiring a generated

pathway to be similar to every reference pathway, but instead similar to at least some reference



22

[

Caaullir |BETT

s, - by k k
&F {\\(o ¥ vé{’ F & @ qu 1‘){'0 qu X2 bC)Q’ &?R be'q @ N Q}Q’Q
& K\ SR 3 .
N s oL @b ) - NG b"? A& . N2 NN N NG &
g SO g s B CYSEMEC T Y A %

A
Graphlet

Figure 2.5: Contribution of each of the 17 graphlets to graphlet distance across the NetPath
validation pathways Wnt, TNF alpha, and TGF beta and 4 pathway reconstruction algorithms.
Graphlets are labeled as according to Ahmed et al. (2015). The 4 disconnected nodes graphlet,
4_indep, has a median contribution of about 30% of the GFD. Boxplots are filled in from the
first to third quartiles with a line at the median, and whiskers representing 1.5 times the
interquartile range.

pathways. Thus, a pathway G’s score E(G) is calculated as

E(G) = Z D(G,r)

r€Rtop

where Ry, is the set of the 20% closest reference pathways to G. The pathways, or equivalently
the parameters used to generate those pathways, are sorted by F(G) in descending order.
Once the final ranking is created, the top generated pathway can be used for downstream
analysis. Alternatively, for pathway reconstruction algorithms where it is common to create
an aggregate network of multiple pathways, the top n pathways can be combined in an

ensemble.
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2.4 Pathway Reconstruction Methods

Pathway reconstruction algorithms were chosen to have a wide range of methodologies,
from NetBox's statistical test to PathLinker’s weighted shortest paths algorithm. We used the
following 4 methods for our implausible pathway detection and reconstruction experiments.
These methods and the parameters tested are summarized in Table 2.1.

PathLinker: PathLinker (Ritz et al., 2016) constructs pathways based on a weighted £ short-
est paths algorithm. It finds paths between sets of receptors and transcriptional regulators,
similar to the source and target nodes in minimum-cost flow. It is controlled by the parameter
k, which defines how many paths to return in the final network. We varied & from 1 to 1000
in increments of 1. We used PathLinker version 1.1 for all analyses.

NetBox: NetBox (Cerami et al., 2010) hierarchically constructs networks from a set of
input nodes. At each iteration, it searches for nodes that connect two nodes in the current
network. It then chooses to add these linker nodes to the network based on the results of a
hypergeometric statistical test comparing the degree of the linker node to how many nodes
in the pathway it connects. NetBox is controlled by the parameter p, a p-value cut-off, which
sets the threshold for whether or not linker nodes should be included. We varied p from 0 to
1 on a log scale from 1 x 107" to 1 in increments of half an order of magnitude, giving a total
of 60 steps. We used NetBox version 1.0 for all analyses.

Prize-Collecting Steiner Forest: In PCSF (Tuncbag et al., 2013, 2016; Kedaigle and Fraenkel,
2018), nodes are assigned prizes and edges are given costs. More details of PCSF are stated
about in Section 2.1. We varied 3 PCSF parameters: 3, which controls the relative weight of
the node prizes versus edge costs was varied from 0 to 5 in increments of 0.5; u, which affects
the penalty for high-degree nodes was varied from 0 to 1 in increments of 0.1; and w, which
controls the cost of adding an additional tree to the solution network was varied from 0 to 10
in increments of 1. We used version 1.3 of the msgsteiner message-passing algorithm and
version 0.3.1 of OmicsIntegrator for all analyses.

Minimum-Cost Flow: The minimum cost flow problem assigns certain nodes in the network

to be “sources” and others to be “targets”. Edges, which transport the flow from node to
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node, have a cost associated with using them and a capacity of how much flow they can hold.
The solution is the network that satisfies the flow requirements of the source and target nodes
while using lowest cost in edges (Goldberg and Tarjan, 1990). We implemented a version of
min-cost flow using the solver provided in Google’s OR-Tools?, which solves the min-cost flow
problem using the algorithm outlined in Biinnagel et al. (1998). This is a generic version of
the algorithm used in ResponseNet (Basha et al., 2013). Two parameters control the min-cost
flow solution: the total flow through the network, which we vary from 1 to 50 in increments
of 1, and the edge flow capacity, which we vary from 1 to 25 in increments of 1. We used

Google’s OR-Tools version 7.1.6720 for all analyses.

2.5 Experimental Setup

Parameter Selection Methods

We consider the following parameter selection strategies from the literature to evaluate our
pathway parameter advising approach:

Cross-validation: Cross-validation (CV) involves splitting the input data into training and
testing sets multiple times for each parameter setting. A method is then fit or trained on each
training set and evaluated on each respective testing set. In this problem setting, we do not
have external ground truth with which to evaluate the predictions on test set data. Instead,
we performed 5-fold CV on subsets of the input data, choosing the parameter values that
generate a pathway from the training set nodes that recover the highest proportion of the test
set nodes.

ResponseNet recommendation: We also tested a parameter selection heuristic used by Re-
sponseNet (Yeger-Lotem et al., 2009). The criterion is to select parameters that result in a
pathway that includes at least 30% of the input set, while having the lowest proportion of
low confidence edges. We extend this to rank the pathways that do include 30% of the inputs
by their proportion of low confidence edges, followed by the pathways that include less than

30% of the inputs to form a full ranking.

*https://developers.google.com/optimization/flow/mincostflow
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Randomization stability: As suggested by Kedaigle and Fraenkel (2018), for PCSF we
can also rank pathways by their robustness, as measured by how often nodes appeared in
multiple runs with small random perturbations to the scores on the input nodes. Ranking
pathways this way was only available in PCSF. Although it could be adapted to other pathway
reconstruction methods, we decided to use it only in the method for which it was directly

implemented.

Datasets
Interactomes

For both PathLinker and NetBox, we used the interactome included as a part of their software
packages. For PCSF and min-cost flow, we used an interactome from Koksal et al. (2018)
that merged protein interactions from the iRefIndex database v13 (Razick et al., 2008) and
kinase-substrate interactions from PhosphoSitePlus (Hornbeck et al., 2014). This resulted in

a network with 161901 weighted edges.

Pathway databases

All parameter tuning was performed with Reactome as the set of reference pathways. Re-
actome (Fabregat et al., 2018) is a database of manually curated pathways, including 2287
human pathways. Reactome is open-source, where all contributions must provide literature
evidence and are reviewed by an external domain expert before being added. Pathways
smaller than 15 nodes were excluded as too small for meaningful interpretation.

The implausible pathway detection and reconstruction experiments were performed on
pathways from the NetPath database. NetPath is a collection of 36 manually curated human
signal transduction pathways (Kandasamy et al., 2010). We used 15 NetPath pathways that
contain at least 1 receptor and transcriptional regulator and are sufficiently connected, as
described by Ritz et al. (2016). We designated 3 of these NetPath pathways as validation
pathways: Wnt, TGF Beta, and TNF Alpha. Validation pathways were used to guide the

choice of distance measure, and the remaining 12 pathways were reserved for a quantitative
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evaluation. We sampled the NetPath pathways in different ways for each pathway recon-
struction algorithm to provide inputs in their expected formats. PCSF and NetBox do not
require sources and targets, so we randomly sampled 30% of the pathway nodes as input. We
also assigned each input a random prize sampled uniformly between 0 and 5 for PCSF. For
PathLinker and min-cost flow, which require sources and targets, we selected all transcription

factors and receptors for each pathway as outlined by Ritz et al. (2016).

Influenza host factors

Influenza host factor data was gathered from a meta-analysis of 8 RNAi studies (Tripathi
et al., 2015). The meta-analysis used the raw RNAi screen data to calculate a consolidated Z

score for a total of 1257 host factor genes.

Implausible Network Criteria

In order to examine the ability of pathway parameter advising to avoid parameter settings that
lead to impractical pathways, we created topological criteria that we use to define pathways
as plausible or implausible. We use these criteria as a heuristic to label pathways as positive
(plausible) or negative (implausible). The labels enable us to evaluate pathway rankings as a
classification problem, determining if a method can correctly classify pathways as plausible
or implausible. These criteria are based on previous analyses of biological network, and are
as follows:

Size: We allowed pathways that had between 10 and 1000 nodes. Pathways whose size
was outside this range are not practical for hypothesis generation and downstream analysis.

Hub node dependence: A common issue with pathway reconstruction algorithm is an over-
reliance on high-degree or hub nodes, which can create networks consisting almost entirely of
a single node and its neighbors with few to no connections between those neighbors (Kedaigle
and Fraenkel, 2018). We score this using the ratio of the degree of the highest degree node to
the average node degree of the entire pathway. If the highest degree node has over 20 times

more edges than the average node in the pathway, we consider that pathway implausible.
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Clustering coefficient: Biological networks have been found to have clustering or community
structure that is hierarchical (Ravasz et al., 2002); communities within the network exist at
multiple scales and are often nested within each other. Thus, it would be reasonable to expect
a plausible biological pathway to have at least a moderate level of community structure. We
calculate the average clustering coefficient of all nodes in the pathway, a common metric for
measuring community structure (Barabdasi and Oltvai, 2004). The clustering coefficient of
a node is the proportion of its neighbors that are also neighbors of each other. This can be
averaged over all nodes in the pathway as a measure of the overall level of clustering. We
require pathways to have an average clustering coefficient of at least 0.05, as we expect at
least some small level of clustering to exist. Because this requirement eliminated all PCSF
pathways in 25% of tasks, when evaluating PCSF we excluded this metric in all cases.

Assortativity: A network’s level of assortative mixing is defined as the tendency of high
degree nodes to be connected to other high degree nodes. Biological networks have been
found to be generally dissasortative, meaning that high degree nodes tend to be connected to
low degree nodes (Newman, 2002; Albert et al., 2011). Assortativity is measured between
—1 and 1, where assortative networks have positive values and dissasortative networks have
negative values. This value can be viewed as the correlation between a node’s degree and its
neighbor’s degrees within the pathway. We consider networks with assortativity between —1
and 0.1 plausible to allow for some leeway in pathways being slightly assortative.

We selected these criteria based on attributes it would be reasonable to expect a biological
pathway to have, with values supported by the literature where possible. These thresholds
were not influenced by the graph topologies in the reference pathway database in order
to minimize circularity between the reference pathway-based rankings and the plausibility
criteria used to evaluate those rankings.

While the criteria for defining a plausible network are useful for comparing networks
created by the same method with different parameter settings, they should not be considered
as a metric for comparing pathways across pathway reconstruction methods. Different

pathway reconstruction methods are able to use different sources of information and have
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complex strengths and weaknesses beyond the local topologies they return. For instance,
NetBox, which had the highest proportion of plausible pathways, cannot take into account
information such as edge confidence or scores on proteins of interest that other methods such
as PCSF can. Although they are useful for evaluation, these properties are a binary way to
define as a baseline if a pathway is reasonable or unreasonable. Thus, they could not be used

to rank pathway reconstruction parameters themselves.

Criteria Grid Search

In order to make sure that our experimental results are not overly sensitive to the specific
choice of cut-offs for pathway plausibility, we tested other cut-offs in a grid search. We varied
the maximum network size cut-off from 200 to 2000, the hub node dependence measure from
5 to 50, the clustering coefficient cut-off from 0.0 to 0.1, and the assortativity cut-off from —0.5
to 0.5. Each range was divided into 10 intervals, for a total of 10000 sets of plausibililty cut-

offs. Figures 2.9 and 2.6 evaluate the pathway reconstruction methods across these different

thresholds.
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Figure 2.6: Performance of parameter selection methods on avoiding implausible networks
aggregated for all considered 10000 plausibility criteria. AUPR is shown for all 12 NetPath
pathways and 4 pathway reconstruction methods.
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Matthew’s Correlation Coefficient

In the NetPath evaluation, we used Matthew’s Correlation Coefficient (MCC) to quantify the
quality of generated pathways (Matthews, 1975). MCC is a metric that ranges between —1
and 1, where 1 indicates a perfect binary classification and —1 indicates a complete inverse
classification. It can be viewed as the correlation between the predicted and true labels in
a classification task. MCC has been shown to be well suited to evaluate classification in
imbalanced settings (Boughorbel et al., 2017). When calculating performance, we consider
all edges in a NetPath pathway as the positive set and all other edges as the negative net.
MCC is defined as

TP-TN —-FP-FN

Mee = J(TP+ FP)(IP + FN)(IN + FP)(IN + FN)

where TP is the number of true positives, FP is the number of false positives, TN is the number
of true negatives, and FN is the number of false negatives. When comparing MCC values
of multiple pathways and methods, we normalized MCC values by the best possible MCC
among all tested parameter values for that pathway and method. We refer to this value as

the adjusted MCC.

Enrichment Analyses

GO (The Gene Ontology Consortium, 2018) and KEGG pathway (Kanehisa and Goto, 2000)
enrichment was carried out with DAVID v6.7 (Huang et al., 2008). Enrichment was performed
using GO biological process terms and all KEGG pathways. Thresholds for term inclusion

were set to a count of 2 and an EASE score of 0.1.

Pathway parameter advising implementation

A Python implementation of pathway parameter advising is available at https://github.
com/gitter-lab/pathway-parameter-advising under the MIT license. While the v0.1.0

release of the pathway parameter advising software supports Python v3.6, the original com-


https://github.com/gitter-lab/pathway-parameter-advising
https://github.com/gitter-lab/pathway-parameter-advising
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putations for the results here used Python v2.7.16 and Anaconda version v2019.03. The
following package versions were used: pandas v0.24.2, networkx v2.2, numpy v1.16.2, mat-
plotlib v2.2.3, and seaborn v0.9.0. The Parallel Graphlet Decomposition library was pulled
from GitHub on April 30, 2019.

2.6 Results

Because pathway reconstruction is an exploratory analysis and our goal is to maximize
downstream biological utility, which cannot be directly quantified, we resort to multiple
indirect approaches to evaluate pathway parameter advising. We first ensure that the graphlet
distance ranking metric has desirable properties. It is not overly sensitive to the disconnected
graphlets and shows that reference pathways are similar to one another. We then use the
literature to define topological graph properties that make a candidate pathway biologically
implausible and show that pathway parameter advising can optimize pathway reconstruction
algorithms to avoid implausible pathways. Next, we demonstrate that we can improve the
reconstruction of NetPath pathways by comparing predicted pathway edges with the NetPath
ground truth. Finally, we show how pathway parameter advising can be applied in practice

and generate an influenza host factor pathway from RNAi screens.

Evaluating the Ranking Metric

In order to determine the validity of our pathway ranking metric, we first examined the
overall distribution of graphlet distances (E(G) in Section 2.3) across all pathway reconstruc-
tion methods and Reactome pathways with added noise. We added noise to pathways by
removing a percentage of all edges in the pathway, then adding back that many edges that
did not appear in the original pathway. We also calculated the graphlet distance between
each Reactome pathway and all of the other Reactome pathways. Figure 2.7 shows these
distributions of graphlet distances. Reactome pathways had a lower mean distance than
any set of reconstructed pathways, confirming that our metric ranks curated pathways over

reconstructed pathways.
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Figure 2.7: Distribution of graphlet-based distances (E(G)) for all reconstructed pathways,
Reactome pathways, and Reactome pathways with added noise. Reactome pathways were
excluded from their own distance calculation. Vertical dashed lines show the mean graphlet
distance. Reactome pathways were found to have the lowest mean graphlet distance, con-
firming that our method ranks curated pathways over reconstructed pathways.

In order to examine the possibility that unconnected graphlets dominate the ranking
metric, we first examined the breakdown of total graphlet distance by each of the individual
graphlets in Figure 2.3. Figure 2.5 shows the contribution of each graphlet to the ranking
metric. While a single graphlet, the 4 unconnected nodes graphlet, does have the largest
contribution to graphlet distance, its median contribution to the ranking metric’s value is only

30%. Because biological pathways tend to be sparse, this graphlet count scales with pathway
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size. Thus, pathway size may contribute to approximately 30% of the ranking metric.

To confirm that this graphlet was not negatively impacting our ranking metric, we also
examined its contribution to implausible pathway detection performance as described in
Section 2.6. We used the NetPath pathways Wnt, TNF alpha, and TGF beta as validation
pathways to evaluate different graphlet metrics and develop pathway parameter advising.
These 3 validation pathways are excluded from all aggregate results. On these 3 held aside
NetPath pathways, we found that using the 4 unconnected nodes graphlet alone resulted in

poor performance and that its inclusion moderately boosts performance.

Implausible Pathway Detection

In order to evaluate pathway parameter advising, we considered its ability to avoid im-
plausible networks. While it is difficult to define a single best pathway in the context of an
exploratory analysis, some pathways are clearly biologically unrealistic, infeasible to analyze,
or not useful for downstream analysis. Thus, pathway parameter advising should consistently
rank parameter settings that lead to plausible networks above those that lead to implausible
networks.

We applied the four pathway reconstruction methods to sampled NetPath pathways
(Section 2.5) to reconstruct the 15 pathways, following the evaluation approach used by
PathLinker (Ritz et al., 2016). This resulted in 60 parameter tuning tasks across the 15
pathways and 4 pathway reconstruction methods.

In these experiments pathways considered plausible, as defined in Section 2.5, are treated
as the positive set. Pathways defined as implausible are the negative set. We then used
precision-recall (PR) curves to evaluate how well pathway parameter advising and alternative
parameter selection strategies distinguish plausible from implausible networks. Parameter
selection methods that rank plausible networks above implausible networks will have a higher
area under the PR curve (AUPR). Individual PR curves can be found at Magnano and Gitter
(2021).

Figure 2.8 shows the distribution of AUPRs across the 4 pathway reconstruction methods.
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Figure 2.8: Performance of parameter selection methods on avoiding implausible networks.
Boxplots represent the distributions of the AUPRs aggregated for 4 pathway reconstruction
methods and 12 test pathway reconstructions from the NetPath database. Degenerate cases
where all or no pathways met the plausibility criteria are excluded. Full results, including
the 3 validation pathways and degenerate cases, can be found in Magnano and Gitter (2021)

Different methods also had varying proportions of networks identified as plausible, with
min-cost flow having the lowest mean proportion at 11% and NetBox with the highest at 89%.
Among the 12 test pathways, pathway parameter advising has the highest median AUPR for
each pathway reconstruction method.

Of the 36 cases where AUPRs could be compared (both plausible and implausible path-
ways were present), pathway parameter advising had the highest AUPR in 30. Cross-
validation had the highest AUPR in the other 6. The impact of the choice of parameter
ranking strategy is most stark for PCSF, where graphlet frequency distance has perfect AUPR
in almost all pathways and the other approaches struggle. Not only did pathway parameter
advising have the highest median AUPR, but its performance was the most consistent; it had
the lowest variance in AUPR across all tasks.

In order to make sure that performance was not overly influenced by our specific choice
of criteria for plausible and implausible networks, we then varied the plausibility cut-off for
each of the 4 topological properties we considered in Section 2.5 in a grid search, resulting
in a total of 10000 configurations. Figure 2.9 shows the AUPR of each parameter ranking
method as the plausibility cut-off for each topological feature is varied, and aggregate AUPR
values are shown in Figure 2.6. Pathway parameter advising outperforms all other parameter

ranking methods on average at each cut-off value.
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Figure 2.9: Performance of parameter selection methods on avoiding implausible networks as
the cut-off for plausibility is varied across different topological features — clustering coefficient,
pathway size, hub node dependence, and assortativity — as described in Section 2.5. Lines
show mean AUPR over the varied cut-offs for the other 3 topological features for all 12 NetPath
pathways and 4 pathway reconstruction methods.

NetPath Pathway Reconstruction

Having achieved our primarily goal of accurately prioritizing parameters that generate plau-
sible pathways, we also evaluated the quality of the pathway reconstructions themselves. We
compared pathway parameter advising to the alternative ranking methods and the default
parameters. In these experiments we define all pathway edges in the NetPath pathway as
a positive set and all other edges as a negative set. We then compared the ability of path-
way parameter advising and other parameter ranking methods to promote reconstructed
pathways that closely resemble their NetPath equivalent.

Figure 2.10 (left) shows the adjusted MCCs of all 48 pathway reconstruction tasks. While
pathway parameter advising has the highest median adjusted MCC, the parameter selection
method has less impact on MCC than it did on pathway plausibility (Figure 2.8). When
stratified by pathway reconstruction algorithm, pathway parameter advising has the highest

median adjusted MCC for PCSF and PathLinker. CV has the highest adjusted MCC in min-
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cost flow and NetBox. Of the 48 reconstruction tasks, pathway parameter advising had the
highest median adjusted MCC 21 times, while CV had 13, default parameters had 9, and the
ResponseNet ranking had 8, including 3 cases where 2 methods tied.

Figure 2.10 (right) shows the distribution of best possible MCCs for all reconstruction
tasks, including the 3 validation pathways. The best possible MCC was greater than 0.3 in
only 4 of the 60 cases, and it was never greater than 0.4. Given these low unadjusted MCC
values and the overall objective of our study, the implausible pathway detection experiment

is a better indicator of method performance.
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Figure 2.10: Left: Adjusted MCC of parameter selection methods on reconstructing 12 test
pathways from the NetPath database across 4 pathway reconstruction methods. MCCs were
normalized to the highest possible MCC within a given pathway reconstruction method
and pathway. Right: The highest possible MCC of pathway reconstruction in 60 parameter
sweeps across 4 pathway reconstruction methods and 15 NetPath pathways (validation and
test). The MCC values are generally low, reflecting low overlap between the predicted and
NetPath pathway edges.

Influenza Host Factor Pathway Reconstruction

To demonstrate how pathway parameter advising can guide the biological interpretation
of omic data, we reconstructed an influenza host factor pathway. Our aim was to create
a pathway that represents aspects of influenza’s infectious activities and could lead to the
discovery of new host factors or host factor regulators. We created an influenza host factor
network using the 1257 host factors from a meta-analysis of 8 RNAi screens (Tripathi et al.,

2015). These host factors were given as input to PCSF, using the same range of possible
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parameter settings as in the other experiments. We used the magnitude of the consolidated Z

scores given in the meta-analysis as node scores (see Section 2.5).

After creating the candidate host factor pathways, we ranked the parameter settings using

pathway parameter advising. Figure 2.11 (left) shows the PR curve of different parame-

ter ranking methods’ ability to avoid implausible networks. Pathway parameter advising

ranked the pathways almost perfectly, with an AUPR of 0.96, while other parameter selection

methods had more difficulty separating implausible from plausible networks. CV and the

ReponseNet rankings performed worse than the random baseline. This demonstrates that

pathway parameter advising performs well not only on simulated data from NetPath but also

on data aggregated from real high-throughput experiments.
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Figure 2.11: Left: Precision-recall curve for implausible networks in PCSF influenza host
factor network construction. Right: A component of the influenza host factor ensemble
pathway created from the top 50 PCSF parameter settings ranked by pathway parameter
advising. This component represents 12 of the 86 total nodes in the pathway (Figure 2.12).
Host factor nodes provided as input are shown in blue, while green nodes are “Steiner” nodes

that PCSF predicts to connect the host factors.

We also created three ensemble networks from the resultant pathways from the top,

middle, and bottom 50 parameter settings ranked by pathway parameter advising. As

discussed in Section 2.2, ensembling networks is a common way to use PCSF. Thus, we

expect the top 50 ensemble pathway to be best for downstream analysis and interpreting the

input host factor data. Of the 3 constructed ensemble pathways, the pathway made from
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the 50 highest ranked parameters contains 86 nodes. The middle ranked and low ranked
ensemble pathways have 7337 and 15 nodes, respectively (Figure 2.12). The middle ranked
pathway is too large to interpret and does not provide meaningful new insights into the
relationships among host factors. The low ranked pathway is too small to illuminate new
biological hypotheses. The top ranked pathway, however, is large enough for meaningful
enrichment and downstream analyses while remaining small enough to be feasible.

We then performed a gene set enrichment analysis on the top ensemble pathway using
DAVID (Huang et al., 2008) (Section 2.5). We tested both Gene Ontology (GO) biological
process terms and KEGG pathway enrichment. Full enrichment results can be found in
Magnano and Gitter (2021). The top 2 KEGG pathways enriched were RNA transport and
influenza A. The influenza A pathway being enriched is a confirmation that our ensemble
pathway is representing influenza processes well.

The RNA transport pathway enrichment captures one unique aspect of influenza A. It
replicates within the nucleus, so it has complex processes for transporting viral RNA in and
out of the nucleus (Dou et al., 2018). Similar concepts are observed in the top 2 enriched GO
terms, mRNA and tRNA export from nucleus. We also see other general viral GO terms, which
confirm the top ranked pathway’s representation of influenza, such as viral transcription and
intracellular transport of virus.

Figure 2.11 (right) shows one connected component representing 12 of the 86 nodes
from the top ranked ensemble pathway. One node in particular, NXT2, was not among
the original host factors but was identified as a possible host factor in a later genome-wide
CRISPR/Cas9 screen (Han et al., 2018). This demonstrates how pathways chosen through
pathway parameter advising could guide new discoveries.

The influenza study also illustrates the danger of running pathway reconstruction methods
with default parameters alone. The PCSF network constructed using default parameters had
6676 nodes, which is too large to feasibly interpret. We then looked into the role of NXT2 in
the default parameters network. Figure 2.13 shows the subnetworks of the default parameters

network for all nodes reachable within 2 and 3 edges of NXT2. As opposed to a functionally
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cohesive subnetwork, NXT2 only connects to a high-degree node. This node then connects to
APP and SUMO?2, which are the 2 highest degree nodes in the interactome. This results in
727 nodes being within 3 edges of NXT2, and is more likely an artifact of the PCSF algorithm
run with improper parameters than a meaningful biological pathway structure. This hub

based structure gives much less insight into the role of NXT2.

2.7 Conclusions and Future Work

Pathway parameter advising selects parameters that lead to useful, plausible networks for a
variety of pathway reconstruction algorithms. This parameter tuning approach is algorithm-
agnostic and uses background knowledge in the form of pathway databases to succeed in
selecting reasonable pathways during pathway reconstruction.

Many of the networks down-ranked by pathway parameter advising, such as pathways
with many thousands of nodes or a network consisting only of a single node and its neighbors,
seem obvious to avoid. Typically, these types of generated pathways are ignored through
a process of manual trial and error. Any manual step in the network analysis could lead to
human error, may accidentally introduce bias into the final pathway model, and limits the
number of parameter combinations that can be assessed. Therefore, automatically avoiding
these poor pathways is important. The specific choice of criteria for defining implausible
pathways was inconsequential. Pathway parameter advising excelled at implausible path-
way detection compared to other parameter ranking methods for all definitions. Pathway
parameter advising quantifies and deprioritizes implausible topologies without any human
intervention except for the inclusion of background knowledge.

In addition to avoiding implausible pathways, pathway parameter advising narrowly
performed best at reconstructing NetPath pathways. Although it was less clearly dominant
than in the implausible pathway detection experiment, this further highlights its effectiveness.
Much of the total performance is driven by how well pathway parameter advising performs
in PCSEF, though it is also the only one to be either the first or second highest performing for

all 4 pathway reconstruction methods. However, raw MCC values in many test cases were so
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low that differences in MCC were driven by only a few interactions, so this experiment alone
does not provide enough evidence to draw strong conclusions.

We also found that no single graphlet dominated our ranking metric. There are likely
two causes. In larger networks, such as complete protein interaction networks, disconnected
graphlet counts can dominate other graphlets by orders of magnitude (Johansson et al., 2015).
In contrast, the networks in biological pathway reconstruction tend to not be large enough
for the portion of unconnected graphlets in sparse graphs to completely dominate other
graphlets. In addition, our ranking metric only calculates distance from the closest 20% of
reference pathways. Thus, the signal of pathway size from the 4 unconnected nodes graphlet
guides the selection of the closest reference pathways to pathways of similar size. Within this
20%, other graphlets representing more local topology have a larger contribution.

Although we used different pathway databases in our experiments for reconstructing
pathways and the set of reference pathways, it is possible that some pathways are similar
across the NetPath and Reactome databases. Cross-database pathway similarity could cause
a version of the reconstructed pathway to be used as a reference pathway. However, even if
this is the case, the shared pathway would be 1 of the over 1000 Reactome pathways used as
a reference set. Thus, its effect on the ranking metric would be negligible.

In both experiments, other parameter selection methods especially struggled choosing
parameters for PCSF. Finding a good parameter setting for a method with multiple, complex
parameters like PCSF can be especially difficult and important and is where pathway parame-
ter advising is most useful. In contrast, a method like PathLinker contains a single parameter,
which monotonically increases pathway size. Changing the parameter value has a relatively
predictable effect.

There are some drawbacks to pathway parameter advising. It requires a parameter sweep
as opposed to a single run with the default parameter setting. This greatly increases overall
runtime for some pathway algorithms. Because pathway parameter advising is algorithm-
agnostic, it makes no assumptions about the parameter space it is optimizing. Thus, pathway

parameter advising has no way of knowing if the set of parameters considered is broad
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enough to find the optimal pathway. However, it is worth noting that all other parameter
selection methods tested except for the default parameters suffer from this drawback as well.

Another issue is that pathway parameter advising is dependent on a database of reference
pathways. The popular pathway database Reactome works well in analyses here. However, if
the optimal predicted pathway is reasonable but outside the range of topologies seen among
the reference pathways, it would be overlooked.

Our distance metric focuses only on topology and does not include any information about
the biological context. ResponseNet (Basha et al., 2019) and PathLinker (Youssef et al., 2018)
extensions consider tissue-specificity and protein localization context, respectively. A possible
extension of pathway parameter advising would be to account for this information, such
as adding a penalty for interactions that occur in different tissues or cellular compartments.
Similarly, we used the entire Reactome database as the reference pathways. Limiting the
reference pathways to a certain process or function, such as signal transduction or disease,
could allow pathway parameter advising to select pathways more similar to a domain of
interest. In addition, instead of computing graphlet distance using 20% of all reference
pathways, we could first cluster the reference pathways and consider the distances only to
pathways in the most topologically similar cluster.

Another possible class of graph distance metrics are those based on graph matching (Xu
et al., 2021), subgraph matching (Tian et al., 2007), or network alignment (Guzzi and
Milenkovi¢, 2018; Ma and Liao, 2020). These methods seeks to find a 1:1 correspondence
between 2 networks or between subgraphs within 2 networks, and the resultant matching
or approximate matching can be used to compute a distance between networks such as edit
distance (Wang et al., 2019). These matching-based distances could provide a distance that is
more biologically informed, as pathway members could be directly compared between the
constructed pathway and the reference pathway. However, these distance metrics might over-
constrain constructed pathway topologies, not allowing for unexpected subgraph structures

to be in the chosen pathway.
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Figure 2.12: Influenza host factor networks created from ensembling PCSF runs. The resulting
pathways from the top 50, middle 50, and bottom 50 parameter settings as ranked by pathway
parameter advising. All connected components over 3 nodes are shown.
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Figure 2.13: All nodes within distance 3 (left) and distance 2 (right) of NXT2, highlighted
in orange, in the PCSF influenza host factor network constructed from default parameters.
Using the default parameters alone resulted in a large hub-node focused network with little
useful biological insight.
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Chapter 3

Predicting localization within pathway

context

3.1 Motivation and Related Work

Cellular state is dictated by a host of potential factors, from chromatin accessibility to protein
abundance. Bringing additional sources of information to bear in biological analyses can
elucidate these factors role and provide explanation for biological phenomena. One important
factor in biological function is the physical location of proteins within the cell. Cells are com-
partmentalized into numerous subcellular locations that provide the chemical environment
around proteins, informing their structure, and dictate which other proteins and biological
entities are available to interact with. How different proteins localize to different subcellular
compartments is a key layer of information for understanding cellular processes (Lundberg
and Borner, 2019).

Protein localization not only dictates protein interactions in normal cellular processes, but
also is an important factor that can contribute to abnormal cellular behavior. Diseases such as
Alzheimer’s, ALS, Wilson disease, and various forms of cancer all involve abnormal protein
localizations (Hung and Link, 2011). Therefore, knowing these non-standard localization

can give insight into how a disease is operating a cellular level, and which proteins may be
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key players.

Ideally, this localization information could be combined with pathway reconstruction
analyses. Thus a constructed pathway, which represents the cellular state being examined,
could be labeled with protein localizations within the context of that particular cellular state.
For example, during HIV-1 infection subcellular localization likely plays a role in regulating
viral assembly, and disrupting mRNA subcellular localization has been proposed as a possible
therapeutic strategy (Becker and Sherer, 2017). In the motivating HIV-1 work presented
in Section 2.1, localization information added to the reconstructed pathway could provide
additional information that leads to new theories or hypotheses about the process of HIV-1
infection. Therefore, localization information is needed in a form that can be contextualized
to a particular biological pathway.

Computational prediction of protein subcellular localization has traditionally been fo-
cused on predicting the possible set of all subcellular localizations a protein belongs to in
all biological processes it is a part of. There are a variety of features of protein structure and
sequence that inform the chemical environments it likely operates in, and the localization pro-
cesses it can participate in (Eisenhaber and Bork, 1998; Bauer et al., 2015). These predictions
can help infer protein function and potential protein-protein interactions.

There has been a substantial amount of work on the computational problem of predicting
the possible locations of a protein based on its sequence (Gardy and Brinkman, 2006; Imai
and Nakai, 2010; Alaa et al., 2019). These methods have used a number of machine learning
methods from logistic regression (Hua and Sun, 2001) to deep neural networks (Almagro Ar-
menteros et al., 2017). Many methods also incorporate additional information, such as gene
expression (Drawid and Gerstein, 2000) or GO annotations (Fyshe et al., 2008). Other meth-
ods incorporate network information (Ananda and Hu, 2010; Du and Wang, 2014; Garapati
et al., 2020; Grover and Gatto, 2022), using the localizations of neighboring proteins to aid in
localization prediction.

It is estimated that up to 50% of proteins localize to multiple cellular compartments (Thul

et al.,, 2017; Zhang et al., 2008). Though predictive methods tend to consider protein localiza-
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tion as static, localization in reality is a dynamic process mediated by a variety of physical
factors and biological processes (Bauer et al., 2015). While most predictive methods account
for this by treating localization prediction as a multi-label classification task, where proteins
can be assigned multiple localizations, these methods still inherently treat localization as un-
changing and without context. Contextual information such as tissue-type (Zhu et al., 2019)
has been explored in a predictive context, but proteins can change subcellular compartment
within the context of a single biological process in a cell. Single cells within same tissue have
been found to have different localizations (Lundberg and Borner, 2019).

There are also a variety of databases which contain protein-specific localization data,
such as MatrixDB (Chautard et al., 2010), Organelle DB (Wiwatwattana and Kumar, 2005),
Compartments (Binder et al., 2014), and ComPPI (Veres et al., 2015). These databases
range from primary, experimental sources of localization information to computationally
predicted localizations and databases combining multiple sources of information. Many
biological pathway databases also include localization information (Fabregat et al., 2018;
Wishart et al., 2019). Pathway databases typically contain more specific information than
protein-level databases; they provide localization information at the interaction level and
include information about non-protein biological entities. Interaction-level localizations allow
pathway databases to mostly circumvent the issue of multiple localizations at the protein level.
Localization can be treated granularly when addressed within a certain biological pathway
and at the point of a single interaction.

Many pathway databases, however, contain no localization information. For instance, of
the 8 pathway databases included in Pathway Commons, 2 are fully labeled with localization
information, 5 are partially labeled with localization information, and 1 contain no program-
matically available localization information. Thus, these databases cannot be relied upon
to provide localization information for all analyses. For visualization and exploratory or
other analyses context-free protein level data alone cannot be directly plugged into pathways
to give localization information. This is both because of the dynamic nature of subcellular

localization, and because many members of pathways are not proteins. Localization informa-
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tion may not be available for metabolites and other small molecules in biological pathways.
Furthermore, the previously mentioned issue of pathway specificity in Chapter 2 also inhibits
the usage of pathway databases in the context of localization. The cellular state of interest for
a particular biological experiment may not match any available pathway in the database.

Localization of proteins to multiple compartments, and most sources of localization
information presenting protein labels without specific context, both make the task of applying
localization information to a reconstructed pathway difficult. Any attempt to directly apply
information from protein-level databases to a reconstructed pathway would result in many
proteins having multiple localizations with no obvious way to choose one. There would also
be a significant proportion of missing information.

While there are experimental methods for determining localization (Lundberg and Borner,
2019) using mass spectrometry or cellular imaging, these methods can be expensive and
technically involved. Ideally, localization information could be added to an existing analysis
without the need for performing an additional experiment. However, current prediction
methods and localization data sources do not provide this information in specific functional
contexts or in a consistent, complete way.

Thus, there is a need for localization prediction at the pathway level. This context will allow
for examination of where proteins or other biological entities are when they are performing a
particular biological function, enabling the full utilization of localization data within biological
exploratory analyses. Pathway-specific localization prediction could provide a valuable
additional layer of information to biological analyses. We created a pipeline for prediction
localization at the interaction level within the context of a biological pathway. We explored a
variety of methods for performing prediction, and examined the methods’ performance on
interaction-level data from publicly available databases as well as in a case study involving

human cytomegalovirus infection over time (Jean Beltran et al., 2016).
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3.2 Interaction Localization Prediction

Given a biological pathway represented as a graph consisting of nodes and edges G = (N, E),
the goal is to predict one or more subcellular localizations for each edge e € E. To perform a
context-specific localization prediction, we consider subcellular location within a particular
biological pathway. Furthermore, as opposed to predicting localization at the protein level
we instead predict a localization for each edge in the pathway. Protein-level localization
information is used as input to the prediction task.

Thus, the pathway-specific subcellular localization task can be represented as the following
classification task:

Input: (1) A biological pathway represented as a graph consisting of nodes and edges
G = (N, E), and (2) protein level context-free localization information from a database for
each protein in the pathway.

Output: A single localization assignment for each interaction e € E.

We perform this prediction using three general categories of models: general classifiers,
probabilistic graphical models, and graph convolutional neural networks. Each of these
categories is explained in detail below.

Prediction at the interaction level has a number of advantages over protein-based local-
ization prediction. First, predicting localizations for each interaction is a more biologically
accurate depiction of subcellular localization. Proteins are not always in the same part of
the cell; however, in the context of a specific biological function a protein’s interaction with
another protein can be considered to occur in only a single location with little loss in pos-
sible accuracy. Thus prediction localizations for each interaction better represents cellular
processes than predictions at the protein level.

For example, in all Reactome and PathBank pathways, less than 5% of interactions occur
multiple times within a single pathway in different subcellular locations. This is opposed
to the estimations of the up to 50% percent of proteins which are estimated to localize to
multiple cellular compartments across all of their biological functions Thul et al. (2017). Thus,

in addition to being a more biologically accurate depiction of localization, interaction-based
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localization prediction circumvents issues with multiple localizations.

Finally, interaction-based localization prediction better integrates with representations
of biological pathways. Pathway databases such as Reactome and popular file formats for
biological pathways such as BioPax Demir et al. (2010) only allow proteins to be in a single
subcellular location. Multiple entities representing the same protein are used to represent
a protein being in different subcellular locations in different contexts. Interaction-based
prediction allows for direct use of these pathway models.

We used the biological pathway databases Reactome and PathBank as labeled data for
training and evaluation, much like in Chapter 2. While models were trained with this path-
way data, during inference the only available localization features are from protein-level
localization databases. No interaction-level or pathway-level localization data is included at

inference time as reconstructed pathways do not have any of this information.

3.3 Experimental Setup

Spatial Proteomics Case Study

MS Datasets: To investigate a possible use-case of pathway-based localization prediction, and
validate its performance, we performed localization prediction on proteomic quantification
of primary fibroblasts during human cytomegalovirus (HCMYV) infection (Jean Beltran et al.,
2016). Two mass spectromety quantification methods were used at 5 time points post infection:
24, 48,72, 96, and 120 hours post infection (hpi). The first of these datasets provides label-free
protein quantification at each timepoint. The other was quantified using isobaric labeling via
tandem mass tags (TMTs). These two datasets will be referred to as the label-free and the
TMT datasets, respectively.

Multi-organelle profiling was performed on the TMT dataset via gradient centrifugation
to fractionate organelles. This process partially separates organelles into a set of subcellular
fractions. While each of these fractions are not purely a single organelle, each organelle

contains a unique signature in its quantification across the subcellular fractions (Lundberg
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and Borner, 2019). A supervised learning model, in this case an ensemble of neural networks,
is then trained on the marker proteins and used to infer localization labels for the non-marker
proteins.

In the HCMV protein quantification a set of marker proteins were curated from Uniprot
subcellular location annotations with experimental evidence; proteins that were annotated
with multiple localizations were excluded from the marker set. Proteins that were not confi-
dently assigned to a particular organelle were left as unlabeled. There were 2730 proteins
in total, of which 1229 had localization labels at 24 hours post infection (hpi) and 1348 had
labels at 120hpi. 574 of these proteins were marker proteins. More details of the protein
labeling and quantification process can be found in (Jean Beltran et al., 2016).

Experimental Setup: We create the scenario where we wish to learn localization infor-

mation about HCMYV infection over time, but do not have access to spatial proteomic data
over the course of infection. Instead, we attempted to use pathway localization prediction
combined with a pathway reconstruction analysis to create context-specific pathways and
localization predictions. We then compared these prediction to subcellular localizations
found via spatial proteomics to evaluate our predictions.

To simulate the use of pathway localization prediction, we performed pathway recon-
struction on the label-free data set at the first and last timepoints (24hpi and 120hpi). The
best performing model from the pathway database experiments, the graph attention network
with the Compartments database as features, was then trained on the set of marker proteins
used in the original experiment and evaluated on all protein localization predictions from
multi-organelle profiling.

Pathway reconstruction: Pathway reconstruction was performed using the OmicsIntegra-

tor2 (Tuncbag et al., 2016) package. OmicsIntegrator2 performs pathway reconstruction via
the prize-collecting Steiner forest problem, which was introduced in Chapter 2. Pathway
reconstruction was setup using the SPRAS software package !. Protein fold-change was used

as prizes for both time points. We used the same interactome as in Chapter 2 originally from

"https://doi.org/10.6084/m9.figshare.14551476.v2
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(Koksal et al., 2018) that merged protein interactions from the iRefIndex database v13 (Razick
et al., 2008) and kinase-substrate interactions from PhosphoSitePlus (Hornbeck et al., 2014).
This resulted in a network with 161901 weighted edges. Pathway parameter advising Mag-
nano and Gitter (2021) was used to select the top 50 pathways from 1000 candidate parameter
combinations. w was tested between 1 and 10, § was tested between 1 and 5, and i was tested
between 0.1 and 1. Each parameter was evaluated at 10 increments across its range. Pathways
were constructed for the 24hpi, 48hpi, and 120hpi timepoints. The 48hpi pathways were
used as a tuning set for parameter selection in the final model. Tuning was performed using

Bayesian optimization as in the pathway database prediction experiment.

Data
Pathway Databases

Pathway datasets were constructed from the Reactome (Fabregat et al., 2018) and Path-
Bank (Wishart et al., 2019) databases. Pathways were downloaded from Pathway Com-
mons (Rodchenkov et al., 2019), and localization information was retrieved from BioPax
pathway representations using the PyBioPax? package v0.1.0. Reactome contains localiza-
tion information for all edges. PathBank, however, contains nodes and edges with missing
localization information. These missing data were excluded from all analyses.

The original pathways in both Reactome and PathBank are represented as hypergraphs,
where reaction edges can contain more than two nodes. PathwayCommons converts these
hypergraphs to graphs using different rules for different types of reactions®. This hypergraph
conversion can affect the resulting graph topology and class distribution. During preliminary
experiments we found that the hypergraph conversion resulted in an over-representation
of protein-complex edges. To represent a protein-complex that contains n proteins, the
hypergraph conversions creates an edge between every possible pair of nodes, resulting in
n? edges. For instance, in PathBank the pathway Protein Synthesis: Serine as a hypergraph

has 4 hyper-edges. However, when converted to a graph the pathway contains 3318 edges, of

“https://github.com/indralab/pybiopax
Shttp://www.pathwaycommons . org/pc2/formats
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which 3315 are of type “in-complex-with”. In Reactome after hypergraph conversion over
75% of edges among all pathways are of type “in-complex-with”. While this preserves protein
information, for an edge classification task this conversion results in highly skewed data.

We collapsed protein complexes into single nodes where possible in all pathways. This
was done by removing any node from a pathway if all of its edges were redundant with
the protein-complex’s edges. A single node for each complex was left in the pathway to
represent that complex. This significantly reduced the size of some pathways. For instance,
the Protein Synthesis: Serine pathway was reduced from 3318 to 14 edges. Though this loses
some node information, collapsing protein complexes resulted in pathways that more more
closely resembled the original hypergraph in both edge distribution and topology. Collapsing
protein complexes coincidentally slightly decreased class imbalance in Reactome.

After this protein-complex collapsing step, all pathways with fewer than 4 nodes were
excluded from the analysis. This resulted in 953 Reactome pathways and 467 PathBank
pathways.

Both pathway databases contain a highly skewed distribution of localizations across all
interactions. The rarestlocalization labels in both databases, secretory-pathway and nucleus in
Reactome and PathBank, respectively, occurs in less than 0.5% of all edges. The most common
localization, which is cytosol for both databases, consists of 38% of Reactome interactions

and 52% of PathBank interactions.

Protein Localization Databases

Two protein localization databases were used throughout all experiments, Compartments (Binder
et al., 2014) and ComPPI (Veres et al., 2015). ComPPI is a meta-database for protein sub-
cellular localizations. It combines data from 8 subcellular localization databases. It does
not include data from Compartments. Proteins are assigned scores for each of 6 subcellular
locations: cytosol, plasma membrane, mitochondrion, extracellular, nucleus, and secretory-
pathway. These 6 locations were used for all predictions; localizations for all other data

sources were mapped to these 6. ComPPI combines weights for different types of evidence
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across its data sources to give a probability of a protein to be found in a particular subcellular
location. All human ComPPI data was retrieved on 2020-11-09.

Compartments is a protein subcellular localization database that combines data from 4
different types of data: database annotations, experimental screens, automated text mining,
and predictive sequence-based models. Each data source is given a confidence score between
1 and 5 based on the level of evidence. Compartments assigns proteins to 1 of 11 subcellular
locations. These 11 locations were mapped to the 6 localizations in the ComPPI database. All

Compartments data was retrieved on 2021-09-29.

Uniprot Keyword Features

To explore the utility of additional protein data in predicting localization data, Uniprot key-
words were collected for all human proteins. Uniprot keywords are a controlled hierarchical
vocabulary that represent a variety of protein categories such as molecular function, disease
participation, structural features, and biological processes. These keywords are manually
assigned and include localization data. While Uniprot keywords provide a range of protein-
level data, they consist of hundreds of terms, many of which are only used by a handful of
proteins. Thus, they are impractical to use directly as features.

Keywords were converted into features through dimensionality reduction. Principal
component analysis was performed on all keywords present in at least 5% of human proteins.
Technical keywords such as “3D-Structure” and “Reference proteome” were excluded as
not pertaining directly to the protein itself. Each protein was then represented by the first 6
components, chosen by a dropoff in explained variance after the first 6 components. The most
important keywords for these components represented a variety of biological concepts; from
functional categories such as “Tumor suppressor” and “Lipid biosynthesis” to structural fea-
tures such as “ANK repeat” and “Voltage-gated channel”. These components only accounted
for 42% of variance. However, given the diversity of keywords it is unlikely a small number

of features could fully represent them.



54

Models

Model and parameters selection were performed on a validation set of the 53 Reactome
pathways categorized as belonging to the “developmental” functional area and a randomly
chosen 10% of all PathBank pathways. Parameter selection was performed via Bayesian
optimization (Balandat et al., 2020) using the Ax package* for neural network models and
the Scikit-optimize package® for classifier models. Bayesian optimization was performed for

30 iterations for each model.

Model Parameter Description/Notes Range
Learning Rate Learning rate for training. 1075 —0.01
Linear Depth The number of linear layers. 1-5
All Neural Networks Convolutional Depth | The number of convolutional layers. 1-10
Not used by fully connected network.
Dim The number of dimensions in hidden layers. 24 — 128
Dropout Whether or not to add dropout while training. | True, False
Graph Convolutional Network No Unique Parameters
Graph Attention Network Heads The number of attention heads 1-5
Graph Isomorphism Network No Unique Parameters
Fully connected Network Activation Activation function used Tanh, ReLU
max_depth Maximum tree depth. 1-10
Random Forest min_samples_split Minimum samples to create branches. 2-10
n_estimators Number of trees. 1-100
class_weight Whether to balance class weights. True, False
tol Tolerance for training. 107% - 0.1
Logistic Regression penalty Regularization penalty to use. L2, None
C Regularization strength (lower is stronger). 0.01 — 100
class_weight Whether to balance class weights. True, False

Table 3.1: Classifier and neural network models and parameters ranges searched for each.
Chosen parameter values can be found in Table 3.2

Neural Networks

The maximum value in the output layer is used as the final classification. All neural network
models were trained using cross-entropy loss. All neural networks were implemented using

the PyTorch Geometric package (Fey and Lenssen, 2019).

*https://ax.dev/
https://scikit-optimize.github.io/stable/
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Figure 3.2: Overview of neural network architecture for graph neural networks. The number
of graph layers is controlled by the parameters convolutional depth, and the number of fully
connected layers is controlled by the parameter linear depth. | N| represents the number of
nodes in the input pathway and |F'| represents the number of input features for each node.

Fully connected neural network: In order to investigate the effects of graph topology on

localization prediction, a topology free neural network was constructed. The fully connected
neural network begins with an edge concatenation layer as shown in Figure 3.2, followed by
fully connected layers of size dim up to linear depth.

Graph convolutional network: The graph convolutional network (Kipf and Welling, 2017)

incorporated a set of message-passing convolutional layers before the final set of fully con-
nected layers. These convolutional layers allow for information to be shared across the
topology of the input network. The /*" convolutional layer H") are updated via the following

rule:

HY = ReLU (D2 ADz HU- Dy (=D)

Where A is the adjacency matrix of the input pathway with added self-edges for all nodes,

D is a degree matrix normalization factor where D;; = Z ﬁij, and WU is a set of weights
J

for the [ layer. This update rule provides a first-order approximation of spectral graph

convolutions (Defferrard et al., 2016, Hammond et al., 2011) and is implemented in the
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GCNConv class in PyTorch Geometric.

Graph attention network: Graph attention networks extend graph convolutional networks

by allowing each node choose which of its neighbors to pay attention to. As opposed to
taking the average of its neighbors, each node computes a weighted average of its neighbors
in graph convolutional layers (Velickovic et al., 2018). Furthermore, many attention networks
are multi-headed, where multiple attention weights are computed in parallel for each node.
The number of heads to include is an input parameter, and generally increases accuracy at
the cost of increased computational complexity. We used the GAT'V2Conuv class for graph
layers, which is a more expressive implementation of graph attention networks that allows
for more diversity in attention between nodes (Brody et al., 2021).

Graph isomorphism network: Graph isomorphism networks (Xu et al., 2019) take ad-

vantage of the similarity between neighbor aggregation in graph neural networks and the
Weisfeiler-Lehman (WL) graph isomorphism test (Weisfeiler and Leman, 1968). The WL
graph isomorphism test is a heuristic algorithm for determining graph isomorphisms. For
two graphs, each iteration of the test every node aggregates its neighbors into a unique hash.
These hashes are compared between the two graphs, and if they differ the graphs are known
to be non-isomorphic. Iterations of the test are repeated until the user feels confident that the
graphs are isomorphic; the algorithm cannot conclusively prove isomorphism.

The neighbor aggregation in each graph layer of a graph isomorphism network is for-
mulated to be at least as powerful as the WL isomorphism test; the [*" layer is guaranteed
to generate different embeddings of two graphs if those graphs would be found to be non-
isomorphic via the WL isomorphism test in [ iterations. The representation of each node in

layer [ of a graph isomorphism network, nY, is computed as:

WD = MLPO((1+eD)-pl=D + S al)
u€Adj(n)

Where M LP is a multi-layer perceptron, ¢ is a learned parameter, and Adj(n) is the set of
nodes adjacent to n in the input pathway. We used the GINConv class in PyTorch Geometric

for graph isomorphism layers.



57

Probabilistic Graphical Models

Given the topological nature of the pathway level localization prediction algorithm, and
that many localization databases contain uncertain or even probabilistic data, probabilistic
graphical models are a natural choice for an initial approach to pathway level localization
prediction. As moving between subcellular locations costs energy, it is unlikely to happen
often within a single pathway. Therefore, we can make the assumption from a modeling
perspective that the subcellular location of an interaction is dependent on the subcellular
location of neighboring interactions within a pathway.

Probabilistic graphical models represent a set of [NV random variables y as nodes and depen-
dencies between them as a set of edges . We created two pairwise undirected probabilistic
graphical models (Gewali and Monteiro, 2018), which we call NaivePGM and TrainedPGM,
where each node i € NV has a corresponding localization label y;. These localization labels can
take on any of the 6 localizations mentioned in Section 3.3. In these probabilistic graphical
models the random variables obey a local Markov property, such that each random variable
is conditionally independent of all others given its neighbors in the graph.

The NaivePGM is a Markov random field, where the joint probability of all localizations

can be factorized as

P(y) = < T éitws) T 665 vs)
7

iEN i,j€E

Where Z is a normalizing function so that the combination of all possible configurations of
y sum to 1 and ¢;y; and ¢;;v;, y; are the unary and pairwise potential functions, respectively.
The unary potential function defines the probabilities of a given node having each localization,
while the pairwise potential functions define the joint probability of each pair of nodes that
share an edge. For finding the task of finding the most likely configuration of y, referred to as
decoding, Z can be ignored. In the NaivePGM the input features are not used to parameterize
the potential functions. Instead, the unary potential functions directly map the normalized

features to class probabilities, and the joint probability tables directly map the normalized
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features to join probability tables. This was chosen as both the ComPPI and Compartments
scores represent confidences, with ComPPI scores directly representing probabilities for each
localization.

The TrainedPGM is a conditional random field where the input features are treated as
observations of additional variables. The probability of localization assignments y are then

conditioned over the input features x as:

Plyx) = o T 6(o) T] o)

iEN ijEE

Here, the unary potential functions are now conditioned on observations of features x;
corresponding to each random variable y;. Pairwise potentials are a function of observations,
thus, each random variable y; is conditionally independent of all other variables given its
corresponding features/observations ;.

The potential functions in conditional random fields are typically log-linear functions of
the form e/ #s (@), parameterized via a weight vector w and ¢ simply represents features
for each node. Additionally, typically the feature weight vectors are shared between nodes or

sets of nodes. Thus, the entire model can then be represented as:

pylx, w) = ;exp< Sowiop(@iy) + Y, WEde(wi, xj))

iEN i,j€E

Where ¢¢(x;, ;) is the single unary potential function that represents features for each
node, and ¢.(z;, z;) is the single pairwise potential function that represents combinations of
features. The weight vector wr is a set of weights fo<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>