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CHAPTER 1

The Necessity of Computational Models for Studying Biological Systems

Interaction between biomolecules is the primary mode through which information and energy flows in life.
The fine details of even the most fundamental interactions have significant complexity (Westheimer, 1987;
Kamerlin et al., 2013), which is compounded as sequences of interactions connect to form networks. At
this higher scale, novel phenomena emerge that are products of the structure and dynamics of networked
interactions. These effects, several of which I will discuss in Section 1.1, can be counter-intuitive and difficult
to predict from a static diagrammatic or textual description of a system. However, these complex behaviors
are often critically important in the response of biological systems to perturbations such as drugs or novel
conditions. Consequently, I describe how mathematical modeling can account for these complex, emergent
phenomena.

Despite their utility in understanding biological systems, accurate computational models can be difficult
to construct. Using a simple framework, Boolean logic models, I show in Chapter 2 that even the most skilled
model builders face an overwhelming task in finding the interactions that will make their model behave in
the ways they want. Using empirical analysis of a collection of eleven million models, I demonstrate that
Boolean models, despite their simplicity, have complex, unpredictable properties that make building them
exceptionally difficult.

However, this is not a totally hopeless situation, as I will show in Chapter 3. By exploiting an efficient,
modern search technique borrowed from research on game playing algorithms, I show that we can automati-
cally generate diverse sets of Boolean models with a wide variety of desired behaviors.

In brief, I hope to make the following argument. Computational models are crucial for understand biology,
but they are difficult to build. Therefore, we need automated methods to build them, as I show with the method

that I developed.

1.1 Biological systems exhibit multiple complex and unintuitive behaviors

In this section, I will describe the importance of computational biological models in the context of some
difficult, emergent properties of biology. When applied to systems with noise or cross-talk, computational
models can reveal mechanisms and behaviors that are hidden from view when analyzed through static, non-

computational representations.



1.1.1 Cross-talk and feedback

The traditional view of biochemical pathways portrays distinct, sequential chains of biochemical reactions.
Pathways begin with an input such as a signal or precursor, proceed through intermediary steps, and end with
production of a metabolic product or “effector” molecule (Ross, 2021). This model of signal transduction
makes two important assumptions. First, pathways are distinct from one another, each independently com-
municating a signal without affecting the function of other pathways. Second, pathways are strictly linear,
with well defined steps that follow each other sequentially. These two assumptions are appealing, as they
allow simple intuitions to guide understanding of pathway dynamics. One can imagine pathways acting de-
terministically and independently, similar to human-designed mechanical systems. However, as I will show
below, this model of cellular signal transduction is inaccurate and inadequate for understanding many of the
observed behaviors of cells.

First, I will examine interactions between pathways, a phenomena termed cross-talk, showing that it is
prevalent across cellular systems and that it has important effects on the responses of signaling pathways.
Efforts to catalog and classify instances of cross talk include XTalkDB (Sam et al., 2017), a manually curated
database of pathways and interactions between them. Investigation of XTalkDB reveals that cross talk is
indeed very common, with 345 pairs of pathways having literature supported evidence of crosstalk. Further,
14 of XTalkDB’s pathways are highly prolific, regulating at least half of the other pathways in the database.
Several of the pathways, such as Hedgehog, Wnt, and Notch signaling are both prolific cross-talkers and
highly evolutionarily conserved, indicating that cross talk is a key component of signaling in development
and homeostasis. These interactions include 24 tissues across 17 species.

Notably, the authors of XTalkDB used a very conservative criteria for inclusion of a cross-pathway inter-
action in the database, selecting only well characterized interactions with manually verified literature refer-
ences. Given the evidence that literature sources are biased towards the study of a few well known genes and
pathways (Haynes et al., 2018), this strict curation raises the possibility that many pathways may have many
more cross talk interactions than those in XTalkDB. Further study and use of high throughput methods may
reveal that many pathways have a high degree of interaction with other parts of cellular regulatory systems,
perhaps to the degree that individual pathways are no longer distinguishable.

Thus, the curated interactions of XTalkDB could be considered a lower bound on the extent of cross-talk
across signaling pathways. What might be the upper bound on cross-talk? What is the sum of all evidence
for interactions across pathways? Here, I will describe analysis that I performed to determine an hypothetical
upper bound on the degree of cross-talk across the human proteome, using a database of protein-protein

interactions.



The STRING database provides a list of protein-protein interactions, integrated from a variety of high
throughput sources such as co-expression, literature mining, and direct experimental evidence (Szklarczyk
et al., 2021). These high throughput methods promise to generate more comprehensive and unbiased lists
of protein-protein interactions, at the cost of less detailed knowledge of the nature of the interactions and
consequently higher false positive rates.

I analyzed a version of the STRING database that contains only experimental evidence of physical in-
teraction, derived from the iMEX consortium and BioGRID database (Oughtred et al., 2021; Orchard et al.,
2012). This database contains 18318 proteins and 2.4 million interactions between them. This forms a net-
work comprising a single connected component, meaning that every protein has a path to interact indirectly
with every other protein in the network. I analyzed the distance of paths between proteins by calculating the
eccentricity. The eccentricity metric computes a shortest path between all pairs of nodes in the network, and
the eccentricity of a node is the length of the longest of all the shortest paths to other nodes. The STRING
physical interactions network had a median eccentricity of 5 and a maximum eccentricity of 7. Intuitively,
this means that every protein is separated by at most 7 interactions, with most proteins separated by fewer
than 5 steps.

This indicates extremely prevalent cross-talk between all pathways in human cells. Admittedly, many
of the interactions in STRING are likely due to false-positive experimental results or are specific to certain
tissues or contexts. Nonetheless, the actual level of interaction between pathways probably lies somewhere
between XTalkDB and STRING. Clearly, biological evidence does not support the traditional notion of path-
ways as distinct, linear chains. The significance of this observation is twofold. First, understanding of a
signaling pathway must incorporate at least the neighboring pathways, i.e. those that can directly influence
its behavior. This breaks the conventional notion of distinct pathways and often leads to systems that have
dozens, if not hundreds, of interactions. Second, feedback loops, both within and between pathways, lead to
complex, non-linear behavior that can be difficult to predict from examining the static structure of a pathway.

As an example of the complexity introduced by cross-talk, I will examine a well-known pathway, specif-
ically RAS mediated MAPK signaling, which transmits extracellular signals to nuclear transcription factors.
MAPK signaling regulates the activity of a multitude of cellular processes, from cellular proliferation in can-
cer (Waters and Der, 2018) to chemotaxis in amoebas (Bracco and Pergolizzi, 2014). The early canonical
view of RAS signaling depicted a linear chain from extracellular receptors such as EGFR to RAS, followed
by sequential activation of RAF, MEK, and then ERK, which is considered the “effector” protein of the
signaling pathway. More recent studies have shown that this view of the pathway is incomplete. For exam-
ple, in their review Mendoza et al. (2011) detail multiple mechanisms by which the PI3K pathway interacts

with RAS signaling. Of particular therapeutic interest is cross-inhibition, in which activity of one pathway
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Figure 1.1: IGF signaling and cross-talk between the AKT and MAPK pathways, as depicted by Moelling
et al. (2002). Used under Creative Commons Attribution (CC BY 4.0)

reduces the activity of the other. As shown in Figure 1.1, Moelling et al. (2002) shows that activation of
the PI3K pathway reduces activity of the RAS signaling pathway by inhibiting RAF activity. Conversely,
they also show that activation of RAS signaling does not inhibit PI3K signaling, indicating that cross-talk
is not symmetric between the pathways. While the authors do provide a schematic model of the proposed
cross-inhibition interactions (shown in Figure 1.1), this simple representation does not allow them to further
investigate temporal responses of the pathways or the effect of perturbations on cross-inhibition from PI3K
pathway. Further, the author’s diagrammatic representation of cross-pathway activity does not allow quan-
titative comparisons to alternative models. For example, the authors cannot answer questions such as how
negative feedback from ERK to RAF (proposed by Dougherty et al. (2005)) would change the dynamics of
this system.

While the experimental characterization of Moelling et al. provided useful qualitative descriptions of
cross-talk, work by D’ Alessandro et al. illustrates the unique insights that can be gained when experimental
evidence is combined with computational models (D’Alessandro et al., 2015). In this work the authors
investigated mechanisms of cross-talk between the PI3K and MAPK signaling pathways. They measured
temporal changes in phosphorylation of several proteins after activation by HGF under normal conditions
and with inhibitors of both pathways. HGF is a signaling protein that activates both pathways. They observed

that phosphorylated MEK initially decreased in concentration under a MEK inhibitor but then rebounded to
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a high level, indicating cross pathway compensation or perhaps a release of feedback inhibition.

Neither of these phenomena were captured in or could easily be tested by examining the canonical path-
way diagrams. Therefore, the authors applied a computational approach to understanding cross-talk between
the pathways. The authors automatically generated models of the pathway cross-talk configurations that were
consistent with the observed data. The authors then simulated the effect of single and double inhibition of
pathway components. Strikingly, they observed that simulated single inhibition of the PI3K pathway led
to upregulation of MAPK signaling, consistent with their experimental observations of MEK. They also ob-
served that inhibiting certain members of both pathways simultaneously was synergistic, meaning that double
inhibition had an effect that was greater than the summed effects of single pathway inhibition.

This work benefits from several advantages of computational modeling over qualitative, schematic models
of signaling. First, the authors automatically generated sixteen variations of their model, each proposing
unique mechanisms of pathway interaction. While generating this number of models might be accessible
for an individual investigator, it would certainly be difficult and labor-intensive. Second, the authors use
simulations to predict the temporal dynamics of each of the sixteen models under a variety of conditions. This
produced several unintuitive and unexpected results described above, including synergy and cross-inhibition.
The authors did not hypothesize that these phenomena would occur based solely on the graphical structure of

their models, yet follow up experiments validated the models predictions.

1.1.2 Noise
As demonstrated above, the cellular signaling architecture is immensely structurally complex. Signaling
pathways are highly interconnected and have feedback and cross-talk interactions that lead to complex phe-
nomena that are difficult to predict or understand. Despite this complexity, computational modeling allows
researchers to manipulate and understand signaling networks in ways that are not possible with simpler tools.

However, this structural complexity is further compounded by the inherent noisiness of the cellular envi-
ronment. This stochasticity arises from several sources. First, molecules are constantly buffeted by collisions
in the crowded cytoplasm, exhibiting complex, non-Brownian stochastic movement (Di Rienzo et al., 2014).
Further, many biologically important molecules exist at extremely low (nanomolar) concentrations, with in-
dividual cells containing as few as ten copies of a molecule (McAdams and Arkin, 1999). At such low
concentrations, random fluctuations dictate that there will necessarily be high variability between cells.

In one of the first quantitative studies of noise in gene expression, Elowitz et al. (2002) inserted two flu-
orescent proteins with identical promoters into an E. coli genome. They then quantified differences between
expression of the two fluorescent reporter proteins. This led them to define two forms of noise: extrinsic and

intrinsic. In individual cells, extrinsic noise is characterized by correlated fluctuations in the levels of the



two markers, with extrinsic factors affecting expression of both in a similar manner. Intrinsic noise is not
correlated between markers in individual cells, with internal fluctuations affecting each reporter individually.

In their study Elowitz et al. observed substantial intrinsic and extrinsic noise. However, life depends
upon extremely precise regulation of countless processes. This raises several questions. What is the source of
intrinsic noise in cells and how is it regulated? How does precise organization emerge from noisy processes?
Below, I will show how computational modeling has been crucial in answering these questions.

Raser and O’Shea (2004) made significant early progress in understanding the source and control of noise
in gene expression. Building on prior biological knowledge they proposed three mechanisms for how genes
are activated to allow transcription: chromatin remodeling, nucleosome sliding, and transcription factor bind-
ing. To test these hypotheses they used a similar dual reporter assay to Elowitz, but they also integrated
their data into a computational model. For each of the three potential mechanisms they proposed different
parameters for their model, corresponding to the dynamics of each biological process. They found that their
model best supported nucleosome sliding as the most important mechanism for gene activation. This illus-
trates the power of even a simple computational model for providing insight into unintuitive biochemical
processes. Importantly, their fluorescence data was not high resolution enough to directly visualize or distin-
guish the individual nucleosomes or sections of chromatin. However, when interpreted through the lens of a
mathematical model, their data provided evidence for a process that could not be directly observed.

The work by Raser et al. and subsequent studies made significant progress elucidating transcriptional
noise in single cells. However, this left the question of how this noise is controlled and integrated across
whole tissues to generate the precise body plans that are ubiquitous in life. In more recent work, Zoller
et al. (2018) made advances in this question by combining deep investigation of a computational model with
advances in high resolution fluorescent imaging. They investigated the expression of key developmental
“gap” genes in Drosophila embryos. These genes have non-overlapping expression with sharp borders in
between segments. These borders are critical for Drosophila development, determining the basic patterning
of the mature fly’s body plan. Thus, the authors raised the question of how such precise patterns of gap gene
expression form, despite the noise observed in individual cells. By integrating single cell measurements of
fluorescently labeled transcripts with a mathematical model of transcription, they found that most parameters
of the model are constant across cells. Instead, the level of transcription was uniquely determined by the
rates at which a promoter switches from an inactive to active state. Their mathematical modeling was able to
exclude the possibility that cells modulate the rate of RNA polymerase binding and transcription initiation,
instead relying only on the rate at which promoters are activated, similar to observations from Raser and
O’Shea (2004).

This suggests that signals between cells somehow modify the key parameters of transcription, generating



the differences in gene expression that maintain the precise patterns of key developmental genes. However,
a reasonable assumption would be that extra-cellular signals are just as noisy as the intra-cellular processes
observed above. Again, this raises the question of how tissues maintain precise patterning despite noisy
signals. Suderman et al. (2017) used computational modeling to provide an unintuitive answer to this ques-
tion through their investigation of noisy information transfer in an apoptosis pathway. They measured how
different concentrations of an apoptosis inducing compound (TRAIL) affect an apoptosis marker (cPARP).
They used computational methods to estimate the channel capacity, which is a theoretical upper bound on the
amount of information that a signaling pathway can transmit. They found that in individual cells the channel
is very low capacity, converting less than one bit of information about TRAIL concentrations to the activity
of cPARP. However, this raised the question of how organisms maintain their integrity when this important
apoptosis signaling pathway is so noisy. To answer this question, they developed a computational model of
noisy information transfer. Simulating this model showed that while individual cells responded noisily to
TRAIL signals, the overall fraction of cells that died was finely tuned to the concentration of TRAIL. Thus,
the channel capacity of TRAIL signaling at a tissue level was quite high. Further, this high channel capacity
at the population level actually required noisiness at the individual level. This counter-intuitive relationship

was only evident through computational modeling and was borne out by experiments on multiple cell lines.

1.1.3 Conclusion

In multiple cases in the research that I reviewed, initial descriptions of a biological system revealed significant
complexity. In the case of growth factor signaling in Section 1.1.1, early researchers found that supposedly
distinct, linear pathways were in fact more complex, with cross-interactions and feedback that resulted in
unexpected responses to perturbations. Adept use of computational modeling showed the power of in-silico
experiments to probe mechanisms, rather than relying on intuition from static diagrams. Further, by auto-
matically generating multiple of variations of the model, researchers could quantitatively compare a large
number of hypotheses, which is practically impossible using non-computational representations of a system.
Note that automatically generating models, demonstrated on a limited scale above, is the focus of Chapter 3
of this thesis.

Efforts to catalogue cross-talk show that interactions between pathways are ubiquitous, meaning that
these tools are broadly applicable in studying multiple types of signaling. If one believes the most aggressive
estimates, the concept of an individual pathway may be useless. Instead cellular signals are inextricably tied
by millions of links into a single connected network.

Further complicating matters is the observation of significant variability in gene expression between cells.

Even within a single cell, gene expression sometimes fluctuates in dramatic bursts. Yet, organisms maintain



exquisitely precise regulation of their development and physiology. Again, computational models help make
sense of this paradox. In fact, in each of the works presented in Section 1.1.2, I have highlighted how the
authors gain insights into biological processes that are invisible without the power of computational modeling.

Having demonstrated the utility of models, I will next review frameworks for constructing computational

biological models, with a focus on a simple but powerful paradigm: Boolean modeling.

1.2 Benefits and disadvantages different modeling frameworks

As I have shown above, computational modeling is a powerful tool for understanding biological systems.
Howeyver, there are several different common frameworks that one can use to build models. Each allows the
creation of models using a different set of mathematical tools and assumptions. Here, I will provide a brief
review of the concepts and assumptions that underlie several of the most popular modeling frameworks and
describe the benefits and disadvantages of each approach. I will focus on Boolean modeling, as it is the

paradigm that I will pursue further in Chapter 2 and 3.

1.2.1 Boolean Models

In historical terms, the Boolean network formalism is relatively new, introduced to biology by Stuart Kauff-
man’s 1969 explorations of homeostasis in randomly constructed networks (Kauffman, 1969a,b). More recent
advances in experimental techniques allowed higher throughput biochemical measurements, spurring both the
need and ability to construct Boolean models of larger systems. A notable early example is Albert and Oth-
mer (2003), which developed a multi-cellular Boolean model that recapitulated intercellular signaling and
pattern formation in Drosophila embryos. Albert and Othmer’s mathematical analysis of the network also
revealed that it was remarkably robust to perturbations, highlighting the utility of Boolean models for under-
standing higher-level, emergent properties of biochemical networks. Here, I will provide a brief overview
of the fundamentals of Boolean networks. In later sections, I will compare their benefits and disadvantages
compared to other modeling frameworks.

Perhaps the simplest modeling framework in common use, Boolean models represent the state of biomolecules
as either one or zero (i.e. active or inactive). Interactions between nodes in Boolean models are encoded as
logic statements, i.e. formulas with the AND, OR, and NOT operators acting on the binary states of the
species in the model.

More specifically, the state of each node in the network at the next simulation step (f + 1) is determined

by a logic formula that depends on the states of the other nodes at the current time (¢):

07 = f( )



Here, f could be any Boolean logic formula combining the AND, OR, NOT operators. However, attribut-
ing biological significance to an arbitrary Boolean formula can be difficult. Instead, a common strategy is to
restrict the update formulas to specific forms that admit easier interpretations. For example, when modeling
transcription of genes, a common form for the update formulas is dominant inhibition, in which interactions
can be activating or inhibiting. ”Dominant” inhibition signifies that inhibitory interactions negate the effect

of activating interactions. Mathematically this takes the form:

X = (¥ OR x5) AND NOT (x} OR x} OR...)

Biologically, one could interpret this relation as steric hindrance; the presence of any inhibitory factor
bound to the DNA prevents the transcription activating machinery from binding. Other forms could include
a threshold model for activation, or AND clauses indicating complex formation.

In addition to choosing the functional form of the Boolean update rules, one must also decide the algo-
rithm for applying the updates during simulation. The simplest choice is to update every node in the model
at every step. This is called synchronous updating and it is deterministic, meaning that repeated simulations
will yield identical results. Further, with deterministic synchronous updating, the simulation is guaranteed to
reach attractor states. An attractor is a steady state or fixed point of the simulation. Attractors have two types:
stable and cyclic. A stable attractor is a single state, and when the update rules are applied to it they yield
the same state again. Thus, the simulation is trapped at that state. Cyclic attractors are similar but comprise
multiple states. Once a simulation reaches any state in the cyclic attractor, it is guaranteed to loop through
the states in the cycle indefinitely. These attractor states are biologically important because a common as-
sumption is that experimental measurements represent steady states of the underlying biological regulatory
network. Thus, one could assume that a model’s attractors correspond to the steady states of the biological
system.

Another method, asynchronous updating, also has useful properties. In asynchronous updating, one node
is selected randomly and updated at each simulation step. This has several effects. First, attractors are no
longer deterministic: repeated simulations from a single starting point can end up in different attractor states.
This allows a modeler to capture stochastic phenomena such as cell fate decisions. Repeated simulations of
the same initial states with asynchronous updating will predict which proportion of cells will end up in each
attractor or cell fate.

Second, if one records the state of each node at each simulation step, then averages over many simulations,
one can approximate continuous dynamics with the discrete Boolean model. While this does not have the

direct physical interpretation like mass action kinetics (discussed below), it does allow a modeler to capture



interesting behavior such as oscillatory or switch-like dynamics.

Compared to differential equations based models, Boolean models are simple to construct and simulate,
having no parameters and simple dynamics. Further, their simple functional form and explicit specification of
regulatory structure allows easier qualitative and mathematical analysis, when compared to machine learning
models. Both of these features will be discussed in more detail below in the context of differential equations

and machine learning models, respectively.

1.2.2 Ordinary Differential Equations
Modeling biochemical processes with ordinary differential equations (ODE’s) has a long history, dating back
(at least) to Alfred Lotka’s 1910 description of periodic behavior in an autocatalytic chemical reaction - which
itself drew on earlier mathematical work in chemical physics (Lotka, 1910). The success of these models
inspired a century of mathematical biologists to describe biochemical processes with differential equations,
creating a body of literature that is too vast to effectively summarize here. Instead, I will provide a brief
description of the principles that underlie these ODE models and the relative benefits and disadvantages they
provide.

A common simplification of biochemical behavior is to assume mass action kinetics, which states that the
rate of change in the concentration of a product depends only on the concentration of the reactants multiplied
by a rate constant. A model with mass action kinetics is illustrated here with a simple reversible reaction

between three species:

A+B<+—=C

% — k1A [B] — k[C]
% = k€] — kr[A][B)
% = k[C) — ks[A][B]

Here, [C] is the concentration of the product, formed in a reversible reaction of A and B. The constants ks
and k, describe the rate at which the forward and reverse reactions proceed, and consequently the equilibrium
concentrations of the reactants and product. This framework has been successfully applied in modeling
systems such as MAPK signaling (as reviewed above in D’Alessandro et al. (2015)) and apoptosis (Chen
et al., 2007; Howells et al., 2011; Albeck et al., 2008).

As noted above, every reaction in a mass-action ODE model must have a forward rate constant and, if the

reaction is reversible, a backwards rate. How to choose the rate constants is a difficult question. Given some
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data on the concentrations of species in the system at various time points, one may define a cost function
that compares simulations of the model to the data. Then one can apply optimization algorithms, such as
simulated annealing, to estimate the rate constants which minimize the difference between the simulation and
the data. One may also employ Bayesian algorithms to give a probability distribution for each rate constant,
conditioned on the data (Shockley et al., 2018).

However, estimation of these rate constants with optimization algorithms requires a large number of
simulations of the model with different settings of the rate constants. This is problematic because ODE
models can be computationally costly to simulate, requiring complex algorithms to linearize the dynamics
of the model at a sufficiently small time resolution to avoid errors or divergence (Petzold, 1983). This is
especially true in the case of models that are “stiff”. While this term does not have a precise mathematical
definition, Moler gives the following qualitative description, “A problem is stiff if the solution being sought
varies slowly, but there are nearby solutions that vary rapidly, so the numerical method must take small steps
to obtain satisfactory results” (Moler, 2004). Stidter et al. (2021), show that many models of systems of
biochemical reactions are stiff and can only be solved by specialized integrators.

In comparison, Boolean models are very easy to simulate, with each update to the model’s state deter-
mined by simple logical equations. This ease of simulation comes at the cost of the reduced expressivity of
Boolean models compared to the range and dynamics of ODE’s. In addition, the mass action kinetics form of
ODE’s has a direct interpretation in terms of chemical interactions and is well grounded in statistical physics,
while the logical update equations of Boolean models do not easily admit direct physical interpretations.
However, as noted above, the each mass action reaction has at least one parameter which must be estimated

while Boolean models do not have any parameters, which eases both their construction and simulation.

1.2.3 Machine Learning

Machine learning is an imprecisely defined term, but could generally be described as a family of approaches
for fitting nonlinear models with a large number of parameters to data. While Boolean and ODE models
attempt to explicitly describe the nature of interactions between biochemical species in a system, machine
learning eschews this almost entirely, instead optimizing a generic nonlinear function to interpolate between
data points or to separate data into distinct classes. While some classes of functions, such as decision trees,
do allow some degree of interpretation by learning simple decision rules (Breiman et al., 2017), many popular
methods, such as neural networks are effectively black boxes. Much attention has been given to this problem
in recent years, producing a profusion of methods that generate explanations for the predictions of machine
learning models. Methods such as LIME (Ribeiro et al., 2016) attempt to explain individual predictions by

fitting easily interpretable models (like a linear model) to subsets of the data in the neighborhood of the
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prediction. Thus, one can understand the local structure of the full black-box model using a less complex
surrogate model. Counterfactual reasoning, as applied to machine learning models by Wachter et al. (2017),
finds the minimal perturbations to inputs that would generate a desired output. Another more complex method
called SHAP (Lundberg and Lee, 2017) uses principles from game theory to assign credit for predictions to
features used by the model.

All of these methods provide an explanation in terms of “importance”, i.e. how much a given feature
contributes to a prediction. For LIME, the weights of the surrogate linear model admit a simple interpretation
of importance. In counterfactual reasoning and SHAP, importance can be understood as the marginal amount
that a feature contributes to a prediction. While these definitions of importance do provide some transparency
into how a prediction was made, the explanations of LIME, SHAP, and other interpretability methods lack
properties that are important for biological understanding.

In ODE and Boolean models, interactions between components of the model are explicitly specified. By
structuring the model as a graph, one can trace the signaling chains that channel a perturbation in one com-
ponent into a change in another (Palsson, 2006). In comparison to the unit-less SHAP values, interpretations
of ODE models are grounded in physical quantities such as rate constants and concentrations, as in Wrede
and Hellander (2019), or chemical fluxes through pathways in PyDyno (Ortega et al., 2021).

In comparison, links between interventions and specific outcomes in machine learning models are not
grounded in physical interactions or explicit chemical reactions. Thus, methods such as SHAP and LIME are
only useful when one does not need to understand the mechanistic processes that generate a specific outcome.
This hampers both translational applications and further basic research by obscuring underlying biological
mechanisms.

For example, consider an investigation of how cells initiate apoptosis in response to DNA damage. A
machine learning model could be trained on markers of DNA damage to predict whether a cell will die. In-
vestigation of counterfactuals or SHAP values could reveal how changes in DNA damage markers contribute
to changes in the probability of cell death.

However, a researcher may assume that the markers of DNA damage are not directly modifiable, but are
caused by inaccessible extrinsic factors. Instead, they may ask which proteins that respond to DNA damage
could be therapeutically modified to increase or decrease cell death. A machine learning model, at best,
could only reveal this information indirectly, while an ODE or Boolean model would admit much more direct
investigation of this question.

Further, machine learning models may learn to rely on spurious correlations between variables that are
present in the training data. If a confounding factor that induces the spurious correlation is not present when

applying the algorithm to new data, then the model’s performance will suffer. In contrast, ODE and Boolean
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are constrained to rely only on interactions that the model builder considers to be reasonable and biologically
plausible. These constraints can allow ODE and Boolean models to perform well in novel settings that would

stymie a machine learning model.

1.3 Conclusion

In the first part of this thesis (Section 1.1), I described two pervasive, unintuitive properties of biological
systems. Cross-talk is one manifestation of the extensive connectivity of cellular signaling pathways. The
propagation of signals outside their canonical pathways causes complex phenomena. Examples of this include
synergistic effects and cross-inhibition in the MAPK and PI3K pathways.

I also described noise and stochasticity, and showed that they are fundamental features of cellular pro-
cesses. This is a challenging notion, given the apparent precision of biological systems, especially in devel-
opment. I showed in Section 1.1.2 how computational modeling revealed insights into the mechanisms that
generate and control cellular noise.

Both of these features, noise and cross-talk, are fundamental properties of cellular biology, active across
a wide variety of processes and cell types. Again, computational modeling is a key tool for understanding
the counter-intuitive phenomena that arise due to the stochasticity and connectivity of biological reaction
networks.

However, computational modeling is not a single tool, instead a researcher must choose from a varied set
of modeling frameworks. In Section 1.2, I described common frameworks for modeling biochemical systems:
Boolean models, differential equations, and machine learning. As the remainder of this thesis will focus on
Boolean modeling, I specifically focused on the comparing the benefits and disadvantages of each framework
in relation to Boolean modeling. To summarize, differential equations are expressive, able to model the full
dynamic response of a system to changing conditions. However, this expressivity comes at the price of having
to estimate parameters for each interaction in the model. Parameter estimation is made more difficult due to
the high computational cost of simulating ODE models, which must be repeated many times during parameter
estimation. In contrast, Boolean models have no parameters and their simulation algorithms are simple and
easily parallelized. Machine learning optimizes the parameters of a generic function to make predictions
based on input data. While several methods have been developed to understand the structure and relationships
between input variables in optimized ML models, these methods do not allow insight into the biochemical or
physical mechanisms that underlie the system’s behavior. By explicitly specifying these relationships, ODE
and Boolean models allow researchers to make predictions about the effect of perturbations of intermediate
steps in the system.

Altogether, the conceptual simplicity and easy simulation of Boolean models makes them an attractive
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tool for representing biological systems. Unfortunately, the next chapter will show that building accurate
Boolean models is an extremely difficult task. However, automated methods, which I will discuss in Chapter

3, promise to ease this task by efficiently synthesizing Boolean models.
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CHAPTER 2

Manual model construction is difficult

In the first chapter, I reviewed several properties of biological systems that make them exceptionally difficult
to understand without the aid of computational models. High connectivity, feedback, and noise all defy
simple intuitions and the traditional linear pathway models that allow researchers to make direct assertions
about the effect of perturbations on a system. However, computational models allow researchers to build
and manipulate representations of a biological system that capture complex and unintuitive behaviors. These
computational models can take several mathematical forms, which I briefly reviewed with a focus on Boolean
models. The Boolean logic framework allows researchers to model a simple coarse-grained view of the
system, while also being fast to simulate. However, In this chapter, I will make an argument that creating
Boolean models manually is insufficient for the task of capturing an accurate representation of the underlying
biological phenomena. I will advance three primary reasons for this, which I will support with computational
and mathematical evidence. First, the space of possible models is so vast that a finding a model configuration
with precisely the right behavior is extremely unlikely, even for simple, small models. Second, even if one
does find a single model with the right behavior, it is very likely that there are hundreds more models with
the same behavior, many of which are quite dissimilar from each other. Thus, the first model one finds may
not be the best; one must repeat the process to find many more models to have any chance of finding the
most accurate one. Finally, I assume that a typical researcher builds models through trial and error, adding
and removing interactions from a model one at a time. However, this is a fraught process, as I show that
addition or removal of a single interaction can drastically alter the behavior of a model in unexpected ways.
In summary, I propose that a model builder must search through a vast, rugged landscape of model space to

find many tiny disparate islands of ’good” behavior.

2.1 Experimental Setup

In order to make the arguments that I outline above, I generated a large number of Boolean models and
examined the properties of this collection of models. More specifically, I generated all models with four
nodes and six to ten total interactions. I exclusively focused on models with dominant inhibition regulation,
which I describe in detail in Section 3.2.2. This includes all possible combinations of activating and inhibiting
interactions between the four nodes. This generated 11.1 million models. I then simulated every model using
synchronous updating with all sixteen possible initial conditions and I stored the resulting attractor states and

their frequencies.
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2.2 Finding any models with specific attractors

Using the collection of Boolean models and attractors described above, I will examine the claim that the space
of possible models is so large that a modeler is unlikely to find a model with any specific desired behavior.
If we assume that the modeler has a set of attractors that they would like to recreate, their task is then to find
the model (or set of models) that has this behavior. I was interested in how difficult this problem would be in
general, without assuming that our hypothetical modeler is interested in any one particular set of attractors.
So, I grouped models into sets that have the same attractors, which I term attractor-equivalent sets. Then, I
calculated the size of these attractor-equivalent sets.

An immediate observation was that about 10% of models (1M out of 11M) have attractors that are either
all zeros or all ones, which I term “collapsed” attractors. This represents a potential pitfall, in that a modeler
has to avoid a large part of model space that produces uninteresting, biologically implausible behavior. Fur-
ther, as shown in Figure 2.1, the types of interactions in models with collapsed attractors are not markedly
different from the models with more diverse attractors. Most models with diverse, “mixed” attractors have
approximately the same proportion of activating and inhibiting interactions as models with collapsed attrac-
tors. Thus, a modeler can not use the proportion of interaction types as a simple heuristic to avoid models
with collapsed attractors. Instead, to generate models with complex behavior a modeler has to rely on more
complex and non-obvious features of the models.

However, the question remains of how difficult it is to find a model with any specific set of attractors. In
Figure 2.2 I show the cumulative distribution of the number of models in attractor-equivalent sets of increasing
size. Stated differently, this shows how many models are in attractor-equivalent sets of at most a given size.
As indicated by the orange vertical line, half of all models are part of sets of size 187 or less. Thus, given
any desired attractors, there is a 50% chance that a modeler would have to find one of (at most) 187 out of
11 million possible models. Further, 130 thousand attractors have exactly one corresponding model. This
clearly illustrates that finding a Boolean model with a specific set of attractors is an extremely difficult search

problem, with most attractors corresponding to a tiny fraction of the overall space of possible models.

2.3 Finding all models with specific attractors

On the other contrary, the top right hand side of Figure 2.2 shows that many models are part of large sets of
models with equivalent attractors. The largest set of attractor-equivalent models in the collection has 9906
models. While finding a single model from this set may be comparatively easier, a modeler faces another
question: is this the most accurate representation of the underlying biology? While two (or more) models
may have equivalent attractors, they might achieve this through very different mechanisms. These different

mechanisms would respond in different ways if one perturbs them. Applying the same perturbation to the
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Figure 2.1: Distribution of interaction types in models with collapsed versus mixed attractors. This compares
the proportion of types of interactions in models with attractors that are either all zero or all one (collapsed) to
models with more diverse, mixed attractors. Mixed attractor model statistics are shown in blue and collapsed
attractor models in orange.
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Figure 2.2: Cumulative distribution of the number of models that are in sets of a given size. Each point
represents a set of models with same attractors. Sets increase in size from left to right. This shows the
cumulative count of how many models are part of sets of ar most a given size. The orange line represents the
median of 187, i.e. 50% of models share their attractors with fewer than 187 other models.
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Figure 2.3: Example calculation of Jaccard similarity. We compare the structural similarity between two
Boolean models by computing the Jaccard similarity between their sets of interactions. Here, shared interac-
tions between the two models are highlighted in green, while interactions that are unique to each model are
in black. In this example, the two models share three interactions in common, but have three more that are
unique to each model. Thus they have a Jaccard similarity of 3/(3+3) =3/6=10.5

biological system would then show that one model’s response is more accurate than others. Thus, to find the
one model that responds most accurately in all conditions, one has to find all the models that are consistent
with the original conditions. Based on the collection of models analyzed here, this could mean generating
nearly ten thousand models by hand, which would be a monumental task. However, one might assume that all
the models in attractor-equivalent sets are nearly identical, perhaps differing by only a few interactions. This
would, presumably, ease the task of generating the full set of attractor-equivalent models, with each variation
requiring only a few edits from a known set of interactions.

To test this assumption, I inspected the sets of attractor-equivalent models more deeply. For each model
set, I compared the similarity between their interactions using the Jaccard similarity metric. First, I converted
each model’s update rules into sets of interactions, with each term in the update rule represented as a source
node, destination node, and interaction type (activating or inhibiting). Figure 2.3 shows an example of the
Jaccard similarity applied to models.

Using the model similarity metric, I then attempted to answer the question of “how diverse are models
with the same attractors?”. I was particularly interested in the maximum differences, i.e. which models are
most different while still generating the same attractors. Figure 2.4 shows the distribution of the smallest
similarities between two models in the same attractor set, i.e. the difference between the most dissimilar

models with the same attractors. The median Jaccard similarity of 0.5 (indicated with an orange line) means
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Figure 2.4: Distribution of smallest Jaccard similarities between models with the same attractors. Grouped
models with the same attractors into sets, then computed the Jaccard similarity (see Fig. 2.3

) between the attractor-equivalent models. This shows how different two models can be and still have the
same attractors. The orange line indicates the median of the distribution.

that in half of all attractor-equivalent model sets there are two models that are more different than they are
alike. Strikingly, in 1099 of the attractor-equivalent sets there are two models that have zero similarity, i.e.
they do not share any interactions in common. An example of two models that have the same attractors but
completely different interactions is shown in Figure 2.5.

This indicates that a modeler could face an immense challenge in constructing all the models that are
consistent with a desired set of attractors. Even for a simple system with four interacting species, they may
have to construct hundreds or thousands of models. Additionally, these models may be very diverse, having
unique mechanisms that don’t share any interactions in common. Thus, a modeler can not simply find a single
instance of a model with the desired attractors and then make small edits to arrive at the full set of consistent
models. Instead, a modeler faces a difficult task, finding (potentially) hundreds of unique and dissimilar

models in a space of millions of possibilities.
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n® := (n® or n2) and not (n3) n® := (nl) and not (n2)

nl := (n0@) nl := (nl or n3)
n2 := (nl) and not (n0®) n2 := False
n3 := False n3 := (n2) and not (n0®)

Figure 2.5: Two models with the same attractors but no shared interactions. These two models have the same
attractors, but they share no interactions in common (i.e. Jaccard similarity of zero).

2.4 Discontinuities in model space
In the previous two sections (2.2 and 2.3), I showed that it is difficult to find a single model with the desired
behavior and subsequently difficult to find all the other models with same behavior. However, we could rea-
sonably assume that a modeler might not generate models by purely random selection of interactions. Instead,
they might start with a model that has attractors that are similar to the desired attractors, then iteratively refine
the model to arrive at the correct behavior. This assumes that each small change to the model produces small
changes in the attractors, which the modeler could predict to substantially reduce the size of the search space.
Here I will show how I tested the hypothesis that adding or removing one interaction changes most
models’ attractors by a small amount. I randomly sampled one thousand models from the collection used in
the previous two sections then generated all variations of each model with one interaction added or removed.
I then simulated all the new variant models and compared their attractors to their corresponding original
(unedited) model’s attractors using a novel distance metric. I will defer description of the details of this edit
distance metric to Section 3.2.3, where I describe it as part of my approach to automated model synthesis.
Briefly, it calculates how many states are different between two sets of attractors. All models that I analyze
here have 4 nodes and were simulated from 16 initial states. This gives each model a total of 16 attractor
states. The largest possible edit distance of 64 would correspond to all 16 attractor states having different
values from the comparison attractor states. This distance metric allowed me to quantify the change in
attractors induced by a single change to a model.

Figure 2.6, shows the overall distribution of changes in attractors caused by a single alteration to a model’s
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Figure 2.6: Distribution of edit distances between attractors of models after one change and original model’s
attractors. I randomly sampled 1000 models. Then I made all possible additions or deletions of individual
interactions and simulated each variation of the model. I then compared the original attractors to the attractors
of the edited model. The edit distance is detailed in Figure 3.2. The orange line indicates the median of the
distribution (edit distance of 5).

rules. The median edit distance of 5 represents a relatively modest alteration to the behavior of a model. This
indicates that trial and error could be a viable strategy for finding small changes that push a model towards
desired attractors. Nonetheless, Figure 2.6 also shows a longer tail of changes that significantly change the
attractors. This is supported by Figure 2.7, which shows the distribution of the largest attractor changes for
each model that were induced by a single change to the model. This shows that half of models have one
change that results in an distance of at least 24 between the original and new attractors. This corresponds to
at least 6 out of the 16 total attractor states being completely different. Again, this represents a hurdle for
a modeler: they may expect that adding an interaction to a model may change only a few attractor states,
but instead in most models one change can significantly alter their behavior. A dramatic example of this
phenomena is shown in Figure 2.8, which shows that adding a single inhibitory interaction to the model
causes a 56 edit change in attractors. This means that nearly every attractor (14 out of 16) was completely
different after adding a single interaction to the model.

While an experienced Boolean modeler may see this change to the model’s update rules and easily rec-
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Figure 2.7: Distribution of the largest changes in attractors induced by a single change to a model. Using the
same process described in Fig. 2.6, I calculated the largest changes to each model’s attractors that could be
caused by adding or removing one interaction. The orange line indicates the median of the distribution (edit
distance of 24)

n®@ := not (nl or n2)
nl := (n2 or n3) and not (n0O)
n2 := not (nl or n3)
n3 := (nl or n2) and not (n0O)

Figure 2.8: Model with large change in attractors caused by one new interaction. Green lines indicate acti-
vating interactions and red indicate inhibiting. The corresponding rules are shown below in text form. The
dashed red line (annotated in orange in the rules) was added to the model. This one new interaction almost
completely changed the attractors, resulting in an edit distance of 56 out of a maximum of 64.
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Figure 2.9: Distributions of edit distances across all possible changes to models, separated by type of change.
Each violin plot shows the edit distances caused by the type of change.

ognize its significance, is not immediately clear what features separate this change from more benign inter-
actions. When we look at the edit distances across all the tested changes, there are not drastic differences in
the degree of attractor changes caused by any particular type of change. As shown in Figure 2.9, the largest
changes are caused adding inhibitors and deleting activators, but the median changes are broadly similar
across all change types. This argues against the utility of a simple heuristic for understanding the types of
changes to a model that are likely to drastically affect its behavior. This aligns with the failure of the simple
heuristic for selecting models with collapsed attractors that was based on the proportion of interaction types
shown in Figure 2.1 and described in Section 2.2.

To summarize, many changes to models will only slightly change their behavior. Nonetheless most
models have at least one change to their interactions that will drastically change its attractors and this is not
easily predicted with simple features of the change. These unpredictable discontinuities in model behavior

complicate the usual strategy of building models iteratively.
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2.5 Conclusion

Taken together, these empirical observations of a large collection of models show that constructing Boolean
models by hand is extremely difficult. As I show in Section 2.2, finding a model with precisely the desired
attractors is likely to be time-consuming, as one must search through an enormous space of possibilities. Fur-
ther, the typical strategy for searching (trial and error) is made more difficult by discontinuities in the space of
model behavior, which could complicate iterative model building. As I show in Section 2.4 a single change
to a model can often drastically and unpredictably change its behavior. Finally, when a researcher finds a
model with desired behavior, this may only be one of thousands of models that have the same attractors, rais-
ing the possibility that another completely different model may have the same behavior but a more accurate
mechanism. Thus, a researcher would have to repeat the search process an untenable number of times.

A skilled model builder may be able to recognize patterns in data and associate these with specific struc-
tural motifs, which would aid them in quickly constructing data-consistent models. An algorithm which could
quickly find and exploit these same favorable structural motifs could generate models with data consistent
behavior much more quickly and in much higher quantities than a person working by hand. In the following
sections I describe my work in building and testing the computational tools required to allow a algorithm to

generate Boolean models.
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CHAPTER 3

Automated computational search methods can help overcome the difficulties of constructing models

As described in the Chapter 1, computational models are key tools for understanding the complex connec-
tions and dynamics present in cellular systems. However, Chapter 2 showed that these models are inherently
difficult and time consuming to create. A modeler must search through a vast, discontinuous space of pos-
sibilities to find a relatively small set of models with the desired behavior. This set of models with ”good”
behavior may still be quite large, spanning thousands of variations, many of which may share vary few inter-
actions in common. This motivates the use of automated techniques that can find sets of interactions that lead
to the desired behavior. In this chapter I will describe a method I developed for automatically constructing
Boolean models. However, I am not the first to pursue this line of research, and in the section below I will

first describe some previous efforts to automatically construct Boolean models.

3.1 Previous approaches to Boolean model synthesis
The first attempt to synthesize Boolean models with specific steady state behavior was proposed in by Pal
et al. This work proposed two algorithms. In the first algorithm, a random search generated update rules
while the second algorithm randomly generated a full state transition graph from which corresponding rules
were deduced. In both cases, the resulting models were checked for consistency with the desired attractors
and inconsistent models were discarded. However, these algorithms are limited by scalability of the naive
random search method and would struggle to produce data-consistent models with more than a few interacting
species.

More recent approaches make use of more efficient algorithms, and allow generation of larger models
than in the approaches proposed by Pal et al. These techniques for synthesizing Boolean models can be

divided into two categories: constraint solving and optimization.

3.1.1 Constraint solver based methods

Constraint solving based methods pose the problem as a series of abstract logical constraints, e.g. that each
species can have only two states and that the update functions must be consistent with steady states described
in the data. These constraints are encoded as Boolean logic statements or in a more abstract formalism such
as answer set programming (ASP) or satisfiability modulo theories (SMT) problems. Specialized solvers then
find a set of models which satisfy all the constraints specified by the data and the modeling assumptions.

SMT solvers and other logic programming techniques are specialist tools, designed primarily for use by
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practitioners of non-biological fields such as operations research or computer security. To ease applications
to biology, Yordanov et al. (2016) introduced RE:IN, a domain specific language to describe experimental
observations, prior knowledge, and initial conditions. Programs written in RE:IN’s language are converted
into constraints in the SMT formalism and solved to generate a set of models satisfying the constraints.

Fisher et al. (2015) also employ SMT solving but introduce a unique modeling assumption for single
cell data. Single cell RNA expression measurements are assumed to represent individual states which are
connected to other similar, observed states, forming a data-derived state transition graph. The sequence of
state transitions between an assumed starting and ending state in the graph are encoded as SMT constraints.
Solving these constraints generates a set of update rules which are consistent with the given state transition
graph.

While Fisher et al. assume that scRNA-seq data encodes a full continuum of initial, intermediate, and
final cellular states, most previous work assumes that the data encodes only the steady states of the system.
Chevalier et al. (2019) make this assumption but allow an incrementally more complex constaint: including
explicit specification of the reachability (or not) of steady states from each initial condition. Further, this
work utilizes a novel updating scheme, termed “most permissive”, which is a generalization of asynchronous
updating. These constraints are encoded in the Answer Set Programming formalism; the constraints are then

solved to produce consistent models.

3.1.2 Stochastic optimization based methods

In general, optimization based methods generate a novel set of update rules, simulate them to get the corre-
sponding steady states, compute goodness of fit scores between the simulated and desired attractors, then use
heuristics to suggest a new variation to the model, repeating the process until convergence.

Saez-Rodriguez and colleagues have developed several related methods that fit the topology and reg-
ulatory interactions of Boolean networks to measurements from perturbation assays. This work was first
introduced in Saez-Rodriguez et al. (2009). Their method, named CelINOptr, converts a prior knowledge
network (e.g. a subset of an interaction database) into a Boolean model. They pre-process the network to
remove unidentifiable nodes, then apply a genetic algorithm to select a topology and update rules that best fit
experimental data.

Similar to CellNOptr, PRUNET applies a evolutionary algorithm to select a model with a subset of inter-
actions from a prior knowledge network, simulates the model, then compares the steady states to observed
data (Rodriguez et al., 2015). BTR applies a similar procedure to select a model topology, with a key differ-
ence being the asynchronous updating scheme (Lim et al., 2016). This allows non-determinism and multiple

possible steady states from a single initial condition. To account for this non-determinism, Lim et al. intro-
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duce a scoring function (termed Boolean state space scoring) that can incorporate this additional complexity.

Similar to BTR, Dorier et al. (2016) uses a genetic algorithm to synthesize an asynchronously updating
Boolean network. In contrast to BTR, this method assumes that each measurement comprises two steady
states connected by a perturbation. Further, this method selects which species to include in the model as well
as interactions between them.

Many of the previous methods are primarily concerned with better understanding or manipulating the
regulatory structure of biological networks. Crespo et al. (2013) instead use Boolean models to impute the
expression of unmeasured species. Their method first expands a core model to include unmeasured species
that interact with species in the core model. Then, they employ an optimization algorithm to select a subset
of the expanded network with steady states that match the measured species. The imputed value of the

unmeasured species is their steady state value from the simulation of the optimized model.

3.1.3 Hybrid Approaches

Prugger et al. (2020) can be be seen as a bridge between optimization and logic solver based methods.
The authors assume that attractors are probabilistic, with each initial state having a probability of reaching
each attractor. They use a novel logic based approach to generate a stochastic state transition graph that
has the desired attractors. They infer the update rules that are consistent with the state transition graph and
asynchronously simulate the inferred rules to determine attractor state probabilities. To improve consistency
between the attractor probabilities and the data, they use a genetic algorithm to alter the state transition graph
so that it more closely matches the desired attractor probabilities. This mix of optimization and logic solving
combines the benefits of both approaches, and allows them to model non-deterministic cell fate decisions like
epithelial to mesenchymal state transitions in cancer.

Aghamiri and Delaplace’s Taboon algorithm (Aghamiri and Delaplace, 2020) could be viewed as an
inverse to Prugger et al . Prugger et al. optimizes a state transition graph and infers the corresponding rules.
Conversely, Taboon directly generates rules then simulates them to determine whether the corresponding state
transition graph matches the desired attractor distribution. To generate the rules, they first solve a satisfiability
problem to find a set of possible update rules that are consistent with the steady states. They then apply an
optimization algorithm called Tabu search to find the subset of consistent formulas that generate steady states

that match experimental observations.

3.1.4 Comparison between approaches
While both optimization and constraint solvers solve the same problem, their differing computational ap-

proaches offer several advantages and disadvantages when compared to each other. In terms of scalability

28



and computational resources, constraint solvers are more efficient than optimization algorithms. One reason
for this is that each round of optimization requires simulating many new variations of models. In contrast,
constraint solvers exploit mathematical structures such as convexity, lower/upper bounds (Land and Doig,
1960), or local constraint consistency (Dechter, 2003) to efficiently find the space of models that satisfy
all constraints and therefore generate the desired behavior by construction, requiring no simulation of the
models.

However, choosing a set of constraints that enforce the desired attractors is far from trivial. For example,
in Chevalier et al. (2019) the Answer Set Programming approach requires formulating at least forty con-
straints in highly abstract terms that indirectly specify the desired behavior. Specifying a novel behavior or
perturbation, such as a transient knockout due to drug treatment, would require significant and unintuitive
changes to the constraints. In contrast, optimization based approaches are conceptually much simpler, re-
quiring only a search algorithm, specification of a model’s rules, and a Boolean model simulator. Arbitrary
alterations to the simulation, like the aforementioned temporary knockout, or addition of complex model
structures, such as multi-cellularity, are implemented as direct changes to the model or simulator and are easy
to test and verify.

As a final note on the limitations of constraint solvers, they only generate models that perfectly satisfy all
constraints. However, this assumes that models are only valid if their behavior perfectly recreates the input
data. Given the noisiness of cellular data and the imperfect process of binarizing continuous measurements,
one may want to find and analyze models that generate only partially consistent behavior. In the worst case,
the constraint solver may find zero models that perfectly satisfy the constraints. In contrast, optimization
approaches generate models with a spectrum of behaviors. Even when no models are exactly consistent with
a desired set of attractors, optimization approaches can generate models that are as close as possible to the
correct behavior. The user is then free to choose a set of models with the most biologically valid behavior
based on their own intuition or supporting evidence. As mentioned above, the flexibility of optimization
approaches comes with the penalty of high computational cost associated with simulating each proposed
model. This can be mitigated by parallelizing the search and simulation procedures, which I will explore and

discuss for our method in Section 3.2.2.

3.2 Applying Monte Carlo Tree Search (MCTS) to model synthesis

Given the flexibility and conceptual simplicity of optimization approaches, I decided to explore their appli-
cation to Boolean model synthesis. Most previous approaches (see Section 3.1.2) use genetic algorithms
for generating and optimizing the Boolean models. While genetic algorithms have a long history, dating

back to 1970’s (Holland, 1975), more recent research on game playing algorithms introduced a very effective
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search technique: Monte Carlo Tree Search (MCTS). Briefly, MCTS is a discrete optimization algorithm
that iteratively explores search space, choosing possible combinations of actions from a tree structure that is
augmented with statistical bounds.

Monte Carlo Tree Search was introduced in Kocsis and Szepesvari (2006) as an algorithm for selecting
the best moves in games like Go or chess. The effectiveness of this family of algorithms in game playing was
quickly proven by Coulom (2006), who applied a close variant of MCTS to win a tournament of Go playing
algorithms. Then, in 2016 a variant of MCTS that employed neural networks defeated the best human players
of Go and later proved extremely powerful in playing other games such as chess (Silver et al., 2018). These
games feature extremely large spaces of possible moves, comparable in size to the space of possible Boolean
models. The success of MCTS in finding good subsets of Go moves suggested that it may be an efficient
algorithm for finding good sets of interactions in Boolean models. To my knowledge, MCTS has not been
applied to Boolean model synthesis.

I will explore the MCTS algorithm in greater depth in Section 3.2.1 below, explaining how it functions

and show in Section 3.2.2 how to adapt it to the task of Boolean model synthesis.

3.2.1 Overview of Monte Carlo Tree Search (MCTS)

The most basic form of MCTS only requires two inputs from the user: a list of possible actions and an
evaluation function. In the case of Boolean model synthesis, the list of actions is the set of all possible
interactions that can be added to a model. As I will describe in more detail below, each iteraction of MCTS
chooses one interaction from this list. Combinations of interactions then form branches of a search tree,
which MCTS explores or prunes based on the scores from an evaluation function. The evaluation function
is simply any function that assigns a score to a combination of actions. For Boolean models I developed
an evaluation function that measures the similarity between the model’s attractors and the desired attractors
using a metric that I describe in Section 3.2.3.

Using these two inputs, MCTS then repeatedly iterates through four phases: selection, expansion, rollout,
and backpropagation.

During selection, MCTS descends the search tree, choosing the child branch using a statistical estimate
of the quality or value of the actions on that branch. Upon reaching a leaf node, MCTS expands the leaf by
creating new child nodes for all possible subsequent actions.

After selecting and then expanding a leaf node, MCTS performs a random rollout. This consists of
randomly selecting actions, stopping when a special “’stop” action is chosen. After stopping, the evaluation
function is calculated on the selected branch’s actions plus actions from the random rollout. The purpose of

the random rollout is to provide a stochastic estimate of the best score that can be achieved by a given branch
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of the search tree.

In the case of Boolean model synthesis, the model corresponding to the branch’s interactions is simulated
and the evaluation function is the edit distance (Fig. 3.2) between the model’s simulated attractors and the
desired attractors specified by the user.

This estimate is then improved through the backpropagation process. Each node in the search tree main-
tains two statistics: number of visits (¥,) and best similarity (D*). N, is the number of times the selection step
has chosen a branch containing the given node. After simulating and scoring a rollout, MCTS ascends the
search tree from the leaf towards the root. At each node in this path, it increments the number of visits, N,.
If the similarity of the rollout Z is greater than D* then it sets D* := Z. These statistics are used to calculate

the upper confidence bound (UCB), which guides the selection process, as described above.

lan(}’ti)

UCB=92"+c¢y| ——=
Nv(nj)

where N(n;) is the number of visits of the current node »; and its child node n;. c is an exploration constant.
The exploration constant is a hyperparameter that balances exploration vs exploitation in the search. I use
an exploration constant that decays with each iteration, favoring exploitation of high quality branches at later
iterations.

Figure 3.1 shows an overview of the MCTS algorithm applied to Boolean model synthesis. The search
tree is shown on the right, as well as examples of the visit statistics and scores for each branch. The branch
labeled in gray is represented on the left side as the sequence of models corresponding to each labeled node
in the search tree. This also illustrates the use of the UCB to select branches for exploration. Branches
with a low number of visits but high evaluation scores will have a high upper bound, leading to higher
exploration, demonstrated by the left-most branch. Other branches that have been extensively explored (right-
most branch) have a lower upper bound and will have a lower probability of further exploration, as will
branches with low evaluation scores.

One cycle of selection, expansion, rollout and backpropagation constitutes an iteration of the algorithm.
The user can choose a fixed number of iterations or a time limit at which to halt the search. Once this limit
is reached, the selection procedure is run from the root node of the search tree, choosing the branch that
yielded the best models. The search is then restarted after adding the selected interaction to a base model.
All subsequent search steps will then include the selected interaction. Restarting the search with a partially
constructed model allows MCTS to efficiently probe deeper into the search space, following branches that

consistently yield good results.
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Figure 3.1: Overview of MCTS. On the left are the Boolean models corresponding to the branch of the search
tree shown on the right, denoted M1, M2, M3. At each node in the tree, we also show the average score of
models on the branch and the number of times the MCTS algorithm has visited the branch. These statistics
are used to calculate the upper bound. In the bottom right, we show a conceptual overview of the functional
form of the upper bound. In short, MCTS will aggressively explore branches with high scores but low number
of visits. More exploration (i.e. a higher visit count) will progressively lower the upper bound until MCTS
chooses another branch to explore.
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3.2.2 Model Construction and Simulation

To apply Monte Carlo Tree Search to Boolean model synthesis I developed methods for constructing and
simulating Boolean models which I will describe in Section 3.2.2 as well as a method for scoring the similarity
of their attractors to experimental data, described in Section 3.2.3

As I describe above, MCTS iteratively selects and evaluates actions. For Boolean model synthesis, each
action corresponds to adding an interaction to a Boolean model. These interactions can be either activating
or inhibiting. Each species can have many activating or inhibiting regulators, which determine its state at
the next update step. We use the dominant inhibition form of update rules. This means that if any inhibiting
regulator is active then its target is inactivated. If no inhibitors are active and at least one activator is active,
then the target is activated. Mathematically, this takes the following form:

x T =(act, or act} or ... act!)) and not (inh, or inh! or ... inh,)

Here, x is the species in the model that will be updated, act| , and ink| , are the states (at time ) of other
species in the network that regulate the target node. Both act; and inh; can be a single species or composites
of of two or more species connected by an and clause, e.g. (a and b).

During the search, the update rules in the Boolean models are maintained in a parse tree representation.
This eases the manipulation of the model’s rules, with each new interaction added as new leaf on the parse

tree. During simulation, this tree is converted to a logical expression in Python code, which is then evaluated
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by the Python interpreter. In future work this representation could also allow this method to convert the tree
representation to other forms that allow more complex or efficient simulators, such as numpy (Harris et al.,
2020) or PySB (Lopez et al., 2013).

After adding a new interaction to a model, we remove the corresponding inhibiting and activating interac-
tions from the action list. This prevents MCTS from adding both activating and inhibiting interactions from
a single source to a single target species. Users can apply more complex manipulations to the list of possible
interactions to inject their prior knowledge of the system. For example, one could restrict possible interac-
tions to only those in a database of transcription factor and gene pairs or from results of a tandem affinity
purification experiment. Further, one could limit the number of interactions that a given species participates
in by removing all interactions that include that species once the limit is reached during the search.

Each action has a user-defined prior probability of being selected. By default the actions are given an
identical uniform prior probability. However, these priors can be manually specified based on preferences
of the user to bias the search towards interactions that have more experimental evidence or a higher degree
of certainty associated with them. The “stop” action has a manually chosen prior probability. Increasing or
decreasing the stop action’s prior probability corresponds to increasing or decreasing the average number of
interactions that are added in random rollouts.

For simulation, my method uses synchronous updating, meaning that at each step the simulator applies
the corresponding update equations to every species in the model. My simulator detects both stable and cyclic
attractors by tracking previous states and halting simulation when the state matches a previously simulated

state.

3.2.3 Attractor Similarity Scoring

I developed an edit distance metric that compares the user’s desired attractors to a model’s simulated attrac-
tors. An example of the execution of the algorithm that computes the metric is shown in Figure 3.2. This
distance is used as the evaluation function, guiding MCTS towards models that generate steady states that are
similar to the data.

At each step of the distance calculation, we identify every attractor state s; in the simulation set where the
occurrence count of the attractor is different between simulation and data (c; # c;). We then calculate “edits”,
which is changing one attractor state to another. The cost C of an edit is the Manhattan distance between
the bit vectors representing the state of the individual species in each attractor. We then find the edit with
minimum cost that would maximally reduce c; —c;. We apply these edits by changing the occurrence count of
the edited simulation state, then repeat the process until all occurrence counts are equal between simulation

and data. By accumulating edit costs at each step we obtain a total edit distance between simulated and
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Figure 3.2: Example distance calculation for a system with five genes. Top row: Example attractors (left)
are generated by simulating a model. The expression data (middle left) against which simulated attractors
will be compared is also shown. Note that the data has three unique attractor states denoted D; while the
simulation only has two, denoted M;. To calculate the first entry in the distance matrix (right) attractor states
M, and reference states D; are compared. Differences are assigned a ’1” while matches are assigned a
”0”. As shown, the distance between states M; and D; is ’3” because they differ at three genes (C,D,E).
Bottom boxes: Sequence of edits required to calculate the distance between simulation attractors (M) and
data attractors (D). In the first step (1), we choose an edit by selecting the smallest valid distance from the
distance matrix. This edit changes one of the M attractors to D;, but these are already identical, so the cost
is zero. In step two (2) we select the next smallest distance (M, to Dy, with distance two) and change two
attractors for a total cost of four. In step three (3) and four (4) we continue the same process. Note that in step
three we remove multiple edits involving M, from consideration, as all of the available M, states have been
edited already. In step four, the new state exactly equals D, so we halt the process with a final edit distance
of ten.
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measured attractor sets. This is normalized between (0, 1) by dividing by the maximum possible edit distance

|si| - Ne, where |s;] is the number species in the model and N, is the sum of occurrence counts.
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where N, is the number of edits required, and Cy is the cost of the edit at step k.

3.2.4 Extensions to MCTS

Reviewing the literature on applications of the MCTS algorithm revealed that several changes to the algorithm
have been proposed to improve its performance. Specifically, I was interested in several modifications that
adapt MCTS to playing “’single player” games, essentially solving puzzles, which are directly analogous to
synthesizing data-consistent Boolean models. Below I will briefly explain three modifications that I applied
to the MCTS algorithm.

RAVE (Gelly and Silver, 2011) - In standard MCTS, the estimated best value of a given action (i.e. adding
an interaction to the model) is computed by backpropagating similarity scores from all random rollouts of
children of that node in the search tree. Thus, the action’s value estimate is limited to rollouts from its branch
of the tree. However, other branches of the search tree may include the same action, but in a different context.
Thus, rollouts from other branches could provide some information about the average value of the action.
This is the motivating insight of RAVE. RAVE maintains a list of actions with their number of visits and best
values, accumulated across all branches. During selection, a node’s value is calculated as a weighted average

of the RAVE aggregated value and the standard (branch specific) value.

9 = (1= B(ni.k)) 2" + Bni, k) 77

Here, Z* is the branch-specific value, 27" is the accumulated RAVE value, and 9 is their weighted average.
The weighting factor 3(n;, k) is a heuristically determined function of the number of visits to search tree node

n; and a parameter k that determines the number of visits when 2* and 2" are weighted equally:

k
BUik) =\ | 3§ o Tk

The weighted average is then substituted into the UCB calculation during selection:

InN, (n;)

UCB=9% +c
Nv(nj)

35



The practical effect of RAVE is to use the global, accumulated value estimate when a specific branch has
not been visited very often. As the branch is visited more often, RAVE down-weights the global estimate,
preferring the branch specific value estimate. This allows strong estimates of the value of an action early in
the search process by leveraging the value of the action on other branches.

Nested MCTS (Rosin, 2011) - The basic implementation of MCTS discards the sequence of actions in each
rollouts, only accumulating their evaluation function scores into the statistics that form the UCB. However,
the best rollouts achieve high evaluation scores, which strongly indicates specific sequences of actions that
should be explored further. Nested MCTS retains the sequence of actions taken by the rollouts with the
highest rewards. At each search step, nested MCTS generates a set of random rollouts and stores the sequence
of action in the best rollout. In the subsequent search step, more rollouts are generated, but if they fail to find
a rollout with a higher evaluation score, then nested MCTS takes the action from the previous best sequence.
This allows MCTS to retain very high scoring sequences instead of trying to find high scoring rollouts at each
search step. Given the discontinuities in Boolean model search space discussed in Section 2.4, this allows
nested MCTS to retain information about the relatively rare actions that can drastically shift the models
actions towards the desired behavior.

Branch Retention - As explained above, nested search allows MCTS to retain the best rollouts from
previous search steps. However, the statistics stored at each node of the tree are still lost when the search
is restarted. I modified MCTS to retain the search statistics accumulated during the search step, an option I
refer to as “’branch retention”. Similar to nested MCTS, this allows the algorithm to re-use experiences from
previous search steps, rather than restarting the exploration process after taking each action.

Farallelization - We parallelize the search by simply running multiple searches independently with no
communication. We implemented our computational pipeline in Python, which has limited facilities for
efficient shared memory parallelism. This limited our ability to maintain a single shared search tree that could
be independently updated by parallel processes. While this prevents information sharing between processes,
this does encourage diversity of the results between independent processes, as they each operate on unique

search trees.

3.3 Validation of MCTS for Boolean model synthesis

Here I describe validation experiments, showing that MCTS can find models with a wide variety of desired
behaviors and structures. We tested this by randomly generating models, simulating them, and then asking
MCTS to generate models with the same behavior and structure as the randomly generated models. Sections
3.3.1 and 3.3.2 describe the process of generating the test models and verifying that their behavior is repre-

sentative and realistic. Sections 3.3.3 and 3.3.4 describe how we tested MCTS’s ability to generate models
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with the desired behavior and rules.

3.3.1 Random Model Generation
In this section I will describe the method for creating the Boolean models that I will subsequently use to
validate MCTS’s ability to synthesize consistent models.

I generated action lists corresponding to all possible activating and inhibitory interactions between all
nodes. I then uniformly sampled a random number from the interval [.01,.06]. This became the threshold
value #,. Then for each action in the action list, I sampled a random number r from [0,1]. If » <z, I added
the action to the model, and discarded it otherwise.

After generating a model, I then generated a set of initial states. First, I sampled a uniform random
variable p,, from the (.2,.8) interval. I then generated initial states by sampling a Bernoulli random variable
n times with p = p,,, for each species in the model.

I simulated each random model from these associated initial states and randomly selected one of the

following checks to apply to its corresponding set of attractors:

|stable| > 1

|stable| > 2

|stable| > 3
|stable| > 1 and |cyclic| < 10
|stable| > 2 and |cyclic| < 10

|stable| > 3 and |cyclic| < 10

Here, |stable| and |cyclic| indicate the number of stable and cyclic attractors, respectively. These checks were
applied after observing that large number of randomly generated models collapsed to a single trivial attractor
of all active or inactive species, consistent with observations from Section 2.2.

I repeated this process 40 times for models with both 8 and 16 nodes, generating a total of 80 models.

Having randomly generated these models, I wanted to validate they had interesting, biologically realistic
behaviors. In the following section, I will further examine the characteristics of the initial states and attractors
generated by the random models, ensuring that they have diverse and complex behavior, similar to real bio-
logical data. This ensures that our validation experiments in Sections 3.3.3 and 3.3.4 are realistic, not asking

MCTS to recreate trivial or uninteresting attractors.

3.3.2 Characteristics of Random Models
First, I show properties of of the attractors of the randomly generated models. Table 3.1 shows the mean

and median number of stable and cyclic attractors. I also include the mean number of states in the cyclic
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attractors. This shows that there are, on average, more cyclic attractors than stable attractors in our randomly
generated models. However, our data set does include models that have only stable attractors. This tests the
ability of the MCTS algorithm to generate models that have both stable and cyclic attractors. Further, the tests
applied in the random generation process ensure that the models have multiple distinct attractors. Again, this
tests the ability of MCTS to find models with complex, realistic behavior. Typically, biological measurements
comprise multiple distinct cellular states and a modeler would like to generate a model that can account for
all the cellular states observed in the data. Thus, we would like for MCTS to also generate models that have
multiple distinct steady states. Table 3.1 shows that the randomly generated models have multiple attractors,
as desired.

Table 3.1: Number of attractors in randomly generated models

Stable Cyclic
Mean+Std Median | Mean+Std Median Cycle length
2.6%1.11 3.00 2.90+£1.75 3.00 2.65+0.91

8 species

16 species | 2.4+£1.30 2.00 3.59+2.47 3.00 3.37£1.91

In addition, Table 3.2 shows the proportion of active and inactive species in the attractors of the randomly
generated models. This shows that the attractors are not in the trivial “collapsed” state.
Table 3.2: Active/Inactive ratio of attractors from sampled models

Stable Cyclic
Mean+Std Median | Mean+Std Median
0.3+0.27 0.33 0.33+0.20 0.30

8 species

16 species | 0.2+0.21 0.19 0.28+0.17 0.30

Finally, Table 3.3 show the proportion of active and inactive states in the initial states used in our sim-
ulations of the randomly generated models. Again, this shows that the models generate realistic attractors
(described above) using initial states that have a diverse composition, testing my method’s ability to generate
good models across a variety of initial conditions.

Table 3.3: Active/Inactive ratio of initial states

| Mean+Std  Median
8 species 0.5+£0.10 0.47
16 species | 0.4+0.16 0.43

3.3.3 Steady State Behavioral Similarity
Having validated that our models will provide a realistic and diverse set of tests for MCTS, I applied MCTS
to attempt to find models with the same attractors as the random models. Figure 3.3a shows that the models

generated by MCTS at the beginning of the search process poorly matched the behavior of the ground truth
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models. This is expected, as the MCTS algorithm is effectively a random search process during the initial
steps. However, by the end of the search, MCTS reliably found models that had steady states with high
similarity to the ground truth models. Across all model sizes, MCTS was able to find several exact behavioral

matches, with a majority having > 95% similarity, as shown in Figure 3.3b.

3.3.4 Rule Set Similarity

In addition to the steady state behavior of the models, I was also concerned with the content of the update
rules generated by MCTS. As shown in Section 2.2 many possible rule sets can have the same steady state
behavior. However, Section 2.3 showed that many of these rule sets may be significantly different from each
other and, most importantly, different from the underlying biological system. Under novel perturbations or
conditions, these models may behave in radically different ways. Thus, I would like MCTS to find models
that match the behavior using rules that capture an accurate representation of the underlying system.

To validate MCTS in this regard, I tested its ability to generate models with interactions that are similar to
the reference models. In our tests, I quantified similarity by converting the update rules to sets of interactions
for both the reference (randomly generated) model and the model generated by MCTS. I then find the Jaccard
index between the two interaction sets. This process is illustrated in Figure 2.3. Higher Jaccard indexes
indicate that the MCTS model matches the reference interactions well.

With no restriction on the interactions selected by the model search process, MCTS was able to find
models with behavior that exactly matched the steady states of the reference models, but using rule sets that
differed by as much as 80%. This corresponds to the left-most column of Figure 3.4, with zero reduction in
search space, indicating that MCTS was generating models using all possible interactions and no bias towards
the true reference interactions.

I next investigated the effect of utilizing “’prior knowledge” on MCTS’s ability to recover correct rules.
As noted above, model inference is an underconstrained problem with many possible models having data-
consistent behavior, and so ruling out infeasible interactions can reduce the number of spurious models.
I simulated varying levels of prior knowledge by randomly removing incorrect interactions from MCTS’s
action list, while retaining all of the correct interactions. I repeated the search five times, removing 10%,
25%, 50%, 75%, and then 90% of incorrect interactions from a set of 80 models. The aggregated Jaccard
similarities for each percentage are shown in Figure 3.4. For models with both 8 and 16 species, increasing
prior knowledge increased the Jaccard similarity to the reference data, as expected.

If we assume that a modeler uses a public database of biological knowledge (e.g. protein interactions)
to rule out infeasible or unrealistic interactions, then one should note that most protein-protein interaction

databases are much sparser than our highest level of prior knowledge tested above (90% sparsity). For
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Figure 3.3: a) Orange histogram depicts distribution of similarities from the first one thousand models sam-
pled during the MCTS search. Blue histogram is the distribution of similarities from the last thousand models.
The blue distribution is significantly shifted towards higher rewards, indicating that MCTS was systemati-
cally sampling good models. b) Distribution of highest reward obtained by each independent search process.

Most searches found models with > 90% similarity.
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Figure 3.4: Jaccard similarity between synthetic reference and generated models with varying levels of prior
knowledge. The violin plots show the distribution of Jaccard similarities achieved by MCTS for synthetic
models. The horizontal axis shows varying proportions of incorrect interactions randomly removed from
the list of actions that MCTS can choose when generating models. Removal of incorrect edges simulates
the effect of prior knowledge, for example using only interactions from a database of validated biochemical
interactions. As expected, higher levels of prior knowledge lead to higher Jaccard similarities, as MCTS has
a higher probability of choosing correct interactions from a smaller list.
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example, BioGRID (version 4.4.2021) has 26k genes and 806k interactions, which corresponds to a 99.9%
reduction from all possible interactions (Oughtred et al., 2021). Thus, these tests simulate a very difficult

scenario, relying on much less prior knowledge than is available in biochemical interaction databases.

3.4 Discussion and future directions

Through this thesis, I have attempted to push forward three main points. First computational models are
crucial for understanding biology, and Boolean models are particularly useful. Second, Boolean models are
hard to build. Finally, automated methods, particularly Monte Carlo Tree Search, are capable of automatically
generating diverse, accurate Boolean models.

In Chapter 1, I explored how complex, networked phenomena are both crucial to life but also impen-
etrably difficult to understand without the aid of a computational model. However, building an accurate,
comprehensive model is no trivial task. As I show through empirical evidence in Chapter 2, finding a model
with the right behavior is fraught with challenges, primarily due to the enormous space of possibilities and
the discontinuous, non-linear behavior of Boolean models.

The difficulty of this problem strongly suggests that automated methods could more easily generate sets
of Boolean models whose behavior matches experimental observations. In this chapter I explored a novel
method for synthesizing data-consistent Boolean models. However, I am not the first to make this conjecture
and I briefly review existing methods for this task in Section 3.1. Many of these previous methods rely
on traditional stochastic optimization techniques such as genetic optimization algorithms. Inspired by recent
successes in game playing algorithms, I show that the Monte Carlo Tree Search (MCTS) algorithm (described
in Section 3.2.1) is an effective method for constructing Boolean models. This required developing several
novel techniques and adapting MCTS to Boolean model synthesis. Specifically, I describe a method for
evaluating similarity between simulated and desired attractors and data in Section 3.2.3 and adaptations and
extensions of MCTS in Sections 3.2.2 and 3.2.4.

Having described the framework I developed around MCTS, I then show that it works well and generalizes
to a variety of tasks and input data. I demonstrate this through several experiments on synthetic, randomly
generated models. However, even generating random data that has realistic characteristics is not totally
straightforward, as I show in Section 3.3.1. Using the validated collection of random data, I ask two questions.
First, can MCTS generate models with the correct behavior? Second, can MCTS recreate the correct behavior
using the same rules as the original models? In Section 3.3.3, I show that MCTS is very effective at finding
models that have the desired behavior. However, as I previously observed in Section 2.2, many models with
the desired behavior had largely different mechanisms from the reference model. This led me to check in

Section 3.3.4 whether MCTS generates any models with the correct behavior using the same interactions as
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the reference model. My experiments highlighted the importance of utilizing prior knowledge to bias and
restrict the search space to generate models with the correct mechanisms.

To conclude, automated methods are a practical requirement for finding accurate Boolean models, given
the immense difficulty of the problem. I develop a novel approach to automatically constructing Boolean
models that utilizes Monte Carlo Tree Search and I show that it is effective at generating Boolean models that
have the correct behavior and structure.

For future work, an obvious first step is to apply MCTS to experimental data to generate models of a
biological system. Applying MCTS to a well-known model system could validate whether the algorithm can
automatically generate the same rules and interactions as a model that was crafted by hand. In that regard,
Albert and Othmer’s model of the Drosophila segment polarity network is an appealing test bed. Their
model of this Drosophila development gene circuit is multi-cellular with complex constraints, comprising
gene expression and cross-membrane protein interactions. This would demonstrate MCTS’s ability in a
complicated, realistic context. Further, their model was hand-crafted based on extensive literature review. If
MCTS can generate models with the same rules as Albert and Othmer’s model, then this shows the power of
automated model synthesis to discover the same interactions proposed by skilled model builders. In addition,
if MCTS can discover new interactions not proposed by Albert and Othmer, this could shed light on novel
regulatory mechanisms in this well-studied system.

However, the true test of an automated model building system would be to generate models of a system
that does not have a well known reference. In this regard, the gene regulatory networks underlying cancer are
attractive potential targets. This is especially true for cancer types that do not have common genetic drivers
in known pathways. Small cell lung cancer (SCLC) is a particularly deadly form of cancer that doesn’t have
well defined genetic subtypes. While virtually all SCLC has mutations in two common cancer driver genes,
some subsets of SCLC cells seem be more aggressive, especially in tumors that emerge after treatment. These
subtypes of SCLC don’t have specific genetic mutations that distinguish them (George et al., 2015). Instead,
their phenotypes are driven by differing profiles of gene expression (Gay et al., 2021). This naturally leads to
the question of how these expression profiles emerge. Another way of framing this question is “what is the
structure of the gene regulatory network that has these expression profiles as steady states?”. An automated
model synthesis tool could provide insight into this question by generating models with attractors that are
consistent with subtype expression profiles. As I described in Chapter 1, models of this system would allow
researchers to ask a variety of questions. Which perturbations change the system’s behavior? Can aggressive
subtypes be targeted specifically? Is the gene regulatory network “rewired” compared to normal lung tissue?

More generally, I hope to make these capabilities more widely available by releasing this software under

an open source license. Wider use of automated methods for model synthesis could have several effects.
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First, as noted in my discussion of cross-talk in Section 1.1.1, biomedical literature is biased towards study
of a few well-known genes and pathways. While this has yielded deep knowledge and several successful
therapies targeting these genes and pathways, there still remains a long tail of genes, proteins, pathways, and
interactions that remain profoundly mysterious. Automated methods do not necessarily have biases towards
well-known mechanisms; as I showed in Section 3.3.4, my method can generate models with consistent
behavior but a wide variety of mechanisms. This suggests that more widespread use of automated model
synthesis methods could spur research into novel or under-studied interactions or mechanisms if they are
suggested by unbiased algorithms. Additionally, automated methods could allow a democratization and
proliferation of quantitative, computational modeling. As I showed in Chapter 2, building models is fraught
with difficulty and, as such, largely remains the province of specialists. I hope that the method I describe here
can become an accessible tool for researchers who are not skilled in model building, allowing them to quickly
generate models based on their data. Further, I hope skilled modelers can use automated methods to suggest
novel mechanisms or quickly expand a manually constructed model. Finally, if automated methods fulfil
the lofty promise of democratizing computational modeling, this would generate a profusion of models from
researchers studying different biological systems and contexts. Careful examination, curation, and integration
of these models could ultimately produce comprehensive ”whole cell” models that more accurately represent
broad phenotypic responses involving interactions between all cellular systems. Such an undertaking would
be enormously complex and remains far in the future. However, the complexity of cellular systems and the
difficulty of modeling them suggests that automated model construction methods, such as the one I developed,

would be a key part of fully describing cellular behavior.
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