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Abstract

Unpacking the role of complexity in multi-class models of the tumor microenvironment

Jason Y. Cain

Chair of the Supervisory Committee:
Associate Professor Neda Bagheri
Biology and Chemical Engineering

Cancer is an emergent phenotype generally resulting from the disregulation of cell deci-
sion processes as well as the disregulation of cell interactions with their microenvironment.
However, the tumor microenvironment (TME) is difficult to probe and experimentally in-
terrogate. This relative inaccessibility motivates the construction of computational models
to generate hypothesies and design high impact experiments. Efforts to study this system
holistically neccessitate considerations of the resulting complexity in the compuational mod-
els describing it. Leveraging diverse modeling paradigms can generate in silico approaches
towards biological parity, but the compounding complexity resulting from this integration
must be properly managed.

Agent-based models (ABM) are a popular approach to study emergence in multi-scale
systems with complex interactions. ABM modularity provides a means of incorporating
mutiple classes of models that can be regulated at different scales in an intuitive manner.

However, robust analysis methods remain an open challenge. The multi-class nature of



many ABMs leads to limited application of traditional parameter assessment methods such
as sensitivity analysis or optimization, which can present challenges to their validation.
Thus, many techniques to analyze ABMs are analagous to those found in high-resolution

experimental methods, where ABMs are treated as in silico test beds.

I discuss many of the challenges and approaches to studying biological phenomena with
complex ABMs, especially in cases with the dynamic coupling between agents and their
environment. I highlight a review article discussing both the growing popularity and the
resulting challenges of combining modeling paradigms. I then present work leveraging ma-
chine learning techniques to emulate the simulation outputs from an ABM towards priori-
tizing data acquisition and resolution in the TME. We identify a gap between the between
spatio-temporal emergent phenomena and information used to build robust emulation mod-
els. Counter-intuitively, spatial information confers far less benefit than leveraging temporal
information to predict tumor aggression metrics. I also present results towards leveraging
ABMs as an platform for translating in vitro derived models to in situ contexts. I integrate
a mechanistic model of hypoxia-induced factors (HIFs), an ubiquitous feature in cancer
progression, into a TME ABM. This platform enables predictions of additional regulation

requirements for key growth factors.

I conclude with a perspective on the current state of code commonly found in academic
journals and methods to improve code and reproducibility, through analogies from experi-

mental biology. I then highlight many possible directions of continuing and extending the



research outlined in this dissertation specifically in the context of emulating agent-based

models and characterizing angiognesis in the TME.
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Chapter 1

INTRODUCTION

1.1 Overview

Computational models allow us to streamline science. Need a distribution? Run simulations.
Interested in a perturbation? Change parameters. Want to generate hypotheses? Modify
behaviors. The philosophical utility of computational models is clear: they save time by
shifting the laborious component of running experiments to model development. What

happens when models become as complex as the systems they are meant to study?

Currently, computational models offer unrealized potential to predict how the whole of
a biological system is different than the sum of its individual parts, but the rising level of
complexity—here, interactions, species, parameters, etc.—introduces new challenges. Un-
packing biological complexity requires computational models capable of linking emergent
behavior to underlying “rules of life”. However, as we include more and more interactions
there are universal considerations that need to be addressed regardless of the class of model
that is being used: (1) Assumptions—comprimises between biological parity and computa-
tional abstraction—accumulate throughout the development process; (2) Extracting insight
from these models can require layering even more complexity by requiring more sophisticated

analysis techniques; (3) Capturing more information and calculations incurs computational



cost by increasing memory and processor loads, respectively. At minimum, these limita-
tions must be acknowledged to truly unlock the potential of computational approaches. In
this dissertation, I explore these considerations through agent-based modeling, a framework

uniquely suited to modeling emergence.

In Chapter 2, I discuss the recent trend in systems computational biology to combine
modeling classes or design paradigms together in order to build models that can support
novel biological insights. Much of managing complexity in computational models has tra-
ditionally been through the deliberate use of specific design paradigms, here presented as
data—-driven, mechanism-driven, and agent-driven. However, many recent mod-
els have been leveraging composite models, combining the utility and benefits of each indi-
vidual component. While these models demonstrate incredibly promising results, especially
those fostering collaborations among computational researchers and with experimental re-

searchers, there are still many open challenges.

In Chapter 3, I present research on the composite modeling strategy of emulation.
Emulation is a potential avenue to reducing the computational burden of running increasingly
complex high-resolution computational models. We find that the predictive power of many
machine learning models are fairly limited unless the temporal evolution of the environment
is accounted for. The limited performance of these models underscore the importance of
building models to learn patterns in spatio-temporal emergence with sufficiently complex

computational models.

In Chapter 4, I present research about how leveraging ABMs as a platform to extend



the generalizability of in wvitro experiments associated mechnanistic models. Experimental
results, especially those in wvitro, are difficult to translate to in vivo or in situ contexts.
Using agent-based models, I translate a noteworthy dynamic model of a key oncogene into
an ABM and compare the results in different in silico contexts. The results help us highlight
knowledge gaps in our original models, supporting further hypothesis generation.

In Chapter 5, I discuss the links between code quality and reproducibility and strategies
to improve code quality. Much of the current literature surrounds the how of improving
code, but very limited discussion of the why. We hope that providing the additional context
surrounding better coding strategies would motivate computational scientists to prioritize
code quality as part of their scientific process.

In Chapter 6, I propose future directions for the research themes in this dissertation.

1.2 Background

1.2.1 The tumor microenvironment

Cancers are complex diseases in which DNA mutations can give rise to unintuitive emergent
phenomena, such as uncontrolled tissue growth!. The permissive environment that not
only facilitates uncontrolled growth but also encourages genetic instability is known as the

tumor microenvironment“=

—defined here as both the physiological (nutrient gradients, pOs ,
pH) and cellular (healthy, cancer, vasculature) microenvironments. A general pattern of

cancer is usually the disruption of feedback loops required to maintain homeostasis and the

reinforcement or activation of robust development processes™*2. Continuous disruption from



homeostasis can cause malignant cells to escape from their environment with an invasive
phenotype, otherwise known as metastasis. Metastasis, not primary tumors, is usually the
cause of death in cancer patients®. Therefore, metastatic potential is an indicator of the

aggressiveness or the severity of disease®.

Metastasis is complicated, but there are common features of cells and the tumor microen-
vironment that are associated with an increased aggressiveness?. The complex interplay
between individual cells and the permissive tumor microenvironment propagates across mul-

tiple spatial and temporal scales™?.

For example, differential nutrient utilization resulting
from phenotypic heterogeneity can alter local tissue environmental contexts”. These envi-
ronmental contexts can promote specific cell phenotypes as a result of nutrient limitations
or selective pressure. One such observation was the Warburg effect®, where cancer cells
have a higher affinity towards glycolysis over oxidative phosphorylation, unlike most cells in
the human body. This phenomena was originally hypothesized to be a result of mitochon-
dria dysfunction, but recent understanding has indicated that this is a result of hypoxia, or

non-physiological levels of oxygen concentration™.

Hypoxia, a key feature of the tumor microenvironment, is exemplary of complex tissue-
level phenomena that significantly affects subcellular processeses™. As tumors grow, the
demand for nutrients increases as higher cell crowding leads to higher competition and po-
tential damage to existing blood vessels. Subsequent oxygen tension manifests in significant
intra- and inter-tumor heterogeneity arising out of diffusion-limited oxygen delivery and

1213

heterogeneous vasculature . This condition, unique to (normal tissue pOs are usually



between 4.5-9.4%" compared to hypoxia at < 2%) and ubiquitous in pathologenic tumors,
drives cells to promote the activity of HIF (hypoxia-inducible factor) and hypoxia associ-
ated pathways®®. In addition to the aforementioned metabolic shift, poor oxygenation and

elevated expression of the HIF pathway have correlated to resistance to traditional thera-

15H18 0

pies® 18 metastasis*?, and overall poor patient outcomes?”. HIF is implicated in many
important processes such as angiogenesis, the formation of new blood vessels*#?, This de-
velopmental process is required to sustain tumor growth, acting as a tissue-level physiological
feedback loop by supplying nutrients to nutrient limited cells and promoting cell prolifer-
ation®’. Unfortunately, complexity across spatio-temporal scales has led to an incomplete
understanding of this physiological feedback loop. Our abilities to observe and modulate

this property in wvivo or in wvitro with the resolution and throughput required for robust

data-driven approaches remains a grand challenge“?.

1.2.2  Agent-based models

Capturing the dynamics of both inter- and intra-cellular properties and nutrient diffusion
is unwieldy; accounting for cellular heterogeneity adds additional, though necessary, com-
plexity. Tissue-level models are often abstracted to continuum models to capture some of
the interactions of interest, forgoing resolution for computational efficiency®. Agent-based
models (ABMs) address these challenges by capturing the interplay between cells and their

environment at a single cell resolution®®.

To tackle hypoxia and its consequences, we must consider heterogeneity and the environ-



ment across multiple scales. Cells that share a specific genotype do not necessarily share the
same phenotype. Cellular characteristics, like protein expression and responses to stimuli,
exhibit significant heterogeneity and are impacted by prior cellular experiences. Many com-
putational methodologies are unable to tractably capture these details“”. Many continuum
models that average population level behavior are unable to capture distinct heterogeneous
characteristics like bimodality or switch-like behavior®®, Capturing the environment by it-
self is feasible using partial differential equation models, but interactions within a cellular
population make abstraction difficult®?. In order to leverage computational models to study
hypoxia and tumor development, we need a methodology that is capable capturing intra-
and inter-cellular heterogeneity, switch-like responses to nutrients, phenotypic states, and

environmental factors.

ABMs are discrete rule-based models where agent interactions and decisions are deter-
mined by discrete rule sets derived from experimental observations“*%, ABMs are relatively
expensive computationally as a result of the high resolution to capture multiple spatio-
temporal scales. Computational cost has historically been a barrier to leveraging ABMs, but
powerful tools like cloud computing have redefined the landscape of what is possible with
computational models. Hybrid ABMs have emerged as a popular modeling paradigm within
the field of cancer modeling®*L, In hybrid ABMs, decisions and rules remain discrete, but
criteria are frequently represented as continuum models. These ABMs leverage validated
continuum models for components like nutrient diffusion and signaling networks“®. This

type of model is uniquely suited to studying oncogenesis as biological development is het-



erogeneous within the dynamic microenvironment and is affected by the introduction of new
cells and new cell phenotypes. As an alternative to data driven approaches, ABMs leverage
a “bottom-up” modeling approach that is particularly interpretable by not only implement-
ing biologically relevant rules and decisions, but also generating outputs that are intuitive
from an experimental perspective?Y. This characteristic facilitates easier collaboration and

iteration with experimental collaborators.

30432 3

ABMs have been used to characterize cancers by studying signaling networks , metabolism®?,

3435

immune interactions , and metastasis®®. The increasing popularity of ABMs has resulted

in the development of several open-source platforms and libraries to assist in model devel-

opment s,

As the cancer modeling field progresses, the agent definitions become more
and more complex, leading to increased computational cost. In exchange for an increased

computational cost, we learn more about the specific processes and patterns in our agent

definitions that give rise to emergent phenomena.
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ABSTRACT

Computational modeling empowers systems biologists to interrogate and understand in-
creasingly complex biological phenomena, and the growing suite of computational approach
presents both opportunities and challenges. Choosing the right computational approaches to
address a given question requires managing a model’s complexity, balancing goals and lim-
itations including interpretability, data resolution, and computational cost. Excess model
complexity can diminish the utility for building understanding, while excess simplicity can
render the model insufficient for addressing the questions of interest. Using systems im-
munology as a case study, we review how different model design strategies uniquely manage
complexity, ending with a consideration of composite models, which combine the benefits of
individual paradigms but present additional challenges arising from added layers of complex-
ity. We anticipate that considering general model design challenges and potential solutions
through the lens of complexity will foster enhanced collaboration among computational and
experimental researchers.

Highlights:

e The complexity of a model is intimately tied to its performance and utility.

Each modeling approach has a unique relationship to complexity.

Excess detail can result in computationally intractable models.

Composite modeling approaches can help to manage complexity.

Available data and empirical observations should guide deliberate model design.
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2.1 Introduction

How does one choose the “right” computational model? With the increasing availability of
high-throughput and high-resolution characterization technologies, the fields of systems biol-
ogy and immunology rely on computational advances to guide and interpret experiments. 412
A growing library of methods and resources provide more accessibility to computational
models than ever before.**%% However, the choice of which modeling approach to pair with a
question of interest is consequential and requires careful consideration. Here, we use systems
immunology as a case study to discuss the relationship between complexity in computational
models and their respective biological questions. Simpler models can provide more insight

than their more complex counterparts—considering the available empirical observations and

data is a key step towards a more deliberate model design.

In this Opinion, we present a perspective for managing model complexity (a term we
employ to describe the number, or layers, of interacting components: e.g. equations, species,
or rules), which is critical to maximizing model utility. The design space of a model includes
size (number of parameters), scale (temporal/spatial/physiological), and level of biological
detail (species/interactions). We classify relevant modeling approaches into data-driven,
mechanism-driven, and agent-driven design paradigms, each of which entails a unique re-
lationship to complexity (Figure . Whereas many approaches fall into distinct design
paradigms, more recent composite approaches blend and leverage the complementary na-

ture of independent design frameworks, considering their costs and benefits. Approaching
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model design through the lens of managing complexity should enhance the integration of ex-
perimental and computational approaches and inform future considerations of experimental

design.

2.2 Data-driven model design

Data-driven modeling approaches extract information from biological datasets by identifying
statistical patterns. These approaches are generally applied to infer significant system in-
teractions*” or to predict important properties®® on datasets like single cell sequencing®” or

histopathology images®".

Data-driven modeling encompasses both machine and statistical
learning. Learning approaches involve model training: the use of computational algorithms
to identify parameter values (fitting) that minimize an error (cost) function in order to fa-
cilitate prediction or inference. These algorithms are designed to learn general patterns that
extend beyond the training data. However, the characteristics of the training data will be
embedded into the model during the fitting process. Thus, data-driven model performance
will be better when new data resembles the training data (interpolation). When new inputs
fall outside the scope of the training data (extrapolation), data-driven algorithms often per-
form poorly, particularly for more complex/nonlinear /non-monotonic systems. Therefore,
researchers should seek to obtain data that are of high quality (i.e. focusing on precision and
accuracy of the measurements) and are relevant to the phenomena of interest, rather than

compiling a high quantity of tangentially related observations. Higher quality measurements

reduce parameter uncertainty and facilitate more interpretable analysis.
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Figure 2.1: Each modeling paradigm distinctly relates to complexity: Increasing
complexity in data-driven models can decrease interpretability, but enables models to cap-
ture non-linear and unintuitive behavior (top panel). Increasing the number of interactions
in mechanism-driven models can require higher data resolution, but enables researchers to
capture more intricate phenomena (middle panel). Increasing complexity—in the form of
rules, cell types, and environmental scales—can incur higher computational costs in agent-
driven modeling, but enables increased biological detail and incorporation of multiple scales
to address complex, multi-scale phenomena (bottom panel).
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Excess complexity during model selection can lead to overfitting, which impacts perfor-
mance and predictive capacity. Overfitting occurs when the parameters characterize the
noise, rather than the underlying signal, in the training data.?® Performance is often quan-
tified by the correlation between prediction and ground truth or by classification accuracy,
the latter of which is evaluated in terms of both sensitivity and selectivity. Thus, overfitting
can yield a spuriously promising performance metric on training data while also leading to

poor predictive or inferential capacity on new data.

Data-driven models must also consider parameter interpretability in conjunction with
overfitting when evaluating the appropriate complexity of a model. Popular learning meth-
ods span multiple levels of complexity based on algorithm design. Among the least complex
is multiple linear regression, which assumes an interpretable linear combination of indepen-
dent variables. A key step in using the least complex algorithms is to manually identify
key input variables that provide a sufficiently predictive model. Conversely, deep learning
extracts predictive and unobservable variables by adding complexity through parameters in
hidden signal processing layers. The complexity in deep learning models necessitates exter-
nal methods for interpreting the meaning of abstracted variables.?!**2 Interpretation methods
are rapidly evolving.®? Ensuring transparency of the learner’s decision-making process is still

an open challenge for the reproducibility of deep-learning models.?*

The parameters and structures of less complex and more interpretable models support
identifying generalizable patterns. Simple models can identify important correlates and de-

tangle collinearities in data, for example to identify the relationship between patient baselines



14

and serologic responses to vaccination.*? Another study developed a generalizable method
using simple classifiers to identify key signaling genes in spatial single-cell sequencing.®® Sim-
ilarly, interpretable clustering methods, such as nearest-neighbors-based approaches, have

>4 or immune response

helped to identify cell subtypes important for COVID-19 progression
dynamics in cancer treatment®. Focusing on interpretability during model selection sup-

ports hypothesis generation.

Models focusing on performance over interpretability learn indirect relationships between
inputs and outputs to extract features from unstructured data. Many such models link se-
quence to function through neural networks to capture the nonlinear combinations of vari-
ables. For example, deep learning models predicting peptide-ligand binding, like net MHC-
pan®? have helped identify important candidate antigens in the vast design space of en-
hanced T-cell binding®”. Another common use case of deep learning models is to associate
images with independent quantitative measurements. One such study leverages neural net-
work models to integrate histopathology images (input) and gene expression data (output) to
characterize image and associated biomarker heterogeneity.®? Although deep learning mod-
els lack the interpretability of simpler approaches, they provide an alternative to manually

extracting predictive variables.

2.3 Mechanism-driven model design

Mechanism-driven approaches incorporate domain knowledge to determine which interac-

tions and species give rise to observed behaviors through testing candidate models. These
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models incorporate known or hypothesized interactions using first-principles from kinetics
and thermodynamics. Parameters are fit to experimental data similar to how they are fit in
data-driven models. Likewise, the data quality impacts parameter interpretation and con-
fidence. Commonly used mathematical frameworks include ordinary differential equations
(ODEs), partial differential equations (PDEs), and equilibrium expressions (i.e. from ther-
modynamics). Comparing competing hypotheses, posed as distinct models, enables one to
evaluate which hypothesis is most consistent with the available data, knowledge, and obser-
vations. A well-developed model can also be useful for predicting how a system will respond
to perturbations not included in the training data, making mechanistic models better at

extrapolating than are data-driven models.

Mechanism-driven model complexity—the number of defined species, relationships, and
resulting parameters—should be constrained by data resolution. Data resolution dictates
parameter identifiability, which is the ability to determine a parameter value with adequate
precision given available data.”® Developing mechanistic models that describe biological rela-
tionships at multiple scales is challenging without sufficiently detailed data connecting these
scales.”® High-resolution observations (e.g. protein or mRNA concentration profiling and

60,61)

temporal data support complex model development. Some phenomena can be observed

02%63) and support abstracted models.

at low resolution (e.g. population-level rates of infection
Model reduction can be used to simplify a model to match data resolution and to ensure that

all parameters are well-constrained and meaningful towards building insightful models.”®

Some modeling goals are well-suited to abstracted biological descriptions and lower res-
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olution data. Classic examples include population-level analyses and epidemiological phe-
nomena. %% Simple ODE models framed at the level of cell populations provided unique
insights into human immunodeficiency virus (HIV) dynamics and treatment, revealing a viral
production rate of ~ 1010 virions/day in contrast to the previously expected low replication

rate for this virus.6°768

Given limited data resolution, reducing model complexity facilitated
parameter identifiability®®, and these models proved highly informative. More recently, cell
population-level models have facilitated the design of chemotherapy preconditioning before
chimeric antigen receptor (CAR) T-cell therapy.®* Similarly, simple susceptible-infected-
removed models describe infectious disease case counts over time. During the COVID-19
pandemic, such models have informed vaccine distribution® and provided insights into viral

63

spread within counties as a function of age, race, and movement/interaction®. In each of

these examples, useful simple models resulted from matching complexity to data availability.

High-resolution data can facilitate building complex models that enable interrogating
explicit interactions and mechanisms. These datasets are commonly associated with sub-
cellular measurements, such as protein or mRNA concentrations over time. For example,
high-resolution models of NK-cell activation, signaling, and regulation have fostered greater
insight into and design of anti-cancer and immunotherapy treatments by forecasting the im-
pact of diverse cellular engineering strategies® and identifying key factors regulating hypoxia
response®. Complex models describing native and engineered T-cell activation and signal-
ing pathways elucidated how T-cell receptors (TCRs) discriminate between self and foreign

antigens™ and guided CAR-T cell engineering to enhance therapeutic efficacy™ . A model
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that incorporated intercellular regulation and intracellular signaling generated unique hy-
potheses describing how macrophages coordinate their activation in a manner that depends
on local population density®”. Notably, each of these complex models enabled fine-grained

insight into subcellular biological phenomena.

2.4 Agent-driven model design

Agent-driven models—simulations designed around the behavior of autonomous agents—facilitate
studying emergent functions. Rules guiding agent behavior are abstracted from observed or
hypothesized behaviors of individuals within populations. These models can serve as intu-
itive testbeds to understand how different rules impact emergent behavior. This paradigm is
synonymous with agent-based models (ABMs), which include the common subtypes of cellu-
lar automata and cellular Potts. Depending on context and scale, agents typically represent
individual cells (e.g. in immunological applications) or individual organisms/people (e.g. in

epidemiology or sociology applications).?0:4

In contrast to the other paradigms, agent-driven
design does not rely on training, but it does rely on accurate characterization of higher-level

dynamics. These models enable researchers to evaluate how hypothesized rules underlying

biological phenomena give rise to observed emergent behavior.

Increasing model complexity increases computational cost. ABM design can be as simple
as the two agent states and four rules included in Conway’s Game of Life (a common,
low-cost case study of the phenomenon of emergence).™ Other agent-based model designs

are more complex, computationally costly (run time and memory usage), and difficult to
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parameterize.™ Computational cost results from biological detail, scaling with the number
of agents and agent properties in the simulation. Model reduction or abstraction can help

avoid development of intractable models.

In systems immunology, ABMs with abstracted, rule-guided agents link subcellular or
cellular-level changes to population-level emergent phenomena. ABMs with rule-guided
agents that take on limited states and actions—such as proliferation, migration, death, ge-
netic mutation, and/or environmental interaction—have revealed how tumor microenviron-
ment conditions™ and cell migration rate™ affect tumor morphology, growth, and genetic
diversity. ABMs can also be used to compare hypotheses. One modeling framework sup-
ported two different rule sets to compare how competing hypotheses on genetic mutation can
drive the evolution of aggressive phenotypes in cancer progression.™ Both rule sets resulted
in a few aggressive phenotypes dominating tumor genetic makeup. Relatively simple agent

descriptions can provide profound insight when recapitulating complex biological behavior.

Designing an ABM to describe intricate processes—such as intercellular interactions,
sensing, signaling, environmental features, and trafficking—may necessitate reducing com-
plexity to manage computational cost. One strategy is to lump functionally related features
(e.g. intracellular signaling mediators) into aggregate signals, an approach applied to gen-
erate a simple representation of tumor-macrophage interactions.”” This reduction facilitated
a multiparametric sensitivity analysis that identified parameters influencing tumor survival
and helped propose cell therapy strategies. Another study employed a simplified model of

vasculature structure and dynamics (omitting details used in other ABMs™™) to simulate
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checkpoint inhibitor therapy and identify biomarkers that may be useful for guiding treat-
ment.®¥ A useful approach for integrating phenomena involving fine-grained detail is a Potts
model, which explicitly describes cell boundaries and surface interactions. Potts models
have been used to incorporate pMHC-TCR interactions and build understanding of anti-
tumor CD8+ T-cell responses in heterogenous contexts.®!' Designing ABM complexity to
fit the specific questions of interest helps manage computational cost and generate relevant

insights.

2.5 Composite model design

Multi-paradigm approaches integrate the capabilities and considerations of each individual
approach. Combining modeling approaches can increase computational efficiency, enable
direct incorporation of data, expand scale representation, and facilitate sophisticated anal-
yses.” While the challenge of achieving repeatability and reproducibility is not unique to
composite models, there exist fewer tools to standardize novel model types compared to tradi-
tional /individual paradigms due to the added layers of complexity. Thus, specific safeguards

82H85

designed to promote reproducibility of individual paradigms should be integrated into

these implementations. When wielded carefully, combining all three paradigms can syner-

gistically provide in silico testbeds for complementing experimentally intractable systems.®®

ABMs that incorporate mechanistic-driven or data-driven methods to guide agent state
can effectively capture multi-scale phenomena and incorporate experimental data, which is

difficult when using agent-driven models in isolation. The Agent-based Representation of
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Cells And Dynamic Environments (ARCADE) is a framework that simulates tissues and
cells in various environmental contexts, layering ODE signaling models and stoichiometric
metabolic expressions within cell agents to influence rule-based state changes.“® This study
explicitly evaluated how varying the complexity of these subcellular models (which influence
computational cost) impacted emergent outcomes. To avoid computational cost associated
with solving ODEs within an ABM, a recent study used a neural network trained on a mech-
anistic model guiding differentiation as a drop-in replacement to enable tractable exploration
of macrophage-based immunotherapies.®? ABMs can predict outcomes or elucidate funda-
mental phenomena by incorporating mechanism-driven models. To reduce computational

costs, data-driven models can be used in place of mechanistic descriptions.

External machine learning approaches comprise a strategy that can facilitate low-cost
data-driven analysis, iterative adaptation, or emulation of mechanistic-driven or agent-driven
models. An ODE model of CAR T-cell antigen-induced activation and signaling utilized
multiple mechanistic frameworks and machine learning approaches to identify important sig-
naling mediators and highlight counterintuitive relationships between receptor expression
levels and signaling.™ Many ABMs have integrated learning methodologies to improve pa-
tient treatment plans® or to adaptively choose statistically impactful simulations to run®*Y,
automating the non-trivial simulation selection process. Emulating ABMs using data-driven
approaches enables more robust sensitivity analyses at low computational cost by replacing

1‘91

the ABM with a predictive machine learning mode Data-driven models can reduce the

computational demand by autonomously probing models, minimizing unnecessary manual
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curation of simulation conditions, or emulating an established model’s behavior towards more

rapid iterations.

Recent data-driven models have applied domain knowledge, drawing principles from
mechanism-driven design, to improve the interpretability and performance of algorithms.
Towards the goal of guiding cancer combination therapies, deep learning optimization strate-
gies were used to fit parameters in a network—where the interactions of the network are
constrained by biologically intuitive ODE models—to observations of cellular responses to
various perturbations.” In this case, the biologically realistic mechanistic models constrained
the deep learning model, thus providing interpretable parameters. Another approach em-
ployed a parameter penalty, derived from input from expert immunologists, to prioritize
“important” signal transduction pathways to improve predictions of clinical outcomes in lon-
gitudinal term pregnancy and chronic periodontitis based on immune profiling.”? Embedding
mechanisms into data-driven algorithms promotes both interpretability and performance of

resulting models.

2.6 Concluding thoughts

Complexity is a double-edged sword. Enhanced complexity can make models more predic-
tive or biologically descriptive, but it can also obscure interpretability, necessitate higher
data resolution, or increase computational cost. Deliberate design reduces undue complexity
when pairing computational models to questions in systems immunology. There are still

several open challenges surrounding complexity in modeling, especially in composite mod-
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eling approaches. For example, layered complexity introduces different considerations for
our data integration capabilities, as adding complexity reduces our ability to identify bias in
our modeling designs. Additionally, model training can be more complicated with these hy-
brid frameworks, and model validation is further complicated. Standards of reproducibility
should encourage models with transparency throughout each additional layer of complexity.
Deliberate model design is the key in leveraging and layering complexity effectively, such

that researchers are only limited by their creativity.
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ABSTRACT

Motivation: Emergent biological dynamics derive from the evolution of lower-level spa-
tial and temporal processes. A long-standing challenge for scientists and engineers is identi-
fying simple low-level rules that give rise to complex higher-level dynamics. High-resolution
biological data acquisition enables this identification and has evolved at a rapid pace for both
experimental and computational approaches. Simultaneously harnessing the resolution and
managing the expense of emerging technologies—e.g. live cell imaging, scRNAseq, agent-
based models—requires a deeper understanding of how spatial and temporal axes impact
biological systems. Effective emulation is a promising solution to manage the expense of
increasingly complex high-resolution computational models. In this research, we focus on
the emulation of a tumor microenvironment agent-based model to examine the relationship
between spatial and temporal environment features, and emergent tumor properties.
Results: Despite significant feature engineering, we find limited predictive capacity of tu-
mor properties from initial system representations. However, incorporating temporal in-
formation derived from intermediate simulation states dramatically improves the predictive
performance of machine learning models. We train a deep-learning emulator on intermedi-
ate simulation states and observe promising enhancements over emulators trained solely on
initial conditions. Our results underscore the importance of incorporating temporal infor-
mation in the evaluation of spatio-temporal emergent behavior. Nevertheless, the emulators

exhibit inconsistent performance, suggesting that the underlying model characterizes unique
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cell populations dynamics that are not easily replaced.

Availability: All source codes for the agent-based model, emulation, and analyses are
publicly available at github.com/bagherilab/ARCADE,|/github.com/bagherilab/
emulation) and github.com/bagherilab/emulation_analysis, respectively.

Contact: nbagheriQuw.edu

Keywords: emulation, surrogate modeling, spatio-temporal emergence, deep learning,

agent-based models

3.1 Introduction

Grand challenges in biology have required tools with increasingly higher resolution and

throughput while also sampling across spatial and temporal axes®™. In particular, dynamic

97199100

data from live cell imaging is positioned to become the next “omics with lower-level

resolution data, like scRNAseq, contributing a more nuanced understanding of individual

TOTII02

system components across space Our ability to utilize high resolution data has of-

990003 Parity between computational

ten lagged behind our ability to generate said data
and experimental approaches will allow researchers to synergistically utilize computational
models to explain nonintuitive observations, identify “rules of life”, and design model-driven
experiments that test new hypotheses. This parity will identify both temporal and spa-

tial components that are fundamental to specific biological systems a priori™1%. In order

to address this knowledge gap, we interrogate the use of statistical emulation to estimate
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emergent behavior in a comprehensive analysis of a high-resolution agent-based model.

Computational models capable of characterizing cellular dynamics over time and space
across multiple scales are fundamental to scientific progress. Agent-based models (ABMs)
have gained popularity due to their ability to simulate populations of heterogenous agents
dynamically over time and in space in order to predict system-level emergent properties.
ABMs are designed using the behavior and interactions of individual agents (usually cells) in
an evolving spatial and temporal context*’. This rule-based approach is well suited to mod-

L0709 o1 the spread

eling emergent behaviors, such as the development of biological tissues
of infectious diseases™”. ABMs can capture the heterogeneity and the stochasticity of bio-
logical systems, as well as the bilateral relationship between the local microenvironment and
agents’ behaviors™. Furthermore, ABMs can be used to investigate the effects of different
parameters and conditions on emergent behaviors, providing insights into complex biolog-
ical processes that may be difficult or impossible to observe experimentally20*C#ELE - Ag
such, ABMs are an increasingly important—albeit computationally expensive—tool for un-

derstanding complex biological systems and generating testable hypotheses that can inform

experimental design.

Statistical emulation (SE)—the mapping of independent variables (inputs) to dependent
variables (outputs) via statistical inference and machine learning (ML)—generates simpli-
fied statistical models that are computationally cheaper to analyze, and therefore interrogate,
than the original simulation model. The flexible pattern recognition of ML provides two key

benefits: (1) the emulation model building process codifies selection of requisite inputs to
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identify dominant statistical patterns; and (2) the mathematical frameworks involved in pat-
tern recognition—once trained—are easily calculated via sequences of simple mathematical
operations. On the contrary, the feature selection and design process required for SE is
laborious, and the algorithms demand significant data for adequate performance. Balancing

EY(IRE]

these trade-offs supports effective integration into multi-class models , sensitivity anal-

HELS Eyven with

yses for complex models®, and parameter sweeps of mechanistic models
these successes, there have been few comprehensive analyses of the application of emulation
models to rule-based models designed to simulate tissue dynamics that emerge from temporal
and spatial interactions® U7 SE of ABMs is largely under-explored despite knowing that
the computational demands of large multi-scale ABMs can outpace their utility to generate
hypotheses between continuous input variables and heterogeneous outputs™®H9, Synergistic
development of SE frameworks for ABMs would facilitate expedited analyses and provide
systematic methods towards hypothesis generation. Understanding the characteristics (e.g.

spatial, temporal, etc.) of data required to emulate key ABM dynamics provides a more

thorough understanding of the drivers of emergent outcomes.

3.1.1 The tumor microenvironment as a model system

ABMs of the tumor microenvironment have leveraged in silico networks to represent the

vascular environment™. Physical and structural characteristics (e.g. pressure, shear, radius)

T20/121

are often encoded into network elements like edges and nodes . Networks are flexible

data structures that can be modified and interrogated, enabling researchers to study interplay
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among agents and between agents and environments. Functional coupling between the agents
and the environment is required to capture experimentally observable divergent emergence

like vascular collapse and necrotic core formation™.

Network analysis provides a means to abstract high-resolution, spatial information into

1220123

summary statistics Network topology and morphology have been used to under-

1241125

stand ecological systems , interrogate biological pathways*#®, analyze neurological struc-

1277129 and identify novel treatment®®?. Specifically in tumor development, network

ture
analyses are a promising approach to study healthy and pathogenic vascular mimicry and

angiogenesis*¥139 Thus, we hypothesize that vascular network analysis enables the encod-

ing of complex network architecture as interpretable inputs for SE.

In this study, we utilize network analysis to construct SE models of ARCADE, an existing
agent-based model of a tumor microenvironment with heterogeneous and realistic vascular
networks™. Our investigation reveals a limited relationship between spatial network topology
characteristics and emergent tumor properties. We demonstrate the efficacy of incorporating
temporal evolution of network metrics to predict emergent properties of the system. Leverag-
ing this temporal information, we develop deep-learning models that improve the predictive
power of emulators. Our results highlight the role of temporal dynamics in understanding
and predicting emergent properties of diverse cell populations that evolve from lower-level

spatial and temporal processes.
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3.2 DMaterials and methods

3.2.1 Data and code availability

All source code for the ARCADE ABM is publicly available on GitHub at github.com/
bagherilab/ARCADE. The scripts used to perform analyses and generate figures re-
ported in this paper are also publicly available on GitHub at github.com/bagherilab/

emulation_permutation.

3.2.2 ARCADE simulations and workflow

All ABM simulations and model analyses were performed similar to those described in a
previous publication™ using ARCADE v2.4%3% Two agent populations, healthy and cancer
cells, exist in the simulations. In silico cancer cell populations exhibit hallmarks of cancer:
increased crowding tolerance, increased preference for metabolic glycolysis than oxidative
phosphorylation, and increased migratory invasiveness versus healthy cell populations. The
colony and tissue contexts describe simulations comprised of a solely cancer cell pop-
ulation or a combination of cancer and healthy cell populations, respectively. Prior work

highlighted differences in emergent behavior between colony and tissue contexts20-H39,

We focus on emulating three emergent tumor properties: activity (instantaneous state of
system), growth rate (cumulative temporal behavior), and symmetry (instantaneous spatial
state). Activity is the ratio of active to dead cells, describing the degree of necrosis in

the tumor. Growth rate is a temporal emergent property that generally describes tumor
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aggression. Symmetry is a spatial emergent property describing the density and implying
the aggressiveness of the tumor. Specific calculations for these properties are detailed in

Supp. Section [3.5.1}

The initial vascular structure is the only differing variable between simulations of the same
context. Vasculatures are stochastically generated using starting root geometries, detailed in
a previous article™. 100 seeds generated a unique vasculature for each starting root geometry
and seed combination.

Vascular structure and function change over time based on their coupling with cell agent

' Functional stresses from tissue cells lead to vascular remodeling, changing

populations
vessel radius and wall thickness as a function of hemodynamic properties (shear stress, cir-
cumferential stress, and flow rate) and metabolic demand. Cancer cells degrade the vascu-

lature by removing components; this removal can lead to larger scale disruption of vascular

structure, as functional vasculature requires perfusion.

We quantify properties of the in silico vasculature and use these features to predict
spatial and temporal emergent dynamics. Aggregate hemodynamics, such as flow and wall
thickness, are calculated for each vessel segment and then averaged. Topological features
are calculated using the igraph package’®® in Python to create a network representation
of the vasculature. Hemodynamic edge features are the same network metrics used to define
topological features with one modification: edges in the graph are weighted by hemodynamic
properties. Finally, spatial features use distance from the center of the simulation (the tumor

seeding location) as edge weights, such that vessels within and closer to the tumor core are
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weighted more heavily.

3.2.83 Network analysis and feature extraction

To represent the intricate characteristics of vasculatures within ABM simulations, we em-
ployed network analysis using the igraph Python package. By using a graphical repre-
sentation of the vasculature, we were able to utilize graph theory metrics as structural and
functional features for our ML models. Graph theory provides a number of benefits: it com-
prises diverse metrics that account for the topological structure of the vasculature; it has
mechanisms for specifying vessel importance; and it can quantify overall vessel connectivity.
Vascular structure is represented as a network where blood vessels are represented as edges,
and where junctions and end points are represented as nodes. The supplementary materi-
als (Supp. Table , and offer detailed information about specific graph metrics

and how they were obtained.

3.2.4 Statistical emulation

Machine learning models

130 The specific modules used

Python package sklearn was used to build the ML models
are listed in Table [3.1] with accompanying abbreviations used throughout this article. All

hyperparameters specified are referred to as their respective arguments for each model.
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Model Python module
MLR sklearn.linear model.ElasticNet
SVR sklearn.svm.SVR
RF sklearn.ensemble.RandomForestRegressor
MLP sklearn.neural_network.MLPRegressor

Table 3.1: sklearn package implementation used for each ML model.

Hyperparameter selection and cross-validation

A Sobol random searchls®

was used to select the tested hyperparameters during cross-
validation using the scipy™? package in Python. The ranges used for the Sobol random
search are detailed in Table Parameter types categorized as “linear” used Sobol in-
dices in the linear space, whereas those types categorized as “logarithmic” used the log of
the bounds as the search range. Every discrete parameter value was exhaustively tested
in combination with parameter values selected using a Sobol random search on continuous
parameter spaces. Each set of Sobol and discrete hyperparameters was used to generate an
independent ML model. The model with the best average performance metric (we use the
coefficient of determination R?) compared across all hyperparameters during cross-validation
was used for training and testing. 10-fold cross-validation was used in all cases. The co-
S5

efficient of determination is defined as R? = 1 — oo where SS is the sum of squares of

residuals ML model and SS;,; is the total sum of squares from the mean. R? , was calculated

2
train

from ML models evaluated on the validation data set. The reported R and RZ,, were

calculated on the training and withheld testing sets after cross-validation.



Bounds
Hyperparameter Lower Upper Type
alpha 0.001  1.000 Log
MLR . .
1ll.ratio 0.1 1.0 Linear
SUR C 0.0001 1.000 Log
epsilon 0.0 1.0 Linear
n_estimators 1 100 Linear
max_features 0.01 1.0 Log
RF max_depth 1 100 Linear
min_samples_split 0.01 1.0 Log
max_samples_leaf 0.01 1.0 Log
MLP alpha 0.0001 1.000 Log

Table 3.2: Continuous hyperparameters used in cross-validation Sobol search.

Hyperparameter Values
SVR kernel linear, poly, rbf, sigmoid
RF  bootstrap True, False
MLP activation identity, logistic, tanh, relu

hidden_layer_sizes (5,), (5,5), (5,10), (25,), (25,

(50,), (50,25), (50,50)

25), (25,50),

Table 3.3: Discrete hyperparameters used in cross-validation.

33
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3.2.5  Recurrent neural network architecture and training

In order to account for dynamic network evolution, we trained deep neural networks (NNs) to
use time course information to improve predictive performance using the keras"?” API of the
tensorflow ™ package in Python. The purpose of the trained NNs was to predict network
evolution from the initial vascular structure in order to increase prediction performance of
the emulation models. The neural network utilized a long short-term memory (LSTM) layer,
a type of recurrent NN layer capable of capturing sequential patterns**4. The LSTM layer

was followed by 3-4 fully connected layers. Full network topology details are described in

Supp. Figure [3.12

Network topology features from each simulation day were collected and stacked into
multivariate time series to facilitate transfer learning of NN parameters. The recurrent NN
(RNN) was pre-trained on the full-length time series, encompassing the entire temporal
evolution of the network in order to constrain the RNN parameters. To further fine tune the
RNN, bootstrapped samples from a subset of the time series (10 days, 5 days, 3 days) were
used to sequentially retrain the model (using the previous pretrained deep-learning models as
a starting point) and retrain on the initial conditions to provide the ultimate emulator. We
applied the best performing model to predict the two week network structures for a reserved
test set from only the initial network topology, and then passed the predicted features into

the naive ML models (Figure [3.4A).
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3.3 Results

The objective was to predict the emergent tumor output metrics by their respective simu-
lation inputs using naive ML algorithms (Figure . Specifically, we used multiple linear
regression (MLR), random forest (RF), support vector regression (SVR), and multi-layer
perceptron (MLP) to predict emergent tumor output metrics (activity, growth, and sym-
metry) from the initial condition of the microenvironment vasculature. In general, we use
“emulators” to describe those models accepting initial conditions as the sole inputs and we
us “ML models” to describe those accepting any other timepoint. The microenvironment
was represented by a network analysis of the vascular architecture to provide features for

ML model.

Various network analyses generated a suite of feature sets that were used to train the
ML models. The topological feature set characterized traditional structural and topo-
logical information of the vasculature system (e.g. eccentricity, betweenness, average de-
grees), as well as mean hemodynamics across the vascular system (e.g. mean pressure,
mean shear, mean radius, etc.). The hemodynamic feature set ascribed hemodynamics
properties (e.g. flow, pressure, wall thickness) as edge weights to the topological features
in order to capture vascular function. The spatial feature set integrated relative lo-
cations of edges and nodes from the center of the simulation—which represents the cen-
ter of the tumor—and accounted for these properties as both additional edge weights and

penalties in weighted average calculations. Each feature set is inclusive of the previous set:
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topological C hemodynamic C spatial. A comprehensive feature set breakdown is

described in Supp. Tables[3.4) [3.5 and [3.6]

3.3.1 Unweighted and hemodynamic-weighted network topologies do mot predict emergent

tumor output metrics

In order to represent vascular structures in a quantitative format, topological network data
from initialization vasculatures were used to train the emulators. Aggregate network metrics
(e.g. number of nodes and edges) characterized the size and density of the network. Addi-
tional metrics—e.g. average eccentricity, betweenness, and coreness of each node—were used
to characterized the average behavior of nodes in the network. This topological feature
set does not include spatial node embeddings as a factor in the analysis.

Vascular structures represented by initial topological features are not predictive of
emergent behavior, resulting in models that exhibit both overfit and underfit characteristics.
The coefficient of determination for test data in all topological emulation models is less
than 0.3 (Figure [3.2A), suggesting that these models are underfit as a result of the variance
in our features not explaining the variance in the emergence. The substantial performance
gaps between training and testing results that derive from more complex algorithms (i.e.
SVR, MLP) indicate overfitting, despite implementing regularization (Figure [3.2]A).

Performance is variable as a result of context; activity predictions in colony contexts
(Figure , left) performed more accurately than comparable models in tissue contexts

(Figure , right). On the contrary, emulators that comprise healthy cell background
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in the tissue context (Figure , right) reflect more accurate symmetry and growth
predictions. Notably, an adequate model—exhibiting a test coefficient of determination over
0.0—for symmetry in the colony context could not be trained.

We then included hemodynamic characteristics as edge weights in the network analysis
for network-distance metrics in the distance-based analyses. These hemodynamic features
describe higher-resolution physical characteristics of the environment that have clinical im-
plications. For example, pressure-based metrics have been associated with system-level hy-
pertension.™¥ The resulting weighted network analysis metrics offered limited improvement
in prediction accuracy; most results were statistically insignificant relative to the unweighted
case, determined by a two-way ANOVA (Figure [3.2]A). Training and testing performance of

hemodynamic emulators experienced diminishing returns as the amount of training data

increased (Supp. Figure [3.5).

3.3.2  Network topologies with hemodynamic and spatial information do not predict emergent

tumor output metrics

We hypothesized that the spatial variance in vascular structure seeds would account for a
significant amount of the variance found in emergent tumor behaviors. This hypothesis was
motivated by the finding that vascular collapse, a large-scale dynamic event, substantially
impacts the spatial structure of simulations. The consequence of collapse in concert with
vessel degradation is required to observe the formation of a necrotic tumor core™. Thus,

in order to capture spatial information in the network analysis, we applied a proportional
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penalty for edges and nodes based on their respective euclidean distance from the center of
the simulation (a proxy for the tumor core).

We investigated whether the distance of network nodes from the center of the simulation
would explain tumor behavior (Figures and [3.2B). Including spatial features led to
negligible, if any, improvement on the emulators’ testing performance. Regularization in the
cross-validated emulation models led to predicted targets that spanned less variance in the
response variable (Figures , which was indicated by the low coefficients of determina-
tion (Figure ) The RMSE of the predicted targets showed minimal improvement as we
increased the number of training data (Figure ), suggesting that the poor performance
was not a result of insufficient training data; instead, it likely derived from an incomplete

representation of the drivers of emergence.

3.3.83 Network analysis of environmental snapshots at later timepoints predict emergent

tumor output metrics

In order to interrogate the impact of network evolution on the performance of our ML models,
we calculated hemodynamic network metrics for the vascular structure on each simulation
day. Features were derived from snapshots of later vascular architectures. These temporally
dynamic features were then used to predict emergent tumor dynamics.

We found that network metrics that were generated from later timepoints provided better
predictive performance (Figure ) In the colony context activity was significantly more

predictable when using features representing network properties at later timepoints (Fig-
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ure , left). Additionally, we observed non-monotonic improvements in growth prediction
with a notable improvement in performance using snapshots of network properties from the
middle of the time course (Figure , middle, Supp. Figure . Symmetry showed min-
imal improvement (Figure , right). Conversely, in the tissue context, predictions of
activity did not improve, while predictions of growth improved monotonically (Figure ,
Supp. Figure . The improvement in predicting symmetry from initial features rela-
tive to features from two simulation weeks was larger in tissue contexts than in colony
contexts (Figure [3.3B, Supp. Figure [3.10).

The analysis of vascular structure included features post-vascular collapse, which likely
accounted for some of the better performance. Alternatively, including differential timepoint
analyses did not provide additional benefits to predictive power (Supp. Figure Supp.
Figure . Simply shortening the simulation time, and therefore the prediction horizon,
to one week resulted in a sharp decline in emulator performance (Supp. Figure . Once
again, there was limited improvement in test performance with additional training data,

indicating there was sufficient data to train these ML models (Figure )

3.3.4 Neural network structures trained on network dynamics support ABM emulators

We hypothesized that including temporal dynamics in the training of an emulator could
improve performance based on the enhanced predictive potential of later timepoints. First
we trained a recurrent NN (RNN) on the network evolution of the vascular architecture in

order to forecast the network metrics of the final timepoint based on the initial condition
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(Figure ) Then, we used statistical learning models to predict emergent outputs using

the predicted final network metrics as features (Figure [3.4B).

The efficacy of using forecasted features varied widely by emergent outcome and context.
Emulators trained on forecasted features never performed worse than those trained on initial-
condition-derived features (Figure [3.4B, left). In the colony context the RNN model led to
a small improvement in activity and growth, while symmetry remained largely unpredictable.
In the tissue context, the model was improved across all emergent behaviors. Activity

predictions improved in the tissue context with a test R? nearly three times greater than

the naive emulation models (Figure [3.4B).

While growth exhibited the largest benefits from training on temporal dynamics, all pre-
dictions across all emergent outcomes presented at least minor improvements, suggesting that
temporal information could benefit the prediction of diverse emergent behaviors. However,
these improvement did not match the predictive accuracy of the final timepoints directly
from the simulation. Based on a principal component analysis, the features derived from
the forecasted network architectures were comparable to those from simulated architectures
at the final timepoint, independent of the training-testing split of data (Supp. Figure .
These results indicated that the propagation of minor errors resulting from ML regression
techniques may account for the differences in predictive accuracy of the forecasted versus

simulated timepoints.
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3.4 Discussion

Parity between biological systems and computational models requires algorithms capable of
considering higher resolutions of heterogeneous species and their interactions. This objective
adds complexity to analysis of experimental data and the development of predictive models.
Emulation is a powerful tool that computational scientists can use to reduce the compu-
tational expense of model simulations (accelerating hypothesis generation), and to identify
and understand key drivers of simulation dynamics (elucidating biological insight). This
work unpacks the challenges of parity by using emulation to predict the evolution of tumor
development in a dynamic environment that accounts for multilateral regulation among di-
verse cell agents and between cell agents and their supporting vasculature. The vascular
architecture (topology) and function (hemodynamics) change as a function of time and cell
population, encompassing a relevant level of biological complexity. While other studies have

LT we focused on emula-

focused on leveraging emulation to interrogate ABM parameters
tors using initial heterogeneous environmental conditions to predict the evolution of the cell

population holistically to maintain close analogs with current experimental methodologies

(e.g., dynamic imaging).

We built ML models designed to predict emergent behaviors of in silico tumors after
two simulation weeks. These behaviors include tumor activity, growth, and symmetry. ML
model predictions were based on features that derived from a network analysis of the tumor

environment’s initial vascular architecture and hemodynamics. Counter-intuitively, we found
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that spatial characteristics of the environment were largely unsuccessful at improving pre-
dictions of emergent behaviors that were shown to be associated with spatial phenomena™.
The resulting models were prone to both underfitting (evident from poor performance and
limited improvement from additional data) and overfitting (indicated by substantial gaps
between testing and training splits). Instead, we found that ML models that were trained

on environmental snapshots of later simulation timepoints were more predictive of these

emergent behaviors.

We then built an emulator using a combination of a RNN-forecaster model to predict
the network evolution of the vasculature, and we used these as inputs into ML regression
models to predict emergent behaviors. The final RNN-based emulator showed promising,
albeit limited, improvement over using emulators that were strictly trained on initial en-
vironmental conditions highlighting the role of temporal dynamics in spatio-temporal cell
population models. We were able to demonstrate the ability of an RNN model to make ac-
curate forecasts of the network evolution. However, the limited predictive potential of those
forecasted timepoints for predicting emergent behavior in turn emphasizes the importance

of leveraging ABMs to make more accurate representations of our systems.

By leveraging network analysis and the evolution of network metrics, this study reinforces
the importance of temporal information when predicting the behavior of cell population
dynamics, even when the emergent behavior derives from spatial dynamics. The difference
in performance between our two simulation contexts necessitate careful consideration when

translating colony results to t i ssue contexts—analogous to translating in vitro to in
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vivo results. A general conclusion of this study suggests that out-of-the-box ML approaches
are limited in their ability to characterize spatially heterogeneous systems. Despite their
limited performance, we believe that SE would become an invaluable tool to the scientific
community once we overcome challenges underlying their predictive performance for general
application. Until then, ABMs are a necessary and unmatched alternative to predicting

spatio-temporal dynamics.

The emulation of ABMs is difficult due to the complexity (e.g., number of species and
corresponding interactions) and emergent nature of the biological phenomena they are well
suited to simulate. As ABMs become increasingly multi-scale and complex®”, challenges in
emulation will persist and likely magnify. Mitigating these challenges is necessary to mediate
the quantity of ABM simulations required to identify patterns, sample high-dimensional
spaces, and generate testable hypotheses across emergent dynamics; such simulations can be
cost-prohibitive. This cost is particularly relevant in context of personalized medicine where
computational models must be used for real-time control (as is the case of insulin delivery )44,
In order to develop similar interventions that can help mitigate or drive population dynamics,

the cost of predicting the spatio-temporal dynamics of cell populations must be addressed

head on.

Computational expense remains a significant consideration in supporting emulator de-
velopment, training, and analysis of perturbations’ impact on outcomes. Furthermore, the
high-resolution spatio-temporal data required for emulation necessitates efficient storage, dis-

semination, and management protocols. The associated computational costs with emulation
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also call for economic considerations when investigating relationships among state variables
or between inputs and outputs, as well as rigorous sampling of an ML model’s hyperparam-
eter space. Additionally, emergent dynamics arising from the evolution of complex spatial
and temporal processes poses challenges for representing said data in a ML framework such
that the resulting models remain interpretable and useful. These challenges need to be ad-
dressed to maximize the potential of SE in advancing our understanding of biological systems

through computational modeling.
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3.5 Supplemental information

3.5.1 FEmergent behavior metrics

Emergent behavior metrics are defined and calculated as presented in a previous study of

heterogeneous vasculatures in ARCADE™,
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Growth rate

Growth rate quantifies the change in colony diameter over time. First, colony diameter
is calculated at each time index. Growth rate is the slope of the simple linear regression
between [0, 0.5, ..., t;] and corresponding diameters [Dy, Dy, ..., D;], where i indicates
the timepoint. These calculations were performed using the Python function polyfit from

package numpy with degree of 1.

Symmetry

Symmetry (S) quantifies colony shape at a given timepoint, ranging from 0 (not symmetric)
to 1 (perfectly symmetric). For hexagonal coordinates, a colony is perfectly symmetric if for
each location (u,v,w), the corresponding five locations (-w,-u,-v), (v,w,u), (-u,-v,-w), (w,u,v),
and (-v,-w,-u) are all occupied. Symmetry is calculated as:

1 Nn»
S=1—— —
N &~ 5

K3
where N is the number of unique locations and n; is the number of corresponding unoccupied

locations for a unique location 1.

Activity

Activity (A) quantifies the ratio of active (proliferative and migratory) to inactive (necrotic
and apoptotic) cells at a given timepoint. This metric ranges between -1 (all non-quiescent

cells are inactive) and +1 (all non-quiescent cells are active). An activity value of 0 indicates
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an equal number of active and inactive cells. Activity is calculated as:

Nq

A=2x—— 1
"N+ N,

where N, is the number of active cells and N, is the number of inactive cells.
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Feature

Code

Graph radius weighted by flow

Graph diameter weighted by flow

Average eccentricity weighted by flow

Average shortest path weighted by flow

Average closeness weighted by flow

Average betweenness weighted by flow

Graph radius weighted by wall

Graph diameter weighted by wall

Average eccentricity weighted by wall

Average shortest path weighted by wall

Average closeness weighted by wall

Average betweenness weighted by wall

Graph radius weighted by shear

Graph diameter weighted by shear

Average eccentricity weighted by shear

Average shortest path weighted by shear

Average closeness weighted by shear

Average betweenness weighted by shear

Graph radius weighted by radius

Graph diameter weighted by radius

Average eccentricity weighted by radius

Average shortest path weighted by radius
Average closeness weighted by radius

Average betweenness weighted by radius

Graph radius weighted by average pressure
Graph diameter weighted by average pressure
Average eccentricity weighted by average pressure
Average shortest path weighted by average pressure
Average closeness weighted by average pressure
Average betweenness weighted by average pressure
Graph radius weighted by pressure delta

Graph diameter weighted by pressure delta
Average eccentricity weighted by pressure delta
Average shortest path weighted by pressure delta
Average closeness weighted by pressure delta
Average betweenness weighted by pressure delta
Graph radius weighted by average oxygen

Graph diameter weighted by average oxygen
Average eccentricity weighted by average oxygen
Average shortest path weighted by average oxygen
Average closeness weighted by average oxygen
Average betweenness weighted by average oxygen
Graph radius weighted by oxygen delta

Graph diameter weighted by oxygen delta
Average eccentricity weighted by oxygen delta
Average shortest path weighted by oxygen delta
Average closeness weighted by oxygen delta
Average betweenness weighted by oxygen delta

GRADIUS:FLOW

GDIAMETER:FLOW
AVG_ECCENTRICITY:FLOW
AVG_SHORTEST_PATH:FLOW
AVG_CLOSENESS :FLOW
AVG_BETWEENNESS : FLOW
GRADIUS:WALL

GDIAMETER:WALL
AVG_ECCENTRICITY:WALL
AVG_SHORTEST_PATH:WALL
AVG_CLOSENESS:WALL
AVG_BETWEENNESS :WALL
GRADIUS:SHEAR

GDIAMETER:SHEAR
AVG_ECCENTRICITY:SHEAR
AVG_SHORTEST_PATH:SHEAR
AVG_CLOSENESS:SHEAR
AVG_BETWEENNESS : SHEAR
GRADIUS:RADIUS
GDIAMETER:RADIUS
AVG_ECCENTRICITY:RADIUS
AVG_SHORTEST_PATH:RADIUS
AVG_CLOSENESS:RADIUS
AVG_BETWEENNESS:RADIUS
GRADIUS:PRESSURE_AVG
GDIAMETER:PRESSURE_AVG
AVG_ECCENTRICITY:PRESSURE_AVG
AVG_SHORTEST_PATH:PRESSURE_AVG
AVG_CLOSENESS :PRESSURE_AVG
AVG_BETWEENNESS :PRESSURE_AVG
GRADIUS:PRESSURE_DELTA
GDIAMETER:PRESSURE_DELTA
AVG_ECCENTRICITY:PRESSURE_DELTA
AVG_SHORTEST_PATH:PRESSURE_DELTA
AVG_CLOSENESS:PRESSURE_DELTA
AVG_BETWEENNESS : PRESSURE_DELTA
GRADIUS :0XYGEN_AVG
GDIAMETER:O0XYGEN_AVG
AVG_ECCENTRICITY :OXYGEN_AVG
AVG_SHORTEST_PATH:O0XYGEN_AVG
AVG_CLOSENESS : OXYGEN_AVG
AVG_BETWEENNESS : OXYGEN_AVG
GRADIUS :0XYGEN_DELTA
GDIAMETER:OXYGEN_DELTA
AVG_ECCENTRICITY :O0XYGEN_DELTA
AVG_SHORTEST_PATH:O0XYGEN_DELTA
AVG_CLOSENESS:OXYGEN_DELTA
AVG_BETWEENNESS : OXYGEN_DELTA

Table 3.5: Supplement: Hemodynamic feature list



Feature

Code

Graph radius weighted by inverse distance

Graph diameter weighted by inverse distance
Average eccentricity weighted by inverse distance
Average shortest path weighted by inverse distance
Average closeness weighted by inverse distance
Average betweenness weighted by inverse distance
Average eccentricity weighted by distance
Average closeness weighted by distance

Average coreness weighted by distance

Average betweenness weighted by distance
Average in degree weighted by distance

Average out degree weighted by distance

Average degree weighted by distance

GRADIUS:INVERSE_DISTANCE
GDIAMETER:INVERSE_DISTANCE
AVG_ECCENTRICITY:INVERSE_DISTANCE
AVG_SHORTEST_PATH:INVERSE_DISTANCE
AVG_CLOSENESS: INVERSE_DISTANCE
AVG_BETWEENNESS : INVERSE_DISTANCE
AVG_ECCENTRICITY WEIGHTED
AVG_CLOSENESS_WEIGHTED
AVG_CORENESS_WEIGHTED
AVG_BETWEENNESS_WEIGHTED
AVG_IN.DEGREES_WEIGHTED

AVG_OUT DEGREES_WEIGHTED
AVG_.DEGREE_WEIGHTED

Table 3.6: Supplement: Spatial feature list
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@ Input Context Outputs
vasculatures colony | tissue metrics

Activity

ARCADE

Feature
extraction

Statistical
learning

Feature sets:

topological
hemodynamic

spatial

Figure 3.1: Emulation workflow — A summary of the overall emulation workflow. (1)
ARCADE, an ABM of the tumor microenvironment, receives in silico vasculature networks
and initial cell population colonies as inputs. ARCADE simulates interactions among di-
verse agents to predict the evolution of vascular architecture and function, as well as cell
populations, over space and time. (2) Spatio-temporal dynamics are summarized with out-
put metrics that evaluate emergent tumor properties at the end of the simulations: activity,
growth, and symmetry. (3) Network metric-based feature sets are extracted from vascular
architectures. Nodes represent junctions in the vasculature; edges represent sources of nu-
trients in the simulation. Topological features are extracted from the unweighted structure
of the network. Hemodynamic features are extracted from attributes of network topologies
including hemodynamic characteristics as edge weights. Spatial features account for distance
between the information in the network from the center of the simulation. (4) Statistical
learning models use network metric-based feature sets to predict emergent tumor output
metrics.
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Figure 3.2: Spatial information does not support emulation — (A) Bar plots show
predictive performance of emergent outputs (A: activity, G: growth, S: symmetry) across
feature sets for different models (MLR, RF, SVR, and MLP). Feature engineering offered
limited improvement. Bar chart values range from -0.1 to 1.0; the horizontal axis is at
0.0. The Bonferroni corrected p-values from a two-way ANOVA highlight significant results
(noted with asterisks) that have an adjusted p-value less that 0.05. (B) Parity plots show
differences between the variance in the predicted response and the true response, comparing
the topological and spatial feature sets. (C) Additional training data offered diminishing
returns on predictive performance of MLP models that were trained on both spatial and
topological features. These subplots show the average RMSE as a function of the size of
training data. The individual points represent the RMSE from randomized test sets.
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Figure 3.3: Temporal information improves accuracy of ML models — (A) Parity
plots show the predictive performance of colony context ML models that were trained
on features from later timepoints. The trends are consistent for all three predicted outputs.
The week 1 parity plots for growth and symmetry, and the corresponding results for t i ssue
context, are included in Supp. Fig. and (B) Line plots show improvement of ML
models in both colony and tissue contexts when they are trained on features from
timepoints later in the simulation. (C) Predictive performance as a function of training data
for MLP models at later timepoints. These subplots show the average RMSE as a function
of the size of training data. The individual points represent the RMSE from randomized test
sets.
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Figure 3.4: Incorporating temporal information can improve emulation perfor-
mance — (A) A summary of the vascular network structure and ML model workflow.
Network metrics from vascular structures from consecutive simulation days are used as a
sequence to train the RNN. Initial vasculatures (represented by the greyscale network) are
then used to predict network properties of the vasculatures after two simulation weeks (red
network); the two-week predictions are then used to predict emergent behaviors with ML
models. (B) Bar plots show performance between emulators trained on forecasted network
metrics and the top performing naive emulation models. Associated parity plots show the
prediction performance of the RNN models across contexts for each emergent output.
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Figure 3.5: Training data points to diminishing returns — Line plots indicate the
predictive performance of models trained on increasingly large training data sets. In most
cases, the RMSE shows diminishing returns of model performance across all feature sets
(topolgical, hemodynamic, and spatial), emergent targets (activity, growth, and symmetry),
and algorithm (MRL, RF, SVR, MLP).
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Figure 3.6: Differential timepoint analysis shows minimal improvement in perfor-
mance in a colony context — Differential features were calculated by subtracting the
features at either one or two weeks from initial features in order to capture the evolution
of the features over time. (A) Parity plots show the predicted values of emergent targets
against the real value to demonstrate fine-grained predictive performance. (B) Bar plots
show R? values for ML models trained on differential features. Growth predictions in the
colony context improve with simulations using week one and initial timepoint differential
features.
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Figure 3.7: Differential timepoint analysis does not improve performance in a
tissue context — Differential features were calculated by subtracting the features at
either one or two weeks from initial features in order to capture the evolution of the features
over time. (A) Parity plots show the predicted values of emergent targets against the real
value to demonstrate fine-grained predictive performance. (B) Bar plots show R? values for
ML models trained on differential features.
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Figure 3.8: Shortened prediction horizon has minimal effect on emulator perfor-
mance — Models predicting spatio-temporal dynamics from after one simulation week. (A)
Bar plots indicate very poor predictive performance in all cases. Bar chart values range from
-0.1 to 1.0; the horizontal axis is at 0.0. The Bonferroni corrected p-values from a two-way
ANOVA highlight significant results (noted with black circles) that have an adjusted p-value
less that 0.05. (B) Parity plots reveal substantial discrepancies in the variance between the
predicted and true responses. (C) Line plots show predictive performance of the MLP mod-
els (the average RMSE) as a function of the size of training data. Performance improvements
are limited from additional data. The data points highlight the RMSE from randomized test
sets.
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Figure 3.9: Mid-simulation features show improvement in performance in both
contexts — Models trained on vascular features characterizing network structure at one
simulation week result. (A) Bar plots show limited improvement from training on mid-
simulation features. Bar chart values range from -0.1 to 1.0; the horizontal axis is at 0.0. The
Bonferroni corrected p-values from a two-way ANOVA highlight significant results (noted
with black circles) that have an adjusted p-value less that 0.05. (B) Parity plots reveal large
amounts of variance in predicted values with some improvement in growth predictions in
the colony context. (C) Line plots show predictive performance of the MLP models (the
average RMSE) as a function of the size of training data. Performance improvements are
limited from additional data. The data points highlight the RMSE from randomized test
sets.
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Figure 3.10: Temporal information improves ML model predictions in tissue con-
text — Parity plots show the predictive performance of ML models trained on features from
later timepoints against emulators trained on features from the initial timepoint. Improved
prediction of activity is limited; growth and symmetry reflect minimal improvements.
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Figure 3.11: RNN model captures vascular feature variance — (A) Parity plots high-
light the performance of a RNN model at predicting network metric features. Both the
simulated features and forecasted features were combined to perform PCA. The dimension-
ality of the feature set are reduced to the first 10 principal components, which represent 95%
of the feature variance. The Pearson correlation coefficient (p) is reported for each parity
plot. (B) Scatter plots illustrate the overlap between true and forecasted features using the
first four principal components.
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Model  Target Feature set Hyperparameters
MLR Activity Topological alpha:0.0086; 11 _ratio:0.2687; max_iter:10000
Hemodynamic alpha:0.0056; 11_ratio:0.775; max_iter:10000
Spatial alpha:0.0749; 11 _ratio:0.2125; max_iter:10000
Growth Topological alpha:0.0056; 11 _ratio:0.775; max_iter:10000
Hemodynamic alpha:0.0133; 11_ratio:0.4375; max_iter:10000
Spatial alpha:0.0023; 11_ratio:0.6625; max_iter:10000
Symmetry Topological alpha:0.0015; 11_ratio:0.9437; max_iter:10000
Hemodynamic alpha:0.0015; 11 _ratio:0.9437; max_iter:10000
Spatial alpha:0.0015; 11 _ratio:0.9437; max_iter:10000
RF Activity Topological n_estimators:38; max_features:0.0562; max_depth:63; min_samples_split:0.5623; min_samples_leaf:0.0562; bootstrap:False
Hemodynamic n_estimators:38; max_features:0.0562; max_depth:63; min_samples_split:0.5623; min_samples_leaf:0.0562; bootstrap:False
Spatial n_estimators:20; max_features:0.0421; max_depth:94; min_samples_split:0.0749; min_samples_leaf:0.1333; bootstrap:False
Growth Topological n_estimators:13; max_features:0.1778; max_depth:38; min_samples_split:0.0177; min_samples_leaf:0.0177; bootstrap:True
Hemodynamic n_estimators:57; max_features:0.0749; max_depth:7; min_samples_split:0.4216; min_samples_leaf:0.0237; bootstrap:True
Spatial n_estimators:81; max_features:0.2371; max_depth:81; min_samples_split:0.0133; min_samples_leaf:0.0749; bootstrap:False
Symmetry Topological n_estimators:94; max_features:0.0133; max_depth:69; min_samples_split:0.0237; min_samples_leaf:0.0421; bootstrap:False
Hemodynamic n_estimators:94; max_features:0.0133; max_depth:69; min_samples_split:0.0237; min_samples_leaf:0.0421; bootstrap:False
Spatial n_estimators:81; max_features:0.2371; max_depth:81; min_samples_split:0.0133; min_samples_leaf:0.0749; bootstrap:False
SVR Activity Topological C:0.5623; epsilon:0.1778; kernel:linear
Hemodynamic C:0.2371; epsilon:0.0749; kernel:linear
Spatial C:0.2371; epsilon:0.0749; kernel:rbf
Growth Topological C:0.5623; epsilon:0.1778; kernel:rbf
Hemodynamic C:1.333; epsilon:0.0133; kernel:linear
Spatial C:4.8696; epsilon:0.0205; kernel:linear
Symmetry Topological C:0.2371; epsilon:0.0749; kernel:linear
Hemodynamic C:0.2371; epsilon:0.0749; kernel:linear
Spatial C:0.1; epsilon:0.001; kernel:linear
MLP Activity Topological alpha:0.3162; activation:logistic; hidden_layer_sizes:[50, 25]; solver:lbfgs; max_iter:1000
Hemodynamic alpha:0.5623; activation:logistic; hidden_layer_sizes:[50, 25]; solver:lbfgs; max_iter:1000
Spatial alpha:0.5623; activation:logistic; hidden_layer_sizes:[50, 25]; solver:lbfgs; max_iter:1000
Growth Topological alpha:0.5623; activation:logistic; hidden_layer_sizes:[50]; solver:1bfgs; max_iter:1000
Hemodynamic alpha:0.5623; activation:identity; hidden_layer_sizes:[25]; solver:lbfgs; max_iter:1000
Spatial alpha:0.5623; activation:identity; hidden_layer_sizes:[5]; solver:1bfgs; max_iter:1000
Symmetry Topological alpha:0.5623; activation:tanh; hidden layer_sizes:[50, 50]; solver:lbfgs; max_iter:1000
Hemodynamic alpha:0.5623; activation:identity; hidden_layer_sizes:[5, 5]; solver:lbfgs; max_iter:1000
Spatial alpha:0.5623; activation:identity; hidden_layer_sizes:[5, 10]; solver:lbfgs; max_iter:1000

Table 3.8: Supplement: Top performing hyperparameters for emulation models in a tissue context
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Figure 3.12: Architecture and structure of the RNN used for feature prediction
— This flowchart describes the layers used while training the feature prediction RNN. All
parameter values are defined in Supp. Table |3.9] and optimal values are provided in Supp.

Table 3.101

Hyperparameter Code Potential value
sequence_length (15, 10, 5, 3, 1]]
Training sequence lengths [15, 10, 5, 1]
(15, 5, 3, 1]
Istm_size 64
128
LSTM layer size 256
512
1024
hidden_layerl _size 64
128
Size of first hidden layer 256
512
1024
hidden_layers_size 64
128
Size of the remaining hidden layers 256
512
1024
num _layers 0

Number of hidden layers after the first

Tk W N~

activation_function relu

Activation function after first hidden layer tanh

Table 3.9: Supplement: Hyperparameters used in RNN architecture grid search
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Context  Parameter Value

colony sequence_length [15, 10, 5, 3, 1]
lstm.size 512
hidden_layerl_size 1024
hidden_layers_size 1024
num_layers 2
activation_function relu

tissue sequence_length [15, 10, 5, 3, 1]
lstm_size 512
hidden_layerl_size 512
hidden_layers.size 1024
num_layers 1

activation_-function relu

Table 3.10: Supplement: Top performing architecture parameters for RNN
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Figure 3.13: Architecture and structure of the emulation codebase — This flowchart
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4.1 Introduction

Cancer often co-opts physiological processes that eventually manifest as pathological pheno-
types. One such process, angiogenesis, is a key driver in development to support cell growth
by sprouting blood vessels to supply nutrients at the tissue-scale.*#® However, there is a clear
distinction between pathogenic and nonpathogenic vasculatures.*#14% Angiogensis is an intu-
itive target for therapy as avascular tumors cannot normally grow past 1-2mm"4?. However,
the application of anti-angiogenic therapies has been largely unsuccessful, indicating gaps in

our understanding of the overall regulation of this process.

Angiogenesis is mediated by two common biological cellular regulators: oxygen tension
sensing and the secretion of a growth factor.1#148 Hypoxia—severe oxygen tension—is a result
of resource competition and vascular degradation in solid tumors.*4#450 Hypoxia inducible
factors (HIFs) are transcriptional regulators that provide sensing machinery for cells. One
such process regulated by HIF, specifically HIF-1q, is the secretion of vascular endothelial
growth factor (VEGF)."#® VEGF then promote migration and proliferation in the vascular

endothelial cells, supporting angiogensis.

There is a distinct need and gap for computational models that can capture this com-
plexity. A computational model designed to include mechanistic insights can help elucidate
potential therapeutic targets in a multi-scale control system. We hypothesize that agent-
based models (ABMs) that accurately describes the system in situ can translate in vitro

derived models into n vivo contexts.
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We integrate a validated dynamic model of HIF-1aw into ARCADE#%™, We investigate
the challenges of translating the in vitro context of the validated model towards in vivo and
in situ representations of the system. We first validate parameters within the most analagous
environment to the original in vitro context. We show that this validation does not extend to
more complex contexts, resulting from a lack of endogenous regulation in VEGF production

from healthy cells. We then discuss the next steps required to complete this work.

4.2 Background

4.2.1 Hypoxia, tumor development, and the tumor microenvironment

Biological systems are rife with sensors. These sensors have been shown to enable re-
sponses and adaptation to environmental conditions, to coordinate development, and to
be (re)engineered by synthetic biologists to perform computations. Cellular reactions to ac-
tivation of these sensors can also impact the environment. This bilateral dynamic results
in complex control systems that have evolved to manage stress conditions and physiologi-
cal processes. However, these same sensors are also commonly found to be associated with
disregulation implicated in pathogenic phenotypes like cancer.

Effectively treating cancer requires understanding and controlling the disregulation of
these sensors®’. Many solid tumors display an emergent spatial phenomenon in which prolif-
erating cells localize to the outer shell of the tumor®®Y. Within the proliferative rim, nutrient
limitation leads to a necrotic core surrounded by a layer of quiescent cells®®2. Rapid prolif-

eration of cancer cells and an increased crowding tolerance lead to hypoxia (<~ 2% pO; )



68

within the tumor. In addition to the spatial heterogeneity, tumors also experience temporal
heterogeneity comprising three main types of hypoxia: chronic, acute, and cycling™. The
characterization of these terms and the temporal patterns they characterize are relatively
inconsistent in literature due to limited experimental tools to impose hypoxia®* but there

are attempts to capture consistent emergent phenomena®3,

Chronic hypoxia is generally considered as hypoxia that persists for more than 24 hours;
it is believed to be the first type of hypoxia encountered during tumor development. Chronic
hypoxia can lead to loss of vital cell functions, apoptosis, and cell cycle arrest at a cellular
level; it is believed to be associated with therapy resistance, immune suppression, and poor

patient outcomes'”,

Chronic hypoxia can arise from diffusion-limited hypoxia as a result
of enlarged diffusion distances, enhanced competition, or dysfunctional vasculature. Acute
hypoxia is considered shorter term hypoxia (on the order of hours) with greater oxygen
tension than chronic hypoxia; it is associated with spontaneous metastasis®*”. This temporal
pattern is largely attributed to a temporary flow stoppage or inconsistent red blood cell flux,
which is commonly a result of dysfunctional blood vessel development during pathologic

54

angiogenesis’ Perpetual exposure of cells to cycles of acute hypoxia results in chronic

hypoxia, and the causes and consequences of cyclic hypoxia are less well studied*.

These different types of hypoxia are associated with dissimilar patterns of differential
activation of hypoxia inducible factor (HIF) proteins. HIFs are transcription factors that are
important for early embryonic development in the oxygen-limited environment and act as

defense mechanisms for cells to avoid necrosis as a result of oxygen limitation**. Three iso-
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forms of HIFa subunit have been identified in humans HIF-1a, HIF-2c, HIF-30/%2. HIF-1cv
and HIF-2a are the two that are most active in cancers and will be the focus of discus-
sion"??, and HIF-1o is the subject of this research. HIF-1« is constitutively expressed in all

L These two isoforms have

tissues, but HIF-2« is differentially expressed in certain tissues
unique targets and regulators, with some overlap®®Y. They also have similar mechanisms for

activation through stabilization.

4.3 Results

Our objective was to demonstrate the utility of agent-based modeling for translation of in
vitro models towards replicating in situ conditions. We add a dynamic subcellular model*>*
of HIF to ARCADE™ as an agent-specific sensing module for hypoxia, the model is detailed
in Section [£.5.2] Table and initial conditions described in Table [£.5.2] Similar to
previous work™, we include the functional coupling of agents to their environment through

degradation and remodeling of the vasculature.

Different cellular contexts and populations were used to initialize the system. The
colony simulations were run with only cancer cells. The tissue simulations were run
with both healthy cells and cancer cells. The healthy simulations were run with only
healthy cells. The parameter governing VEGF secretion derived from HIFd-HRE complex
formation was manually tuned according to the colony context as the most analogous

system to the original experimental system.">"
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Figure 4.1: ABM is consistent with emergent observations — (LEFT) Line plot
of the VEGF concentration profile versus the distance from the center of the simulation
(n=3). Vertical lines indcate the average tumor radius for the colony and tissue con-
texts. Horizontal lines indicate key thresholds for VEGF concentrations. Hatched regions
show pathological VEGF levels in tumors. Black dotted line indicates angiogenic VEGF
concentration threshold.’8 Grey dashed line shows the steady state behavior of analogous
in vitro simualtions at ambient temperatures. (RIGHT) Scatter plot of average VEGF
concentrations versus the average oxygen partial pressure at along the radius of the simula-
tion. The vertical line indicates threshold for HIF-1a stabilization.’® The horizontal lines
show the same thresholds as left plot.

4.3.1 Colony VEGF profile with dynamic vasculature is consistent to key cancer observa-

tions

In order to determine effective integration into the ABM, the VEGF concentration profiles

were compared to those obtained experimentally. 5160 Specifically, the kinetic mass-action
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Figure 4.2: VEGF profiles vary by context — (TOP) ABM was tuned to mimic VEGF
behavior found in tumors™®60 ensuring that the colony context passes an activation
threshold®® and reaches a steady state within the experimentally derived range. The dy-
namic VEGF concentrations is plotted over time, based on the average concentration at a
radius from the center of the tumor, for each type of root vasculature seed. The associated
radii are plotted in boxplots. (MIDDLE) Tissue and (BOTTOM) healthy simulation
results are also shown for the same radii as the colony simulations. Tissue results show
non-additive behavior between colony and healthy values, and healthy simulations show
high VEGF indicative of tumor formation.

parameter translating HRE transcription to VEGF secretion was tuned in the model to

match experimental phenotypes. There are two key emergent conditions to which we compare
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our model, the VEGF' concentration profile and the correlative relationship with hypoxia.
Previous computational studies have suggested that the spatial VEGF profile within tumors
is fairly consistent since diffusion is fast and VEGF profiles are diffusion limited outside the
tumor as the quiescent population dominates VEGF production in tumors.**? The switch-
like behavior of HIF-1a should only support an excess of VEGF for conditions when HIF-1«
is stabilized, at oxygen concentrations lower than 3%.

We found that within the tumor radius, VEGF concentration levels are consistent with
those experimentally observed for colony contexts (Figure LEFT; Figure , TOP-
LEFT). Past the radius of the tumor, VEGF is diffusion limited at the rim, still exceeding
the angiogenic threshold at later timepoints (Figure [4.3] LEFT, Figure 1.3, TOP-MIDDLE).
At large distances from the center of the tumor, the VEGF conditions are minimal and
match those conditions. We also observed that the large majority of VEGF exceeding an

angiogenic threshold is under hypoxic conditions (Figure , RIGHT).

4.8.2  VEGF profile is inconsistent with experimental hypozic distributions

We applied the same HIF-1a dynamic model to two alternate contexts, t i ssue—a combi-
nation of tumor population similar to those found in colony, and healthy cells which are
seeded throughout the radius of the simulation—and healthy—healthy cells throughout
the radius of the simulation. The same analysis was performed for both contexts, with the
exception of calculating tumor radius as is not applicable for healthy simulations. Notably,

we find that the tissue VEGF concentration is not simply additive between the colony
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and healthy contexts (Figure |4.3]).

We find that there are significant inconsistencies with previous observations. The VEGF
concentration were much higher in the tissue context than in experimental observations.
Furthermore, the inclusion of healthy cells show that there is a significant concentration of
VEGEF at steady state conditions for tissues. VEGF is not accumulating but is being secreted
at a constant rate, despite degradation of VEGF, at in situ environmental conditions.
We find that the HIF leakiness in this context indicates that the dynamic model used is an
incomplete description of the regulation of HIF-1ae in situ, despite considerable validation

in a previous publication.!>”

4.4 Discussion

Translating results from in vitro conditions to in situ environments is a long-standing
grand challenge in biology. In order to begin closing this gap we use a validated multi-class
model that has been designed with a bottom-up approach to mimic the TME. We focus
on the regulation of VEGF, which is a key growth factor secreted in hypoxic conditions, a
driver of angiogenesis, and a hallmark of solid tumors. We find that when the emergent
VEGF concentration is tuned to be consistent with literature, adding healthy cells to the
environment leads to significant discrepancies between theory and experiment. The VEGF
concentration profile that is experimentally derived from healthy cells is several fold lower

than those found in this study.

This translation is especially difficult as hypoxia is uniquely difficult to probe in vitro
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as the experimental tools to create hypoxic conditions are limited.***Y The main discrepancy
between healthy cells in vitro and in situ is a large difference between ambient and physi-
ological tissue oxygen pressures. These results suggest that there is an additional regulator

preventing the leakiness of HIF behavior.

This work is incomplete in its current iteration. This framework provides researchers the
means to hypothesize additional regulation that can be included in this model; I propose
such model extensions below. The lack of in silico dynamic behavior of tissue-derived VEGF
suggests that the model incorporate more switch-like behavior, hypothetically resulting from
cooperativity. However, this model assumes that the sole transcription factor driving VEGF
is HIF-1a. One could include additional hypoxia regulators that could limit VEGF pro-
duction from healthy cells, like HIF-2ax or secretion regulation. Another key multi-scale
behavior that is not described in this model is the sequestering of VEGF in the vasculature.

This factor motivates the need to include dynamic vascular growth (i.e. angiogenesis) into

ARCADE.

We believe that ABMs are promising tools to translate results to multiple contexts,
but certain challenges need to be addressed. Tuning an ABM is extremely laborious, thus
optimization methods are important to continue developing for this class of model. Validation
of ABMs remains challenging due to the multiplexed nature of their design. ABMs can incur
long development times and high computational costs, motivating standardization—much
like other classes of models—to support both thrusts. Once these limitations are addressed,

there is incredible potential in the widespread adoption of ABMs.
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4.5 DMaterials and Methods

4.5.1 Data and code availability

All source code for the adapted ARCADE ABM is publicly available on GitHub at /github.

com/bagherilab/ARCADE.

4.5.2  Sensing module

The sensing module has been adapted from a dynamic model of HIF stability dynamics.*>7
Many of the equations are the same as those outlined in the previous publication. k; refer
to reaction constants, with ¢ corresponding to a respective v; reaction rate. Km refer to
Michaelis-menten kinetic equations. Os is taken from the local environment of the cell in
the agent-based model. Consitent with the original model, oxygen levels are treated as
percentage of normoxic conditions, assumed to be 160 mmHg. All parameters were fit or
derived from existing literature to constrain the search space. However, the generation of
VEGF has been added to this model and had not been fit previously, a key subject of this
study. We list the reaction rates below.

Cells first poll the environment lattice to determine oxygen concentration. The reac-
tions were calculated to determine the amount of VEGF produced per model step, defined
in MASON12 VEGF concentration was then reduced to zero and all VEGF was placed in

a VEGF environment lattice.


github.com/bagherilab/ARCADE
github.com/bagherilab/ARCADE
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4.5.8 VEGF lattice properties

The diffusion of VEGF was calcualted using a reaction diffusion equation:
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Reaction Description

Constitutive generation of HIF-1«

HIF-1a degredation

Prolyl hydroxylation by PHD

VHL degredation of HIF-1a-pOH
Asparaginyl hydroxylation of HIF-1a by FIH
HIF-1a-aOH de-hydroxylation

Prolyl hydroxylation by PHD for HIF-1a-pOH
VHL degredation of HIF-1a-aOHpOH
HIF-1a translocation to nucleus

HIF-1a translocation to cytoplasm

PHD translocation to nucleus

PHD translocation to cytoplasm
HIF-1a-aOH translocation to nucleus
HIF-1a-aOH translocation to cytoplasm
Nuclear localization of reaction 3

Nuclear localization of reaction 4

Nuclear localization of reaction 5

Nuclear localization of reaction 6

Nuclear localization of reaction 7

Nuclear localization of reaction 8

HIF-1a nuclear dimerization with HIF 3
HIF,; binding to HRE

Production of PHD from HIF;-HRE
Degredation of PHD

Production and secretion of VEGF from HIF,;-HRE

Table 4.1: Description of reactions in dynamic HIF signaling model.
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Molecule Initial concentration (nM)

[HIF-1a] 5
[HIF-1a-pOH] 0
[HIF-1a-aOH] 0

[HIF-1a-aOHpOH] 0
[HIF-1a,]-pOH 0
[HIF-1a,,] 0
[HIF,] 0
[HIF,-HRE] 0
[HIF-1av,-aOH] 0
[HIF-1a,-aOHpOH] 0
[PHD)] 100
[PHD,)] 0
[HIF ] 170
[HRE] 50
[VEGF] 0

Table 4.2: Initial conditions for HIF signaling pathway.

Where C' is the concentration of VEGF. D is the diffusivity constant, here 10 ym?/s.147
R, is the amount added from the reaction detailed in previous section, and R, is the degre-

dation rate, here 0.00455 1 147

4.5.4 ARCADE simulations and workflow

Input file tags
*_invitro_ambient.xml

<globals>
<global id="CONCENTRATION_OXYGEN" value="160" units="mmHg" />
</globals>
<components>
<component type="sites" class="source"/>
</components>
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*_invitro_normoxia.xml

<globals>
<global id="CONCENTRATION_OXYGEN" wvalue="40" units="mmHg" />
</globals>
<components>
<component type="sites" class="source"/>
</components>

*_invitro_hypoxia.xml

<globals>
<global id="CONCENTRATION_OXYGEN" value="15" units="mmHg" />
</globals>
<components>
<component type="sites" class="source"/>
</components>

*_invitro_anoxia.xml

<globals>
<global id="CONCENTRATION_OXYGEN" wvalue="0.02" units="mmHg" />
</globals>
<components>
<component type="sites" class="source"/>
</components>

colony_*.xml

<agents initialization="0">
<populations>
<population type="C" fraction="0.0">
<variables>
<variable id="max_height" scale="1.5" />
<variable id="meta_pref" scale="1.5" />
<variable id="migra_threshold" scale="0.5" />
</variables>
</population>
</populations>
<helpers>
<helper type="insert" delay="1440" populations="0" bounds="0
</helpers>
</agents>

.05"/>
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tissue_x.xml

<agents initialization="0">
<populations>
<population type="C" fraction="0.0">
<variables>
<variable id="max_height" scale="1.5" />
<variable id="meta_pref" scale="1.5" />
<variable id="migra_threshold" scale="0.5" />
</variables>
</population>
<population type="H" fraction="1.0" />
</populations>
<helpers>

<helper type="insert" delay="1440" populations="0" bounds="0.05"/>

<helper type="insert" delay="720" populations="1" bounds="1.0"/>
</helpers>

</agents>

healthy_*.xml

<agents initialization="0">
<populations>
<population type="H" fraction="1.0" />
</populations>
<helpers>
<helper type="insert" delay="720" populations="0" bounds="1.0"/>
</helpers>
</agents>
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Chapter 5
THE IN SILICO LAB: IMPROVING ACADEMIC CODE
USING LESSONS FROM BIOLOGY
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ABSTRACT

“Good code” is often regarded as a nebulous, impractical ideal. Common best practices
towards improving code quality can be inaccessible to those without a rigorous computer sci-
ence or software engineering background, contributing to a gap between advancing scientific
research and FAIR practices. We seek to equip researchers with the necessary background
and context to tackle the challenge of improving code quality in computational biology re-
search using analogies from biology to synthesize why certain best practices are critical for
advancing computational research. Improving code quality requires active stewardship; we
encourage researchers to deliberately adopt and share practices that ensure reusability, re-

peatability, and reproducibility.

KEYWORDS: code quality; reproducibility; reusability; computational biology

5.1 Introduction

Complex code bases often resemble fragile ecosystems on the verge of collapse, vulnerable
to any perturbation. The study of larger and more intricate biological systems has mo-
tivated both the ubiquity and increasing complexity of computational models. However,
inconsistent management of code complexity introduces gaps between best intentions and
best practices. The computational biology community is not exempt from the ongoing repro-
ducibility crisist®1% Proactively improving the quality of code would significantly improve

both reproducibility of, and trust in, code. Unfortunately, translating jargon around best
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practices is difficult for those without a background in software development.

Researchers should prioritize building code that is consistent with FAIR practices®™.

There exist countless community resources that aim to standardize modeling toolst0 169 a5

1704174

well as accessible introductions to coding and relevant best practices . Far fewer discus-

sions focus on, and motivate practices for, improving code quality in academic research7¢,

This perspective presents computer science and software engineering concepts through
the lens of biological analogies to support academic researchers of varying programming
proficiency. The guidelines introduced in this perspective are not intended to be static
nor dogmatic. We simply aim to highlight some important considerations that reinforce
the impact of computational research for both the individual researcher and the greater
academic community. Just as research evolves and refines over time, the following principles

will similarly evolve and refine.

5.1.1 Context: Understanding the environmental niche

Just as the environmental context guides the questions asked and approaches used when
studying biological systems, the unique considerations specific to academic research moti-
vate a nuanced selection of best practices rather than wholesale adoption. We acknowledge
that most industrial implementations of software engineering practices are broader in scope
than the requirements, use-cases, and especially audience of academic code. Universal recom-
mendations do not account for the context of one’s greater research community. A research

community may maintain certain conventions (e.g. model-type specific markup languages



85

like SBML*™) that support reproducible code. Different approaches are better when de-
signing tools versus one-off analyses. Practices must be in place to maintain a publication
legacy of an improving product. Understanding why certain coding practices exists equips

researchers to identify the most impactful conventions.

A substantial amount of software engineering terminology has particular relevance to
the dynamic needs of academic research. For example, reducing coupling—or avoiding
code that needs to be edited simultaneously—provides flexibility to make adjustments or
course corrections without disruptive systemic changes. Likewise, researchers will inherently
need to adapt the design of the code and deliverable(s) to changing contexts. Improving
modularity in code design supports the flexibility to account for the exploratory nature of
research. Another example is refactoring—improving the readability without changing
the functionality—which helps improve the transparency of methods. While Table is
not comprehensive, it is a useful starting point for contextualizing and accelerating the

implementation of better coding practices.

To empower researchers with the necessary context to independently evaluate the impact

of best practices, we highlight the following considerations:

e The choice of programming language has nuanced impacts on both computational and
development time in addition to syntax considerations.

e A deliberate approach to version control supports improved transparency and organi-
zation.

e Tests provide far more utility than simply verifying code correctness.
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e Different deployment strategies have a significant impact on the reach and accessibility
of research results.
e Readability and design are equally if not more important than documentation for
determining the quality of code.
By introducing common best practices and jargon through analogous biological principles, we
hope to guide and facilitate nuanced discussion supporting how researchers write, distribute,

and publish code.

5.2 Computational counterparts to biological principles

5.2.1 Instrumentation: Pick the right tool for the job

No single experimental instrument can meet all sensitivity and throughput demands for
diverse research samples. Thus, researchers identify, evaluate, and select appropriate tools
for their question and system. Similarly, all programming languages have strengths and
weaknesses. One’s preferred programming language may be adequate, but another language,
or a combination thereof, may excel at the same task.

Different languages offer various levels of abstraction or features that can be more ap-
propriate for certain applications. Programming languages can be roughly classified on a
spectrum of abstraction—how far removed the software interface is from the hardware con-
siderations. Higher-levels of abstraction often hide implementation details for the sake of
ease-of-use. Generally, higher-level languages provide shorter development times by silently

handling operations such as matrix multiplication. Some higher-level languages stream-
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line development with native functionality for specific types of analyses, and therefore are
designed to be specialized tools rather than general-purpose languages; popular examples
include R and MATLAB. Higher-level languages are often designed with cross-platform func-
tionality in mind. In contrast, lower-level languages provide more control, usually resulting
in better performance, but the burden is placed on the developer to manage computational
resources more intentionally. Lower-level languages allow for more flexibility of implementa-

tion and applications; a common example is C++.

Researchers need to consider both computational and development time when selecting
a programming language, while also considering the conventions in their field. A common
challenge is that readability does not always support efficient computing, and vice versa.
Development time—the time required to design, write, test, and turnover code—can be
shortened by using appropriate languages that emphasize readability. These languages tend
to be interpreted languages, which are executed directly from the code syntax. Computa-
tional expense—the time and memory required to execute the code—is a bottleneck that can
be managed with high degrees of parallel computing and additional resources. This expense
can be managed through the use of compiled languages, which are optimized in another
language prior to execution. Compiled languages often require more explicit typing, which

allows minor bugs to be caught during execution.

Languages are hard to classify, but there are generalizations due to abstraction (Figure
5.11A). It is often easier to call lower-level languages from higher-level languages than the

alternative. Higher-level languages are more likely to be interpreted, whereas lower-level
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languages are more likely to be compiled, but it is worth noting that the two distinctions
are unique. Python and Java, two languages that integrate both compiled and interpreted
components into their functionality, are sometimes considered to have similar levels of ab-
straction as they hide similar implementation details. However, their use-cases diverge as a
result of their typing and execution procedures. An important factor to consider is that some
proprietary languages have open-source counterparts that fill a similar functionality niche
while also providing the benefit of transparency (e.g. Julia as an open-source alternative to
MATLAB). A universally superior language does not exist, but there is likely one designed

to excel at any necessary task.

5.2.2 Records: Treat version control like a lab notebook

Version control software maintains the legacy of projects and decisions, much like the
ubiquitous lab notebook. Managing a significant amount of source code can be difficult, but
tools like Git have been developed as a solution to properly tracking changes. Git is not the
only version control software, but it is the most common. Multiple tools have extended Git to
help developers maintain and organize version control of both code and data. All interactions
with version control are documented. If time is invested in keeping these systems organized,
the result naturally resembles a well-maintained lab notebook.

Versioning code allows developers to maintain, and return to, the code base at signifi-
cant points of development. Maintaining an organized history allows researchers to go back

through code changes and find the reasoning behind specific changes. A version can be as-



89

signed to any commit—a collection of code changes—as an indicator for a useful checkpoint
in development. Importantly, versions can be associated with a DOI and used to indicate

the code that produced results in a publication.

Version control systems are designed with organization in mind, providing many technical
structures to compartmentalize work. Repositories are abstracted file systems that support
Git to track changes made to a collection of source code. Commit labels are comprised of a
unique identifier, timestamp, and author. The repository is a great place to include additional
user information: installation instructions, example usage, public APl documentation. If

commits are kept small, their annotations can be highly specific to the change made.

Many tools integrate with version control software, facilitating continuous integration
and collaboration. Branches are collections of commits that can help developers organize
work-in-progress code. Branches can be merged into the main project using a pull request,
a common repository hosting feature for codifying significant changes and supporting col-
laborative code development and review. Pull requests are immensely useful not only as
a commit history of adding a feature to the code base, but also as a mechanism for col-
laborating through code reviews. Online repository hosts include automated workflows
(e.g. GitHub Actions, BitBucket Pipelines) that use continuous integration tools when new
commits are added. These workflows can include automated linters—programs that check

style—or test runners—programs that execute tests—that provide useful feedback.
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5.2.3  Selection: Write tests to favor better code

Similar to how evolutionary pressures select for fitter phenotypes, intentionally developed
tests can select for better code by driving code to follow best practices that improve modular-
ity and avoid coupling while ensuring correctness. Early test design helps researchers write
code proactively and have more utility than tests that are used reactively for debugging. An
added benefit of writing tests is to break down wide-reaching design goals into a series of
smaller, easily solvable test cases.

Tests provide a problem-solving framework to write and improve code. Simple tests,
with streamlined inputs and outputs, run faster and are less disruptive to a workflow than
complicated tests. Writing a trivial initial test—such as checking for an empty object when
no input is given—is a useful foundation to continue adding to a suite of simple tests as
projects grow and evolve. Tests provide additional rigorous documentation (simpler tests
are clearer documentation) for intended function behavior and interactions for anticipated
edge cases.

Tests should focus on assessing interfaces (inputs and outputs) rather than assessing
implementation (underlying structure). Testing what code should do, rather than how it
works, enables the developer to avoid rewriting tests even if the code implementation changes.
Unit tests (or developer tests) generally evaluate one function or class of code. These tests
should be explicit about the testing criteria so that it is clear to other developers what the
point of a method, class, or function is. If a unit test fails, the code does not complete its

intended purpose. Functional tests (or integration tests) evaluate a user’s experience, and
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should test multiple modules together. These tests are useful indicators for the anticipated
use cases or user stories that were considered in the original design. If an integration or
functional test fails, it could indicate that the modules may not correctly interact with one

another or with an external service.

Code that cannot be tested is “bad code”. It is more challenging to design tests that
evaluate multi-purpose functions containing 100 lines of code than it is to design tests for
focused functions with 10 lines of code. If it is difficult to conceive of a test that evaluates
a function in isolation, a likely cause is that the code is highly coupled. The solution is
usually to organize code with focused responsibilities, and therefore selecting for modular
design. When refactoring, passing tests assures the developer that changes made toward

more intuitive or readable implementations are still functionally correct.

5.2.4 Robustness: Design systems to work in diverse environments

Environments can be hostile to non-native species that have not evolved the requisite fitness.
Similarly, code should be designed to navigate challenges of adapting to new environments.
Reproducibility suffers when code only works on specific systems; fortunately, there are many
emerging tools to support portability. In a world where it is increasingly common for people
to use different operating systems and computational architectures, designing code that can
be used by diverse audiences is critical. Instructions should support users trying to install
code, and describe the necessary steps to run installation programs, or build tools. A

common approach to ensure code fitness is virtualization, which mimics an operating system
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within a program through containerization.

Instructions on how to install software is a necessary, but not always sufficient, require-
ment for sharing computational projects. Installation instructions can be sufficient when
associated with standardized package management systems like PyPI (Python Package In-
dex, often associated with pip) for Python. To support other contributors, installation
instructions should be supplemented with a list of software dependencies, hardware re-
quirements, and respective version numbers. In general, the reliability of instructions are
limited by the extent of the combinations of software and hardware configurations that de-

velopers can reliably test.

Build tools automate the compilation and installation process to make the final software
more accessible. Automated installation software can ensure smaller variance on the instal-
lation experience. These tools allow for the implementation of continuous integration steps,
such as running tests, managing dependencies, and generating documentation. Languages
often have unique build tools, meaning that any user will need to install the specified build
tool. This approach is often desirable for sharing code with other developers to extend code

functionality:.

Containerization software (e.g. Docker) ensures that the installation and execution of
code is consistent across machines. Containerizing code creates portable computational
projects that work on different machines. In order to containerize code, the developer sets
up a virtual file system and operating system for running the code, independent of the user

system. Building containers is simply an exercise in determining the necessary dependencies
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and steps required for a clean install, and can often be used in conjunction with build
tools. However, the container still accesses the host machine’s hardware, and therefore
inherits any limitations from the original code that may result. For projects requiring a high
degree of parallelization, containers can ensure code runs the same way on clusters and cloud

computing as on a local machine.

5.2.5 Redundancy: Documentation and readability are complimentary, not interchangeable

Just as functional and genetic redundancy enables consistent development in biological sys-
tems, redundancy in code documentation practices and code readability provide a similar
benefit in computational development. Redundant documentation provides accessibility of
code to a wider range of users, while readable code that can be understood and interpreted
like prose supports method transparency. Ensuring that the code is readable includes making
sure the code is as intuitive as possible to other developers, an idea closely related to cohe-
sion. Providing traditional documentation and improving readability through code reviews

are tangible methods of providing clearer code.

In practice, documentation refers to multiple scales of potentially redundant information
that are designed to help different types of users engage with different levels of the project.
There are many ways to signify intent as a developer that go beyond pure syntax. Users rely
on examples and instructions to understand and apply code; future developers, including the
original author, rely on comments, readability, and tests. Comments alone are not sufficient

documentation as they cannot be tested and are prone to mistakes. Code written to be as
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readable as possible (a practice referred to as self-documenting code) is helpful, but should
not be the sole form of documentation. Some of these considerations are detailed in Figure

[5.IB, which highlights the organization and readability of consistently styled code.

Syntax alone can be misleading since the structure of code can lead to incorrect assump-
tions about implementation. For example, it is helpful to be explicit in the documentation
when giving a function permission to change attributes of an object (pass by reference) rather
than just passing a function its value (pass by value). Not doing so can lead to unintentional
side-effects (manipulation of data). Functional programming is less prone to uninten-
tional side-effects by definition, while using object-oriented programming provides a
framework for intuitive data structures and methods for manipulating data. Leveraging ap-
propriate design principles profoundly impacts how immediately understandable the code

may be.

Code reviews and pair programming provide opportunities to assess the efficacy of docu-
mentation and readability. Reviewers do not need to be more fluent or knowledgeable than
the author to be helpful; code review and pair programming are productive exercises that
benefit both parties independent of their relative levels of expertise. Tools should be re-
viewed and tested by multiple users; these exercises are bolstered by, and help assess efficacy
of, documentation. Collective ownership of code between collaborators and the subsequent

knowledge sharing within a community offers the best safeguard against “bad code”.
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5.3 Conclusion

Complexity is inherent to both biology and code. Functional code emerges from simple code
interactions. No one actively sets out to write “bad code”, but “good code” does not emerge
passively. It derives from intentionally applying and maintaining coding practices that are
appropriate for the context of the problem. We introduced biological analogies of coding
practices to equip computational biologists with the perspective to address and proactively
mitigate shortcomings in code quality. A collective effort to improve the quality of code in

research will improve reproducibility and trust within and across scientific communities.
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A: Common terms used to describe programming languages

Term Description

Compiled Languages that leverage an intermediate step of taking source code and rewriting, and sometimes optimizing, it into
another programming language before execution.

Interpreted Languages that directly execute code from the source code as written in a text editor, where the file is continuously
accessed during runtime. Parts of interpreted languages can also be compiled.

Typing How languages handle the underlying data structures of variables. Typing usually amounts to when, or if, type
verification happens and how flexible that verification is.

Object-oriented The organization of code such that data are stored into objects that can interact and potentially change other objects.

design Object-oriented programming is typically regarded as the standard approach to well-designed modular code.

Functional The organization of code into functions with a focus on inputs and outputs, with no side effects. Functional

design programming is popular in data analysis or workflow designs due to the design principle of not changing underlying data.

B: Common terms used to discuss coding practices

Term Description Related terms

Style guides Guidelines of community conventions for a specific language. These are often useful to enforce Reformatters;
consistent style decisions and help catch mistakes. Linters

Unit tests A classification of light-weight tests designed to assess the execution of a single function or class. Developer tests

Functional tests

Continuous
integration

Coupling

Cohesion

These tests are often written from the perspective of a developer to help write and refactor code.
Ideally, these tests are isolated from other tests and are often designed to isolate the function/class
being tested.

Tests that are designed to evaluate a collection of code (suite or package) working together and are
generally developed based on users/use cases. There is not a significant distinction between
functional and integration tests and are often used as interchangeable terms. These tests are often
run in continuous integration configurations as they often are less isolated and require more time.
The practice of using automated tools to build and test new code changes. Continuous integration
tools are often associated with deploying code, but can also be easily adapted to encourage better
day-to-day practices.

A consideration of how much code might need to change as a result of adding or removing code in
another function or class. Coupling is often associated the scalability or flexibility of source code.
A descriptor of the intuitive structure of code. A cohesive design focuses on the grouping (and
separation) of code to be organized into distinct purposes.

Integration
tests

Continuous
delivery

Modularity;
Interfaces
Design pattern

C: Common terms used to describe workflows

Term

Description

Related terms

Dependency

Version control

Refactoring
Code review

Build tools

Containerization

A package or module that a code project relies on to work. Dependencies may need to be isolated
from one another in order to work. Portability issues arise from the mismanagement of inaccessible
or incompatible dependencies.

Tools that help developers maintain collections of source code as separate versions by tracking
changes and annotations. The most common version control software is Git.

Rewriting functioning code to be more readable, scalable, and maintainable.

Collaborative evaluations of code readability, correctness, and maintainability.

A tool that automates the installation of software. This process involves downloading
dependencies, compiling code, and packaging as an executable.

Packaging code alongside the required operating system and dependencies. Software is then able to
run containers by virtualizing the operating system on any machine.

Virtual
environment

Source code
control

Code smells
Pair
programming
Build
automation
Virtualization

Table 5.1: Common terminology in coding practices literature | Collection of common
terms in software development. These terms are grouped based on their prevalence in code
development practices. The “related terms” in B and C are not necessarily interchangeable
terms, but are closely associated in discussions of the original term.
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A Level of Abstraction
e Specialization ———————
Hardware General Specialized
interaction use cases tools
C++ Java JavaScript MATLAB
C C# Python Julia R
Lower-level < u— =)y Higher-level
Machine language Human language
Readability
Higher-level languages generally have more intuitive syntax
Control -
Lower-level languages have access to more computer resources
Agility
Higher-level languages require less developer time
Speed

Lower-level languages have less overhead

Variable names should be
meaningful and avoid overwritin

unstyled.py

os built in function names (e.g. dir
dir "C:/home/code/data/" . . .
file i os.listdir(dir): e Abstracting certain operations
file[ 4:] "Lesv': improves readability
3 e Delete unnecessary information
results "C:/home/code/results/" or OUtdated COde
package analysis o Declare dependencies at the
analysis(file, results) tOp of the file
Import order is useful, you can
. (5 ul, ye
styled.py separate standard libraries from
os external dependencies
package analysis o Variable Casing helps Identlfy
global variables at top of file
DATA PATH = "./data/" R H H
= o . elative paths help avoid
RESULTS_PATH = "./results/ e por‘tablhty issues

J 0 Functions help organize code
def get_all data files str) -> list[str]: ) into intuitive actions or ideas

10) file list [£ os.listdir(path) f.endswith(".csv")] e DOC_StringS and type hlntlng provide
file list 2 additional information about
- what to expect from a function

8 . .
DA, S . @ Variable names can often imply
defqetn() == Hones accessibility; e.g. temporary

variables are given shorter names

m Language-specific conventions
file ' data_files: such as entrypoints quickly
analysis(file, RESULTS_PATH) identify purpose

data_files get_all data_files(DATA_PATH)

__name_ " _main_ ":
main()

Figure 5.1: Considering programming languages and style | (A) Patterns of ab-
straction - Languages (e.g., C, C++, C#, etc.) are often designed with certain properties
(e.g., readability, control, agility, and speed) consistent to a relative level of abstraction.
The ordering of languages is approximate. The list of languages in this figure is not com-
prehensive; it represents a subset of the more popular languages in computational biology.
(B) Importance of style - In addition to streamlining decisions about organization, style
guides (e.g. PEPS for python) impose meaning and structure on the organization of syntax.
The two files perform the exact same task, yet styled.py provides far more clarity than
the original, unstyled.py.
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Chapter 6

CONCLUSION AND FUTURE RESEARCH DIRECTIONS

6.1 Conclusion

Computational models, when wielded effectively, continue to be necessary to modern science
in order to generate hypotheses, interrogate assumptions, and verify results. As our compu-
tational expertise evolves and models become more sophisticated, tools to interrogate these
models and principles to integrate these models need to be established. Without said tools

and principles, we are at risk of creating more problems than we are solving.

In Chapter 1, I discuss the nuances of model class decisions, their primary utilities, as
well as the inherent complexity to their application and combination thereof. It is increasingly
important to be deliberate with these decisions to extract the key research objectives from a
computational model. In Chapter 2, I apply an emulation framework, integrating all three
modeling paradigms discussed in Chapter 1, to interrogate the information axes available
in high-resolution models. I believe the conclusion of finding temporal information to be
significant in predicting, and therefore assocating, temporal evolution to spatio-temporal
emergence. Chapter 3 details work integrating a mechanistic model from an alternate
context and highlighting a missing regulatory process in VEGF secretion. Careful translation

of mechanistic models into agent-based models provides exciting opportunities to highlight
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knowledge gaps, and therefore generate hypotheses of in situ dynamics. Chapter 4 provides
analogies from experimental biology to computational biology to bolster the reproducibility
of computational models. Current computational models are increasing in complexity at a
rapid pace, and without a solid foundation, a gap between model design and FAIR principles

will emerge.

6.2 Future Directions

There are a number of directions that I would consider if I were to continue the work included
in this dissertation. I have divided the proposed directions into two major themes: (1) Data-

driven models of agent-based models and (2) Agent-based modeling of angiogenesis.

6.2.1 Data-driven emulation of agent-based models

As demonstrated in Chapter 2, there is much room for improvement in the development of
emulation strategies of complex multi-scale models. The limited performance of those emu-
lators support strategies that leverage more complex ML techniques to capture the emergent
phenomena that we can simulate in silico. 1 propose a number of extensions of the work,
specifically for including dynamics within the emulator, active learning approaches towards

personalized medicine.

Dynamic emulation of environment

One of the key results from Chapter 2 was the importance of temporal information, how-

ever the emulation models were not designed to predict the evolution of the environment.
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While we demonstrated some utility in predicting the dynamics of the system, the small
inconsistencies prevented robust performance. I propose two possible implementations to
capture further environment information in the emulator: (1) Multi-objective learning could
be used to predict characteristics of the environment and refine the optimization such that
the parameters stayed within interpretable ranges. If the model parameters were more con-
strained by multi-objective optimization, the variance in the feature importance could be
mitigated, thus providing opportunity for robust sensitivity analyses. (2) Graphical recur-
rent neural networks are an option to capture the environment in a higher resolution than
we were able to with network metrics. The resulting models would be less interpretable than
the method presented in this dissertation, but this could result in better predictive accu-
racy. (3) Another promising approach in recent literature is the integration of mechanistic
or physical models into the cost function. As the emulation of ABMs is a fairly nascent
field, further study from carrying out these exercises would also provide more insight into
what types of tumors—considering that the models in Chapter 2 were largely agnostic to
cancer cell properties—or environments are easier to predict. Importantly, improving the
predictive performance of these models and their dynamics would allow for the reduction of

computational expense, supporting surrogate modeling.

Reinforcement learning towards intervention planning

Integrating reinforcement-learning models into ABMs is likely beneficial to reducing the

computational burden of exhaustively running simulations. Reinforcement learning allows
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researchers to narrow the decision space by optimizing for a specific goal. Narrowing the
decision space—in this scenario—would help identify the most impactful interventions with-
out sampling the entire possible parameter space. A number of challenges would need to
be addressed: the representation of the in silico tumor in feature space is non trivial, and
the implementation and validation of treatment modules would also need to be completed.
There are likely patterns in treatment strategies could be more helpful to address different
types of emergent properties of the tumor than others. Programming the ABM parameters
to be more specific to observed tumor or environmental phenotypes could be a platform for

studying the role of ABMs and personalized medicine.

6.2.2 Agent-based modeling of angiogenesis

In Chapter 3 I focused on the integration of sensing modules into ARCADE in order to sup-
port the consideration of hypoxia as a key component of the TME. In doing so, by extending
that work, we could include further discovery of in situ HIF and VEGF dynamics. These
two biomolecules are widely implicated in many studies of hypoxia, angiogenesis, metastasis,
and the associated pathways have been proposed as targets for potential therapies. I high-
light two possible extensions—modeling angiogenesis, and its resulting effects on treatment
strategies—that would greatly expand the utility of ARCADE while also supporting new

research aims in the Bagheri lab.
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Cellular sensing and dynamic angiogenesis

Another key aspect of hypoxia and the dissemination of VEGF from cellular sensing pathways
is the co-opting of physiological development processes. Angiogenesis is not only interesting
but is also a ubiquitous feature of solid tumors. Tumors can only grow 1-2mm without the
external supply of nutrients derived from angiogenesis.**” However, the application of anti-
angiogenic therapies has been largely unsuccessful, indicating gaps in our understanding of
the overall regulation of this process. Adding dynamic angiogenesis to ARCADE of tumor
development would significantly help understand the implications of the multi-scale process.
Modeling the dynamic interplay between cells and developing vasculature would allow us to
probe the consequences of disregulation in this process. This objective would also provide
insight into modeling decisions, where alternative representations of the environment could

be used to model this dynamic process (e.g. cellular potts vs. network model)

Treatment in complex control systems

Development of multi-scale models allow us to study the control of complex systems. Unify-
ing disparate models of different classes provide an opportunity to investigate decentralized
control schema. Through the integration of the HIF signaling network detailed in Chapter
3 with the intention of implementing angiogenesis, this would be the only agent-based model,
to my knowledge, with a mechanistic model underlying the growth factor role in angiogen-
esis. This mechanistic model provides opportunities to use sensitivity analyses to evaluate

therapy targets in this complex environment. An alternative direction is the addition of
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alternative cell-based therapies to sample the design space in a less expensive manner. One
such cell-based therapy is the opportunity to model microbe-based therapies driven by recent
advances in synthetic biology. Applying principals from decentralized control would provide
narrower design guidelines to build effective therapies in this novel engineering field. Lay-
ering these types of therapies with dynamic angiogenesis and previously published research

3

on immune cell-based therapies®® could help realize many of the most ambitious synthetic

biology solutions to cancer.

6.3 Concluding thoughts

Validation has long been the sole gold standard by which computational models have been
assesssed. Validated models can be incomplete, and unvalidated models can still be useful.
While necessary, the widespread adoption of computational approaches in recent decades
requires more nuanced communication and assessments when it comes to evaluating a model.
I believe that it is becoming more and more important to reproducibility and extensibiliy to
explicitly communicate assumptions and abstractions that are embedded into a model. These
assumptions are made more clear via bettter code and better communication. While many

journals and societies are requiring the inclusion of code, simple inclusion is not sufficient.
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