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Abstract

Chimeric antigen receptor (CAR) T-cell therapies marry advances in cellular engineering with personalized
medicine to provide patient-specific, targeted cancer treatments. Though current CAR T-cell therapies
successfully target blood cell cancers, treating solid tumors has proven to be more challenging. Solid-tumor
CAR designs must overcome several challenges, including tumor microenvironment barriers preventing
CAR T-cell infiltration and lack of unique tumor antigens for selective targeting. Given the vast design space
and influential tumor context, testing every possible design in vitro or in vivo is prohibitively time-consuming
and resource intensive. Thus, there exists a need to efficiently and systematically test designs, understand
underlying biological phenomena, and describe emergent behavior. To address this gap, we developed a
flight simulator for CAR T-cell therapies: a multi-scale, multi-class agent-based model (ABM)—a “bottom-
up” computational model that utilizes first-principles to dictate probabilistic rules that guide agent behaviors
and interactions within the context of a local environment—designed to elucidate how inherent tumor
features and tunable cell therapy properties affect treatment outcomes. This work builds upon a previously
established modeling framework ARCADE (Agent-based Representation of Cells And Dynamic
Environments) to include CAR T-cell agents (CAR T-cell ARCADE, or CARCADE). CARCADE integrates
the subcellular level details (modules), cell-level decision making (rules), and population-level emergent
outcomes (environment and cell interactions). The agents include both cancerous and healthy tissue cells
and CD4" (helper) and CD8" (cytotoxic) CAR T-cells, where each cell uses modules to manage nutrient
uptake and environment sensing. Cells navigate through defined states and rules derived from experimental
studies. Using CARCADE, | elucidated how inherent tumor features and tunable therapeutic properties
differentially and simultaneously affect treatment outcomes in simulated dish and tissue contexts.
CARCADE facilitates deeper biological understanding of treatment design and could ultimately enable

identification of promising treatment strategies to accelerate solid tumor CAR T-cell design-build-test cycles.

Additionally, | dedicated much of my Ph.D. to engineering education research. Chemical engineering
examples and homework problems often lack societal context, specifically failing to connect engineering

content, decisions, and designs to diverse groups. Thus, students are rarely given the opportunity to
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consider the positive or negative impacts of engineering efforts on communities with identities differing from
their own. Along with other members of the ChBE Anti-Racism, Diversity, Equity, and Inclusion (ARDEI)
Committee, we worked toward integrating ARDEI and social justice contexts into undergraduate and
graduate curriculum through homework and example problems. By adding context into our classrooms, we
hope to increase inclusivity, awareness of oppressions, and reflection on the intersection of identity and

chemical engineering, thereby encouraging critical thinking through an equity lens.
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1 Introduction

1.1 Motivation and context

Throughout my life | have had an interest in both medical science and treatment as well as education, and
while the first part of my Ph.D. focused on the former, by the end my focus shifted to the latter. My
simultaneous interest in understanding cell- and population-level biological phenomena that emerged in
disease or dysfunction, aversion to blood, and interest to help treat or inform human health drove me to
purse a career in chemical engineering with research focused on disease treatment. As an undergraduate,
| worked as a researcher Dr. Jennifer Maynard’s Protein Immunoengineering lab, studying the synergy of
two antibodies used in combination to treat pertussis (whooping cough) in infants too young to receive the
vaccine. While | enjoyed the motivation behind this work, | found myself drawn to solving and debugging
problems on a computer rather than at a lab bench. This interest, along with a chance meeting with a
professor conducting research in engineering education, drove me to pivot my undergraduate research by
joining Dr. Maura Borrego’'s research group to focus on how engineering students form engineering
identities, ultimately contributing to retention and sense of belonging in the degree and profession. As |
went to join a graduate program, | strongly debated between earning a Ph.D. in chemical engineering vs in
engineering education, ultimately with the goal of becoming a teaching professor in chemical engineering.
| decided ultimately to take the path in which | would earn my Ph.D. in chemical engineering, taking the
graduate level chemical engineering courses, conducting biological research, but also honing my teaching
skills and interests by serving as a teaching assistant and finding opportunities to engage in teaching
scholarship and pedagogy.

For my Ph.D. thesis work, | joined a co-advisement between Dr. Joshua Leonard and Dr. Neda Bagheri, to
purse computational medically focused research. For this project, | extended an agent-based model (ABM)
of tumor growth developed by my graduate mentor, Jessica Yu, to include CAR T-cells to investigate how
tunable features of CAR T-cells and inherent tumor properties affect treatment outcomes. It was during this
time that | was simultaneously gaining experience and training in teaching and engineering education. |
gained direct teaching experience as a teaching assistant (TA) or as a co-instructor working with Dr. Linda

Broadbelt through the Teaching Apprentice Program (TAP). Additionally, | dove into the scholarship of
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learning and teaching by serving in various roles at the Northwestern University Searle Center for
Advancing Learning and Teaching, including as a Graduate Student Teaching Conference Workshop
Leader, a participant in the Teaching Certificate Program (TCP), and as a Graduate Teaching Mentor for
the (TCP). As | learned more about inclusive teaching pedagogy, where that learning coincided with the
onset of the ongoing COVID-19 pandemic and the resurgence of the Black Lives Matter movement following
the murder of George Floyd, | began to realize the lack of incorporation not only of inclusive teaching
practices, but also of social justice principles and context in chemical engineering classrooms. Driven by a
desire to foster increased community engagement with the ideas of anti-racism, diversity, equity, and
inclusion (ARDE) and social justice, | helped co-found the ChBE Department ARDElI Committee. As a
member of this committee and in collaboration with many others, | engaged in many initiatives, many of
which particularly focused on those related to enhancing and radicalizing engineering education. One
project that resulted from this committee—led by me along with Dr. Jennifer Cole, undergraduates
Ayinoluwa Abegunde, Lauren Simitz, Kenzie Sanroman Gutierrez, and fellow graduate student Chloé
Archuleta—focused on training faculty to incorporate ARDEI and social justice context into course
homework problems and surveying students on the impacts of engaging with these questions. This work
has been substantial and is thus integrated into my thesis with equal weight to that of my CAR T-cell agent-
based modeling work. Overall, my time as a graduate student has given me the opportunity to not only
explore, but to contribute to, the two fields that have comprised my life-long interests.

In this dissertation, each aspect of my work is given equal space. Chapter 1 comprises separate
background sections for CAR T-cell and agent-based modeling and for social justice in engineering
education. Chapter 2 includes the development and use of an agent-based model to investigate how CAR
T-cell therapy design interacts with tumor properties and contexts to impact treatment outcome. Chapter 3
includes the development and implementation of a workshop to implementation to train ChBE faculty to
integrate ARDEI and social justice context into their course homework and lectures as well as the student
response to engaging with this context. Chapter 4 highlights the conclusions, future work, and perspectives

on both aspects of this collective work, separated into separate sections for each aspect.
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1.2 Background on chimeric antigen receptor (CAR) T-cell therapies and agent-

based models (ABMs)

1.2.1 CAR T-cell therapies are a novel engineered cell-based therapy to treat cancer

Engineered cell therapies show promise for treating diseases, such as cancer, but require a deeper
understanding to increase their efficacy. These therapies use cells as living drugs and must therefore
balance the cells’ vital needs while performing a therapeutic function. Cells present an unlimited number of
design features, which cannot be feasibly tested exhaustively in vitro and in vivo. This constraint limits our
understanding of how each design feature affects treatment outcomes. There exists a need to efficiently
and systematically explore cell-therapy features in relevant clinical-contexts to enhance cell therapy

development by revealing which biological phenomena most impact cellular responses.

Chimeric antigen receptor (CAR) T-cell therapy, one of the most prominent engineered cell therapies,
marries advances in cellular engineering and personalized medicine to provide patient-specific, targeted
cancer treatments [1,2]. This therapy involves collecting, purifying, and genetically modifying a patient’s
own T-cells to contain a CAR protein that specifically targets the patient’s tumor(s) [1,2]. These engineered
cells are expanded ex vivo and then re-infused into the patient where the CAR T-cells target and kill antigen-
expressing tumor cells. Created in the 1980s, the first CAR-molecule was engineered to combat tumor
immune escape via downregulation of major histocompatibility complex (MHC) surface proteins that
ordinarily trigger immune system activation [3]. This first-generation CAR contained two parts: a single-
chain antibody fragment (scFv) for recognizing the target antigen and an intracellular signaling domain,
commonly CD3g, for activating the T-cell [1]. First-generation CARs exhibited low efficacy in clinical trials
due to limited anti-tumor function, modest persistence, and low expansion capabilities [4]. To improve these
functions, second-generation CARs include the addition of an intracellular co-stimulatory signaling domain
(ICD), often either CD28 or 4-1BB, to enhance receptor signaling [1,4]. Compared to first-generation CARs,
second-generation CARs exhibited enhanced persistence and proliferation but comparable tumor-
recognition [4-6]. Overall, second-generation CARs proved efficacious in clinical trials, and some are now

approved and on the market; however, there still exists room for improvement. Third-generation CARs,
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which are primarily in the pre-clinical stage, contain two co-stimulatory domains rather than one for
enhanced activation and effector function [1]. These enhanced CARs show great promise, with improved

function in all areas, but still require development and further testing [4].

1.2.2 FDA-approved CAR T-cell therapies to date treat blood cell cancers

Thus far, the six FDA-approved CAR T-cell therapies exclusively target blood cancers, where four of these
approved therapies and many studies expanding CAR designs focus on CD19" B-cell cancers [1,7-9]. All
healthy B-cells produce and require surface receptor CD19 for development, but malignant B-cells often
overexpress CD19 [4]. Thus, the CD19 CAR targets not only malignant B-cells but also healthy B-cells
through on-target off-tumor effects, leaving most successfully treated patients with B-cell aplasia [4,10].
Medical replacement of B-cell function through repeated infusion of antibodies treats this affliction, which
makes the resulting consequences of the CAR T-cell therapy tolerable [1,4,8]. CD19 CAR T-cell therapies
showed great success in the clinic with response rates between 70% and 90% reported [4]. As the first
child to receive CD19 CAR T-cell therapy, Emily Whitehead is one of the most commonly referenced cases
of therapeutic success [11]. Emily was diagnosed with acute lymphoblastic leukemia in 2010 at age five
and after a series of failed standard treatments, including chemotherapy, enrolled in a CD19 CAR T-cell
therapy study as a last resort. The treatment proved strikingly effective, and she remains cancer-free to this
day. This case study highlights both the potential enhanced efficacy over conventional treatments and long-

lasting effects of CAR T-cell therapy.

1.2.3 Solid tumors are more challenging to treat with CAR T-cell therapy

Targeting B-cell malignancies provided a perfect first-step in developing this therapeutic strategy. CD19
served as a nearly ideal target, as only B-cells express this receptor, and the off-tumor effects are
manageable with treatment. Targeting solid tumors is more challenging due to (i) tumor microenvironment
(TME) barriers preventing CAR T-cell infiltration [7], (ii) a lack of unique tumor antigens for selective
targeting [12], and (iii) safety issues from cross-reactivity with healthy tissues [4]. Additional factors, such
as the need for site-specific trafficking of T-cells to solid tumors, which is not an issue in blood cell cancers,

and tumor antigen heterogeneity further complicate designing solid-tumor CAR T-cell therapies [4].
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Early in the tumor formation process, proliferating tumor cells orchestrate the construction of a tumor-
promoting, immunosuppressive tumor microenvironment (TME) that dampens or inhibits optimal CAR T-
cell function. Altering the TME is recognized as a broad challenge for many types of solid-cancer treatment,
and work in this area recently gained high recognition when the creators of immune checkpoint inhibitors,
which aim to stimulate the immune system in an immunosuppressive TME, won the 2018 Nobel Prize in
Medicine [13]. The TME encompasses a variety of cell types, related structures, and a unique metabolite
composition. Besides the tumor cells and healthy tissue cells, the TME contains the tumor infilirate [14], a
mixture of tumor-suppressing lymphocytes, commonly CD4* and CD8* T-cells, and tumor-promoting anti-
inflammatory cells, commonly T regulatory cells [15]. Tumor cells upregulate receptors like PD-L1 to hide
from the immune system and drive immune cells into exhausted states [14,16]. Physical and chemical
barriers include the extracellular matrix, blood vessels, hypoxia, and lack of glucose and other nutrients
[7,15]. These TME components prevent immune cell infiltration and proliferation into the solid tumor. The
CAR T-cell community has taken on the challenge of remodeling the immunosuppressive TME. “Armored”
CAR T-cells are under development that constitutively express cytokines to promote immune activation
[4,17]. Other attempts to combat the TME include creating CAR T-cells engineered to inhibit suppressive
signals by releasing or expressing PD-1-blocking proteins [18-20] and combining CAR T-cell therapy with

intravenous checkpoint inhibitor therapy or cytokines [4,17].

Another challenge in designing solid-tumor CAR T-cells is selecting appropriate antigen targets; few
antigens exist that are exclusively expressed by tumor cells [12]. Unlike the on-target off-tumor effects of
B-cell cancer treatment, those associated with targeting solid tumors can be harmful or even fatal [12,21].
To combat these challenges, engineering efforts focus on (i) increasing CAR specificity by tuning the affinity
of receptor-antigen interactions to avoid healthy cells [22-24], (ii) designed CAR T-cells that target multiple
antigens simultaneously to prevent formation of antigen escape variant tumors [25-27], and (iii) creating

CAR T-cells that perform Boolean logic to enhance tumor recognition specificity [7,27-30].

In addition to the work conducted to improve solid-tumor CARs, CD19 CAR engineering experiments
suggest other important factors that could enhance solid-tumor CAR T-cell therapies. Studies find that

therapeutic efficacy is highly impacted by CAR T-cell effector and persistence behaviors, meaning how
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effectively the cells perform immune tasks and how long the cells survive, respectively. These behaviors
are conferred by (i) CD4*:CD8* CAR T-cell ratios [31,32], (ii) choice of intracellular co-stimulatory domain
(ICD) in the CAR [33-35], and (iii) the stage in differentiation at which T-cells are engineered to express the
CARs [31]. Additionally, T-cell biology suggests that metabolism plays a critical role in dictating these
behaviors [36-40]. Each of these design choices could affect or be affected by the underlying CAR T-cell
metabolism. Though therapies that systematically target patient cell metabolism are being investigated [40].

there exists little work exploring the benefit of engineering CAR T-cells from a metabolic perspective.

Between antigen affinity-tuning and metabolism engineering, systematically identifying and testing all
possible CAR design features is both difficult and time-consuming in vitro and in vivo. Computational
investigations uniquely overcome challenges that can limit experimental investigations. Agent-based
models (ABMs, also called agent-driven models), in particular, provide an ideal testbed to examine how
features of individual CAR T-cells and the local tumor microenvironment affect population-level dynamics

of anti-tumor immunity.

1.2.4 Agent-driven modeling paradigms enable investigation of emergent phenomena

This section contains text that appeared in the following publication [41]:

Prybutok AN, Cain JY, Leonard JN, Bagheri N. Fighting fire with fire: deploying complexity in
computational modeling to effectively characterize complex biological systems. Current Opinion in

Biotechnology 2022, 75:102704.

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 intuitive testbeds to understand
how different rules impact emergent behavior. This paradigm is synonymous with agent-based models
(ABMs), which include the common subtypes of cellular 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) [42,43]. In contrast to other modeling

paradigms (data-driven and mechanism-driven), agent-driven design does not rely on training, but it does
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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) [44]. Other agent-based model designs are more complex, computationally
costly (run time and memory usage), and difficult to parameterize [42]. 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, genetic mutation, and/or environmental interaction—have
revealed how tumor microenvironment conditions [45] and cell migration rate [46] affect tumor morphology,
growth, and genetic diversity. ABMs can also be used to compare hypotheses. One modeling framework
supported two different rule sets to compare how competing hypotheses on genetic mutation can drive the
evolution of aggressive phenotypes in cancer progression [45]. 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 complexity to manage computational
cost. One strategy is to lump functionally related features (e.g., intracellular signaling mediators) into
aggregate signals, an approach applied to generate a simple representation of tumor-macrophage
interactions [47]. 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 [48,49]) to simulate
checkpoint inhibitor therapy and identify biomarkers that may be useful for guiding treatment [50]. A useful

approach for integrating phenomena involving fine-grained detail is a Potts model, which explicitly describes
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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 [51].
Designing ABM complexity to fit the specific questions of interest helps manage computational cost and

generate relevant insights.
1.2.5 Agent-based modeling could aid in exploration of CAR T-cell therapy designs

The agent-based modeling framework provides single-cell spatial resolution, incorporates quantitative and
qualitative experimental observations, and enables tuning and measuring properties of interest during in
silico experiments [42,43,52,53]. To date, ABMs have been used to model cancer growth [45,46,54-56],
cancer vasculature dynamics [49], T-cells infiltration of tumors [42,57], checkpoint inhibitor cancer
immunotherapies [50], and native macrophage-based tumor therapies [58], yet there is no ABM to model
CAR T-cells. An ABM of CAR T-cells would accelerate solid-tumor CAR development by identifying the
CAR T-cell properties that most impact treatment outcome and help match inherent tumor features to

required CAR T-cell properties for optimal treatment.

1.3 Background on social justice context in engineering education curriculum

1.3.1 Engineering lacks diversity due to systemic inequities and lack of support for marginalized

students

While it is generally recognized that diversity in the engineering workforce results in better and more
equitable solutions that meet societal needs [59], university engineering degree programs in the United
States lack diversity. Women and racial/ethnic minorities are underrepresented and receive the minority of
engineering degrees awarded [59-61]. In 2020, 23.10% of bachelor’s degrees in engineering were awarded
to women [62]. In the same year, white populations (59.4% of degrees awarded) received the majority of
degrees awarded compared to racial/ethnic minority groups, including Black or African American (4.5%),
Hispanic (13.1%), Asian American (14.9%), Multiracial (3.9%), American Indian/Alaskan Native (0.3%), and

Native Hawaiian/Other Pacific Islander (0.2%) [62]. These stark differences in percent of degrees awarded
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between majority and minority populations point to significant and systemic barriers to equity in engineering

education.

The lack of inclusion of minoritized groups results in part from historical context related to gatekeeping
policies barring these populations access to higher-education [63]. For example, The Morrill Land-Grant
College Acts resulted in race-conscious exclusion by selling public land (stolen from Indigenous people) to
fund the establishment of colleges and universities that were required to offer programs furthering
government needs and that often excluded or actively prohibited women and Black populations from
attending unless through racially segregated institutions [64]. Other policies that appeared race-neutral
resulted in race-conscious exclusion in practice. The Servicemen’s Readjustment Act of 1944 (G.I. Bill)
provided funds for WWII veterans to adjust back to society, and while Black students were not excluded
from receiving G.l. Bill support, many were denied admission to historically white institutions, and
Historically Black Colleges and Universities (HBCUs) were too poorly funded to accommodate the influx of
Black servicepersons [64]. Similarly, the National Defense Education Act (NDEA) helped propel the space
race by putting federal funds into STEM improvement at primary, secondary, and higher education levels,
but most of this money went to research institutions which were already predominantly white [64]. Malcom-
Pigueux notes that “racially minoritized populations are the only groups to have their exclusion from higher
education codified in law and enforced by federal and state governments” [64]. Even modern systems for
determining school ranking, which influences admissions, reinforce existing systemic inequities by
incentivizing schools to value students’ selectivity, test scores and grades, and intuitional resources, which
ultimately equate to student and family affluence [65]. Engineering programs and workforces still suffer as

a result of systemic racism and prejudice against minoritized populations.

Another factor influencing this lack of diversity is a failure to support minoritized students in identifying with
the field of engineering [61]. Each engineering student develops their own engineering identity, a term which
has many definitions across the literature [66], but that Godwin and Lee define well as how a student
“positions themselves and are positioned by others as the kind of people that engage in engineering,
mathematics, or physics” [67]. Engineering identity develops within the context and under the influence of

the larger student identity [68], which encompasses an array of intersectional social and personal identities
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such as race/ethnicity, gender, sexual orientation, and socioeconomic status, to name a few. Engineering
identity is recognized to be influenced by the following features: interest, performance/competence, and
recognition by self and others as an engineer [66]. Engineering programs could better support minoritized
students along each of these dimensions, resulting in increased inclusion, engagement, and retention of

these students in the program and downstream workforce.

1.3.2 Increased use of inclusive teaching practices would support marginalized students

Increased use of inclusive teaching pedagogies and practices would better support marginalized students
in developing a connection with the field of engineering and development of engineering identities by
making learning accessible and welcoming to all students [59,69,70]. While inclusive practices are an
evidence-based way to support all student learning and enhance equity, one particularly relevant strategy
in the context of supporting minoritized students is to integrate culturally diverse and relevant examples
[70,71]. This strategy helps students feel that diverse cultures, communities, and perspectives, including
those matching their own, are welcome and represented in their field of study. Integrating culturally diverse
and relevant examples can include highlighting contributions from diverse engineers, investigating case
studies from a variety of regions, acknowledging imbalances in the discipline, and providing examples of
scholars or figures to serve as role models to students with different identities [70,72]. Additionally, it is
important to acknowledge and include contexts that capture and reflect student interests and experiences

[72,73] and that interrogate or aim to address inequities caused by or related to engineering content [74].

1.3.3 Chemical engineering curriculum lacks connection to social justice context and principles

Chemical engineering, like all fields of engineering, encompasses work in an array of technical areas—
including catalysis, polymer engineering, synthetic biology, bioengineering, and data science—that
advance energy, medical, and commercial technologies. The work of engineers not only impacts, but ideally
aims to improve, global societal challenges, including mitigating climate change, improving human healthy
and quality of life, and increasing economic outcomes of a process. While all members of society are
affected by and interact with the results of these engineering efforts, traditional engineering curriculum has

ideologically supported depoliticization, meritocracy, and the “technical/social dualism” [59,75]. Farrell et.
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al. define depoliticization as “an ideology that promotes engineering as a purely ‘technical’ space where
‘social’ or ‘political’ issues such as inequality are tangential (at best) or irrelevant to engineer’s work” [59].
They define meritocracy as “the belief that inequalities are the result of a well-functioning social system that
rewards talent and hard work”, which legitimizes, rationalizes, and prevents reform of social inequities [59].
Cech describes technical/social dualism as one that “devalues ‘social’ competencies such as those related
to public welfare” [75]. Incorporating these ideologies into engineering curriculum is harmful to student
learning and identity development and deepens existing inequities. Unmarrying engineering work from and
devaluing caring about the societal context in which it takes place prevents students from engaging with
and understanding how engineering applications and technologies differentially affect communities with
varying identities. Specifically, not all communities or members of society equally experience benefits of,
harm from, or access to these technologies, nor can all communities contribute equally to their development
[59,75,76]. Engineering curriculum instead should intertwine technical content with the principles of anti-

racism, diversity, equity, and inclusion (ARDEI) and social justice [76,77].

Educators and students alike must engage with ARDEI and social justice context throughout engineering
curriculum, focusing on the intersection of chemical engineering content with marginalized communities, to
enhance engineering technologies and student ethics. This engagement will provide students with
opportunities to consider how engineering decisions can positively, negatively, or even differently impact
communities, where it is particularly important for students think about the impacts on communities with
identities different from that of their own [76]. Without training engineering students to think about other
communities, engineers in research and the workforce may fail to develop technologies that work equitably
for and are accessible to all populations. For example, machine learning algorithms for automated facial
analysis exhibit substantial disparities in classifying and bias against women and darker-skinned people
[78]. These facial recognition algorithms can have harmful downstream consequences on the lives of
marginalized people, highlighted by the wrongful arrest of Robert Williams, a Black man from Detroit, due
to a false face recognition match [79]. In another example of inequitable technology, Sunter et. al. found
that Black and Latinx communities deploy significantly less solar power compared to white populations

despite controlling for factors such as income disparity, home ownership status, and community buy-in [80].
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These examples highlight the critical need to design for and with marginalized communities in mind, and to
teach this to students from the outset. If entire engineering curricula are reframed through a social justice
lens, students will eventually learn to design solutions that meet needs equitably. Of equal importance, this
curricula change will change how students define problems, as most predefined decontextualized problems
don’t allow space for critical thought or development of problem-framing skills [76] that require taking

community-engaged approaches that center and include affected communities in engineering efforts [81].

1.3.4 Some educators have successfully integrated social justice context into their courses

Some engineering educators have successfully integrated real-world context, current issues, and diverse
communities into their chemical engineering courses. In alignment with the teachings of inclusive pedagogy,
Hirshfield and Mayes wrote homework questions for reaction engineering courses that span various real-
world applications, focus on engineering ethical considerations, and ask students to reflect on current
issues [73]. To capture diverse student interests, their examples include analyzing Maillard reactions in
baking and the kinetics of diamond rings. Examples focusing on ethical considerations highlight the
development and controversial use of flame retardants and developing less-toxic antifreeze. Finally, the

current event problem asked students to focus and reflect on the Flint water crisis.

Other educators have overhauled entire courses with equity ideals in mind. Riley implemented pedagogies
of liberation when teaching engineering thermodynamics by considering aspects of course development
assignments, and classroom dynamics [82]. Liberative pedagogies—used as a term to encompass
elements of feminist pedagogy, bell hooks’ engaged pedagogy, and Paulo Freire’s critical/radical
pedagogy—is a student-centered approach that focuses on developing student reflection and critical
thinking to end oppressive systems. Riley designed the course to connect to student experiences, give
students authority in the classroom, integrate ethics and policy considerations, and de-center Western and
male civilization. A few years later, Riley famously wrote a textbook that reframes thermodynamics, a topic
often thought of theoretical, as energy, which is a basic human need [83]. The textbook also emphasizes

student engagement, engineering ethics, social context, and communication.
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Faculty have taken similar strides to incorporate social justice in other core engineering classes. Riley
emphasized the use of life cycle assessment (LCA) in a first year mass and energy balances course, asking
students to analyze and green products, processes, and consumerism [84]. Leydens et. al. incorporated
and assessed student perceptions of social justice in a feedback control systems course [76]. Catalano et.
al. integrated social justice ideas into a bioengineering numerical methods course, where case studies
focused on wealth distribution, the costs of health care in the U.S., and poverty trends in the U.S. and
around the world [85]. Sociotechnical considerations have also been integrated into energy- and
sustainability-focused courses [86]. LaChance et. al. integrated a one-week course module on
environmental justice principles into a unit operations course, where students affected by climate injustice
and environmental racism, as well as students who participate in climate activism, were invited to help
contribute to the development and delivery of this module [87]. Together, these examples highlight the
progress engineering educators have made in integrating or centering social justice in their courses to

enhance student learning, engagement, and ethics.

1.3.5 Faculty need scalable, low-cost, low-barrier training to support integration of ARDEI and

social justice context into engineering courses

Integrating ARDEI and social justice into engineering curriculum is currently limited to the classrooms of
select educators who are adept in this space. Thus, few students engage with this discourse, and those
who do likely can only do so in a small subset of courses within their entire degree. There are a variety of
reasons why the majority of faculty are not currently engaging in this effort. First, many faculty lack or don’t
have access to the training, background, resources, or time necessary to transform their course content to
include this context. Additionally, while many faculty have good intentions with regards to enhancing DEI
and may have a desire to undergo this work, fear of causing harm or lack of confidence in the subject limits
engagement [74]. The engineering education community needs a scalable way to support many or all
faculty in development and teaching of a contextualized curriculum that meets the needs and constraints

of faculty.
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Trainings programs, courses, or seminars are a scalable way to support faculty development. Some DEI-
specific trainings geared toward helping faculty understand and incorporate equity in their roles and
classrooms have been provided to the larger chemical engineering community. For example, the American
Institute of Chemical Engineers (AIChE) provides access to an Equity, Diversity, and Inclusion Certificate
Program that is free for college and university faculty [88]. This three-part training covers why DEI in
engineering is important and how unconscious bias manifests and affects academia, offers techniques for
reducing the prevalence and effect of bias in engineering, and encourages a growth mindset for DEI. Dr.
Donna Riley and Dr. Sindia M. Rivera-Jiménez offered a workshop, Liberating Learning: Social Justice in
The Chemical Engineering Curriculum, at the 2021 AIChE National Conference and provide access to the
workshop resources for free online [89]. This workshop focused on defining why social justice is important
for the chemical engineering practice and education, providing strategies participants can use to integrate
context into their courses, and discussing common challenges in this effort. These workshops provide a
good starting point for understanding the importance of and thinking about general strategies to integrate
ARDEI and social justice context into chemical engineering curriculum. However, they still require
significant work on the part of faculty after the workshop to transform their specific courses, as they don’t
provide faculty with tangible course materials that can be directly applied to their specific classrooms upon
completion of the workshop. There still exists the need for a sustainable, accessible, action-driven solution

that gives faculty examples and materials for use within the direct context of their own courses.

Integrating ARDEI and social justice context into homework problems is a low-cost, low-barrier, scalable
method that faculty can use and be trained in to begin transforming their curriculum. This method presents
multiple avenues for embedding this context into problems: either by (1) appending the context in the form
of background or additional subparts to an existing homework problem from a textbook or other source or
(2) writing new problems from scratch. The first option may be particularly appealing, as textbooks present
technical material within a given course written at an appropriate level to benefit student learning, a task
that can otherwise be time consuming and difficult. In general, developing ARDEI-context homework
problems presents faculty with an option that is a manageable time commitment and that creates a lasting,

reusable, adaptable, and sharable resource. If enough faculty within a department were to implement this
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approach, students would be able to consistently engage with this context in many courses across their

degrees.

There exists a need for an interactive workshop that trains faculty in how to adapt/write, collect resources
for, and discuss these ARDEI-context homework problems and results in immediately implementable
course materials. Additionally, the workshop could help increase faculty confidence and comfort in engaging
in these important conversations. Overall, this presents and attractive, but currently absent, avenue to large-

scale integration of ARDEI and social justice context into chemical engineering curriculum.
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2 Mapping CAR T-cell design space using agent-based models

This section contains text that appears in the following publication:

Prybutok AN, Yu JS, Leonard JN, Bagheri N. Mapping CAR T-cell design space using agent-based

models. Frontiers in Molecular Biosciences Under review.
This manuscript is also published on bioRxiv [90]:

Prybutok AN, Yu JS, Leonard JN, Bagheri N: Mapping CAR T-cell design space using agent-based

models. bioRxiv 2022:2022.2004.2007.487561.

2.1 Abstract

Chimeric antigen receptor (CAR) T-cell therapy shows promise for treating liquid cancers and increasingly
for solid tumors as well. While potential design strategies exist to address translational challenges, including
the lack of unique tumor antigens and the presence of an immunosuppressive tumor microenvironment,
testing all possible design choices in vitro and in vivo is prohibitively expensive, time consuming, and
laborious. To address this gap, we extended the modeling framework ARCADE (Agent-based
Representation of Cells And Dynamic Environments) to include CAR T-cell agents (CAR T-cell ARCADE,
or CARCADE). We conducted in silico experiments to investigate how clinically relevant design choices
and inherent tumor features—CAR T-cell dose, CD4*:CD8" CAR T-cell ratio, CAR-antigen affinity, cancer
and healthy cell antigen expression—individually and collectively impact treatment outcomes. Our analysis
revealed that tuning CAR affinity modulates IL-2 production by balancing CAR T-cell proliferation and
effector function. It also identified a novel multi-feature tuned treatment strategy for balancing selectivity
and efficacy and provided insights into how spatial effects can impact relative treatment performance in
different contexts. CARCADE facilitates deeper biological understanding of treatment design and could
ultimately enable identification of promising treatment strategies to accelerate solid tumor CAR T-cell

design-build-test cycles.
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2.2 Introduction

Chimeric antigen receptor (CAR) T-cell therapy combines advances in cellular engineering and
personalized medicine for patient-specific, targeted cancer treatment [1,2]. This therapy involves collecting,
purifying, and genetically modifying a patient’s own T-cells to express a CAR that specifically targets the
patient’s tumor(s) [1,2]. These engineered cells are expanded ex vivo and then re-infused into the patient
where the CAR T-cells target and kill antigen-expressing tumor cells. The two FDA-approved CAR T-cell
therapies and many studies expanding CAR designs exclusively target “liquid” cancers derived from CD19*
B-cells [1,7,8]. CD19 CAR T-cell therapies have shown great success in the clinic with response rates
between 70-90% reported [4]. In contrast, response rates for solid cancers are significantly lower at 4-16%

[91].

CAR T-cells are currently less effective for treating solid tumors due unique complexities of both the tumor
microenvironment (TME) and tumors themselves. First, TME barriers prevent CAR T-cell infiltration [7].
These barriers include the intricate influence of both tumor-suppressing and tumor-promoting cells on the
TME [14,15], immune-evading cell markers promoting tumor escape [14,16], and physical and chemical
barriers that impact spatial dynamics and nutrient availability [7,15]. Thus, developing CAR T-cells that
remodel the immunosuppressive TME has been an active area of research [4,17-20]. Second, solid tumors
often lack unique tumor antigens for selective targeting [12]. Cross-reactivity with healthy tissues present
harmful or fatal off-tumor effects [4,21]. Cellular engineering efforts have focused on increasing CAR
specificity by tuning the affinity of receptor-antigen interactions to avoid healthy cells [7,22-24]. Similarly,
creating CAR T-cells that perform Boolean logic can enhance tumor recognition specificity [7,27-30].
Designing CAR T-cells that target multiple antigens simultaneously can also prevent formation of antigen
escape variant tumors [25-27]. Finally, additional factors that have not proven problematic for “liquid”
cancers, such as the need for site-specific trafficking of CAR T-cells to solid tumors and tumor antigen

heterogeneity, further complicate solid-tumor CAR T-cell therapy design [4].

In combination with the array of engineering design choices presented by addressing the constraints above,

additional design choices impact CAR T-cell effector functions and long-term persistence regardless of
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tumor type. These features include CD4*:CD8* CAR T-cell ratios [31,32,35], choice of intracellular co-
stimulatory domain (ICD) in the CAR [33,34], and the stage of T-cell differentiation [31]. Collectively, the
vast number of design choices complicates interpreting and comparing studies of and iteratively tuning CAR

T-cell therapies.

Simultaneously tuning multiple features of a CAR T-cell therapy and forecasting their impact on emergent
population dynamics remains a grand challenge. Exploring the multidimensional design space becomes
prohibitively expensive and laborious in vitro and in vivo, particularly when considering the time and
resources required for mouse experiments. Additionally, some design aspects and emergent properties are
difficult to interrogate experimentally, such as cell-level behavioral states that impact treatment efficacy.
Employing in silico experiments has proven to be a resource-saving and valuable way to understand how
underlying biological processes impact CAR treatment outcome and hypothesizing new design features to
improve efficacy. Recent CAR T-cell modeling efforts have used ordinary differential equation (ODE)
models to understand factors influencing CAR T-cell receptor signaling and downstream activation [92-94].
Other CAR T-cell ODE modeling efforts aim to optimize patient pre-conditioning with chemotherapy [95].
However, these models lack spatial resolution, test a limited set of features, and do not assess emergent
cell population dynamics; these important contributions do not yet enable predictions of the sort needed to

guide the design of CAR T-cell therapies.

Agent-based models (ABMs) provide ideal in silico testbeds for interrogating emergent population
dynamics. ABMs are bottom-up computational frameworks that describe the behavior of autonomous
agents through defined rules that guide agent actions and interactions within their local environment. The
ABM framework provides single-cell spatial and temporal resolution, incorporates quantitative and
qualitative experimental observations, and enables tuning and measuring properties of interest through in
silico experiments [42,43,52,53]. Past ABMs have explored how cell properties influence tumor growth
[46,54-56], vasculature and microenvironment dynamics [45,49], immune response to infection and tumors
[57,58], and tumor response to checkpoint inhibitor therapy [50]. However, to our knowledge, no ABM
reported to date has characterized CAR T-cell dynamics in solid tumors, or explored how CAR T-cell and

tumor features impact outcomes.
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In this study, we systematically explore CAR T-cell therapy designs in solid tumor contexts by adding CAR
T-cell agents to an established ABM (Agent-based Representation of Cells And Dynamic Environments, or
ARCADE) comprising tissue cell agents [56] and dynamic vasculature [49]. We use this model—CAR T-
cell ARCADE (CARCADE)—to simulate CAR T-cell interactions with tissue cells and analyze a
multidimensional design space. We demonstrate that CARCADE recapitulates known observations and

predicts responses to new designs for solid tumor CAR T-cell therapies.

2.3 Results

2.3.1 CARCADE characterizes CAR T-cell behavior, metabolism, and effector function

CARCADE provides a flexible framework for characterizing and exploring hypothesized dynamics of
population-level tumor responses to CAR T-cell treatment by defining individual CAR T-cell, cancer, and

healthy cell features and rules.

2.3.1.1 CAR T-cell agents recapitulate CAR T-cell behavior

ARCADE comprises tissue cell agents with individual subcellular metabolism and signaling modules that
influence the cell-level decision making rules and drive emergent population- and environment-level
dynamics (Figure 2.1A). Tissue cell agent rules and parameters can be tuned to represent either cancer
or healthy cells. We introduce a new cell agent representing CAR T-cells into this framework (Figure 2.1A).
All cell agents are simulated in a microenvironment that comprises either constant nutrient sources
(representing a dish context) or vasculature (representing a vascularized tissue context). To distinguish
between simulation and experiment, we denote simulated dish and tissue contexts as dish and tissue,

respectively.

Agents navigate through a set of defined, cell-type specific states and rules derived from experimentally
observed states and transitions. Each tissue cell can be in one of six states—migratory, proliferative,
quiescent, senescent, necrotic, and apoptotic—at each time step. CAR T-cell agents follow a unique rule
set with additional states designed to capture T-cell behaviors (Figure 2.1B). There are two subtypes of

CAR T-cell agents: CD8" T-cells that primarily provide cytotoxic functions and CD4* T-cells that primarily
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provide stimulatory functions [31,96,97]. Although both T-cell subtypes can provide cytotoxic and
stimulatory functions, for simplicity, we specified that each of these T-cell subtypes would perform only their
primary function. CAR T-cell agents can enter ten different subtype-dependent states, broadly categorized
as desirable and undesirable during treatment. Desired states include migratory, proliferative, stimulatory
(CD4* only), cytotoxic (CD8" only), and paused. Undesired states include apoptotic, senescent, exhausted,
anergic, and starved. Cells change state according to the rule set and to their current state (Supplementary

Figures A.1 and A.2, Appendix A.4 Supplementary Methods Details). All new model parameters are

Each agent utilizes subcellular modules to capture underlying metabolic and signaling states. ARCADE
tissue agents use two subcellular modules that control metabolism and signaling. The metabolism module
uses stoichiometric equations to determine cellular uptake of glucose and oxygen, which is then converted
to energy and cell mass. The signaling module uses an ODE model with regulatory nodes to determine the
influence of tumor growth factor alpha (TGFa) on a tissue cell’s decision to proliferate or migrate. CAR T-
cell agents use the tissue cell metabolism module with modifications to capture the influence of IL-2
signaling and antigen-induced activation on T-cell metabolism: (i) increased metabolic preference for
glycolysis; (ii) increased glucose uptake rate; and (iii) increased fraction of glucose used to produce cell

mass (Figure 2.1C, Appendix A.4 Supplementary Methods Details) [36,38-40,101,109,121,122]. CAR

T-cell agents also contain an inflammation module to capture the impact of IL-2 binding and antigen-induced
activation on IL-2 production in CD4* CAR T-cells [123-125] and on granzyme production in CD8* CAR T-
cells [96] (Figure 2.1C, Appendix A.4 Supplementary Methods Details). For both CAR T-cell subtypes,
the inflammation module uses an ODE model to determine the amount of IL-2 bound to various IL-2 receptor

species [123,124,126].
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FIGURE 2.1. CARCADE structure and CAR T-cell agent design. (A) Depiction of CARCADE
components. Subcellular modules guide underlying cellular function to influence behavior (Gzm. B:
granzyme B). Agents include tissue cell and CAR T-cell agents, each of which has separate rule sets and
is depicted with surface ligands and CARs (dark gray). Tissue cells include both healthy cells and cancer
cells. Agents exist in an environment where diffusion is controlled by partial differential equations and
constant sources or vasculature provide nutrients. (B) Descriptions of each CAR T-cell agent state,
separated by whether the state is desired or undesired for efficacious treatment. (C) Diagram of CAR T-cell
metabolism and inflammation module interactions with small molecules, proteins, and regulatory edges.
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The inflammation module diagram is broken into two parts, showing differences between CD4* CAR T-cells
(light green, top) and CD8* CAR T-cells (purple, bottom). All CAR T-cells use identical metabolism modules.
Regulatory edges (upregulation: green arrow, downregulation: red flathead arrow) result from IL-2 binding
and antigen-induced activation. G: glucose, O: oxygen, GB: granzyme B., OXPHOS: oxidative
phosphorylation. Legend for cell color is consistent with panel B. (D) An example of a single dish and
tissue simulation of untreated cancer cells shown at select time points. For tissue, the dynamic
vasculature architecture is overlaid.

2.3.1.2 In silico experiments mimic in vitro and in vivo contexts

To provide an in silico testbed that can be related to physical experiments, simulations were designed to
represent two experimental contexts: dish and tissue (Figure 2.1D). Each configuration utilizes an
environment in which four nutrient and signaling molecules—oxygen, glucose, TGFa, and IL—diffuse.
Additionally, the environment contains distinct sources from which oxygen and glucose are produced. Dish
uses a constant nutrient source environment to represent the well-mixed cell media of an in vitro
experiment. These simulations are initialized with a defined number of tissue cells placed randomly in the
environment. CAR T-cells are introduced after 10 min and simulated for 7 d of treatment. Tissue uses
vasculature to represent realistic hemodynamics of nutrients diffusing through the environment to represent
an in vivo solid tumor experiment. Vasculature can be degraded and collapse due to cancer cell crowding
and movement. These simulations are initialized with a confluent bed of healthy cells and a small colony of
cancer cells added to the center of the simulation environment. The cancer cell colony grows for 21 d to
form a tumor before CAR T-cells are added and simulated for 9 d of treatment. Untreated dish and tissue

simulations highlight how in silico experimental design leads to diverse outcomes (Figure 2.1D).

2.3.2 Monoculture and co-culture simulations are consistent with in vitro observations

CAR T-cell agents were developed de novo based on established cell-level observations; resulting
emergent dynamics of the simulation were used for model validation. The comparison between in silico and
in vitro/in vivo experiments is a critical and common method for validating ABMs. To confirm that emergent
dynamics follow experimental observations, we tested how outcomes vary as a function of four CAR and
tumor features—CAR T-cell dose [127], CD4*:CD8* CAR T-cell ratio [31,32], CAR-antigen affinity [22-

24,128-130], and antigen density on cancer cells [24,111,131,132].
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In a clinical setting, CAR T-cells necessarily interact with both healthy and cancer cells, and healthy cell
antigen expression can impact off-target effects [116]. It is critical to consider how these CAR and tumor
features impact both cancer and healthy cell populations. We simulated CAR T-cell treatment in three
different contexts—(i) monoculture with only cancer cells, (ii) ideal co-culture with cancer cells and antigen-
negative healthy cells, and (iii) realistic co-culture with cancer cells and low-level antigen expressing healthy
cells—modulating CAR T cells and tumor features in each context to assess how in silico dynamics
compare to observations in vitro. Using di sh removes confounding effects of nutrient constraints and TME
factors. We simulated 10 replicates of each combination of features (Supplementary Table A.2 for
monoculture, and Supplementary Table A.3 for co-culture). In monoculture, di sh was randomly plated at
t = 0 s with 2 x 103 antigen-expressing cancer cells. At t = 10 min, treatment begins by adding a dose of
CAR T-cells, each expressing 5 x 10* CARs with a defined CAR affinity and CD4*:CD8" ratio. We simulated
7 d of treatment. Co-culture is identical except initial plating uses 1 x 103 cancer cells and 1 x 10% healthy
cells. Simulation trajectories—including each cell’s location, state, volume, and average cell cycle length—
were collected every half day. The input files used to generate dish simulations are described in the
Appendix A Supplementary Information for Chapter 2 (Supplementary Data A.1 and Supplementary

Table A.4 for monoculture and Supplementary Data A.2 and Supplementary Table A.5 for co-culture).

2.3.2.1 Cancer cell and CAR T-cell dynamics are independent of context

We first consider the impact of individual features on cell counts and behavior in dish (holding other
features constant at intermediate values). In all simulations, cancer cell and CAR T-cell counts follow
experimentally observed trends, including conditions with effector-to-target (E:T) ratios less than one where
cancer cell killing occurs over several days (Figure 2.2A for monoculture, Supplementary Figure A.3A for
ideal co-culture, Supplementary Figure A.3B for realistic co-culture) [117,128]. Increasing CAR T-cell
dose increases T-cell counts and accelerates cancer cell killing [127,133]. Our simulations mirror this trend;
when E:T ratios are increased beyond the initial range explored (i.e., to explore ratios greater than one),
substantial cancer cell killing occurred in monoculture in half the time (all other features are held at
intermediate values) (Supplementary Data A.3 and Supplementary Figure A.4A). Increasing the E:T

ratio brings closer parity in rate of cancer cell killing between our simulations and experimental analyses,
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but we acknowledge that there remains a discrepancy based on time to complete elimination of cancer
cells. This difference can be attributed to unaccounted for contact-independent mechanisms of killing,
potentially including exosomes [134]; these additional mechanisms were not included in the model for
simplicity. Intermediate CD4*:CD8" ratios maximize cancer killing and increase CAR T-cell proliferation
[31,32]. Higher fractions of CD8* CAR T-cell treatments prove less effective because cytotoxic CD8* cells
need the support of the cytokines primarily produced by CD4* cells [96,97]. We tested an expanded range
of CD4*:CD8" ratios to include 90:10 and 10:90 in monoculture and co-culture; these extensions further
validated observed trends and provided no additional treatment benefit, and thus we do not carry these
conditions forward in subsequent analyses (see Supplementary Note A.1, Supplementary Data A.4, and
Supplementary Figure A.5). Increasing CAR affinity increases the chances of CAR T-cell antigen binding
and subsequent activation, resulting in increased cancer cell killing [24,128,135]. This increased activation
also leads to increased proliferation and thus increased T-cell count [22]. Increased antigen expression on
cancer cells increases cancer cell killing [24,117,128,131]. Similarly, because CAR T-cells are more likely
to be activated by high antigen density cancer cells, CAR T-cell proliferation, and thus counts, increase with
increasing antigen count [135]. CD8" T-cells counts exceed CD4* T-cell counts even when cells are
delivered at a 50:50 ratio, especially in conditions where cells are more likely to be activated [31,32]. The
lowest CAR T-cell counts occur when we treat with only one subset of CAR T-cells. Cancer cells cannot be
killed off without CD8" cells. CD8* cells have limited killing and proliferative capacity without cytokines
produced by CD4* cells, and lack of cancer cell kiling presents spatial limitations on CAR T-cell
proliferation. Overall, all dish simulations, regardless of healthy cell context, support experimental
observations of cancer and CAR T-cell dynamics, suggesting that healthy cell presence and antigen

expression do not strongly influence cancer and CAR T-cell dynamics or individual feature trends in vitro.
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FIGURE 2.2. Impact of individual CAR T-cell and tumor features on cytotoxicity and CAR T-cell
growth in dish. (A) Cell counts over time of untreated (black) and treated conditions (graded hues) holding
all but one feature constant. Each column shows the axis being changed, where all other features are held
constant at indicated intermediate values (indicated by asterisk, CAR T-cell dose-500 CAR T-cells,
CD4*:CD8* ratio—50:50, CAR affinity—10-" M, cancer antigens—1000 antigens/cell), while rows show the cell
type being plotted. (B) Normalized percent lysis curves for in silico and published experimental in vitro data.
Plot for simulated data shows percent lysis for each set of CAR affinity values across normalized cancer
antigen values. All other axes were held constant, and the data were averaged across replicates.
Simulations with negative percent lysis indicate cancer cell growth. Experimental data—representing an
array of CAR types, effector to target (E:T) ratios, ICDs, and cancer cell lines (Supplementary Table A.6
and Supplementary Data A.5)—were normalized to maximum percent lysis and antigen levels with
estimated error bars. The plots show percent lysis for each set of CARs tested per paper, each with unique
CAR affinity and tested across a range of antigen target values. (C) Volume and cell cycle distributions for
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CAR T-cell populations at t = 4 d (filled) and t = 7 d (outline) holding all but CAR affinity constant at an
intermediate value in monoculture. Legend is consistent with panel B. The data for cancer cell populations
and for all other features can be found in the in supplement. (D) Cell counts over time of untreated (black)
and treated conditions (graded hues) holding all features constant at an intermediate value. Legend is
consistent with panel B for both ideal and realistic co-culture. Solid lines represent total cell counts, dashed
lines represent live cell counts.

2.3.2.2 Monoculture data qualitatively recapitulate a range of in vitro CAR T-cell studies

Quantifying percent lysis as a function of cancer antigen density is a common experimental analysis. In
monoculture, percent lysis increases as a function of both antigen count and CAR affinity. This qualitative
trend and the general shape of the data agrees with prior in vitro observations (Figure 2B)
promote higher percent lysis across all antigen expression values. Our simulations reproduce general
trends observed across diverse in vitro studies varying in CAR, intracellular co-stimulatory domain, effector
to target ratio, and cell lines (Supplementary Table A.6 and Supplementary Data A.5). Notably,
CARCADE captures known experimental trends relevant to many different experimental CAR T-cell
scenarios without being trained to any specific CAR T-cell experiment. Consistency in these emergent

dynamics provides baseline validation that supports our use of the model to interrogate CAR T-cell design.

2.3.2.3 Trends in cell-level features support population-level observations and model validation

Treatment efficacy can be evaluated by volume [105] and cell cycle length [107] distributions, which serve
as proxies for CAR T-cell growth and proliferation resulting from antigen-induced activation and IL-2
binding. As an increasing number of CAR T-cells undergo antigen-induced activation, CAR T-cell volumes
increase and cycle lengths decrease both over time and with increasing CAR affinity (Figure 2.2C). In T-
cells, antigen-induced activation and IL-2 binding influence metabolism to help T-cells rapidly proliferate by
increasing nutrient uptake, metabolic preference for glucose, and flux of nutrients towards producing cell

mass [36-40,101,105,109]. These internal cellular changes increase cell growth rates, increase volumes,

and decrease cell cycle lengths [105,107,109,114,136]. The cell cycle length observed in silico—an

emergent property of the simulations—ranged from around 6-24 h and falls within the range of 2-24 h found

in vitro, in vivo, and for other in silico models [50,102,107,109,114,136]. Cancer cell volumes increase

slightly and cycle lengths decrease slightly with increasing CAR affinity and over time, as cancer cells
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proliferate to compensate for cell death (Supplementary Figure A.6A). Similar trends in volume and cell
length distributions are observed across all other modulated features, where conditions with more activated
CAR T-cells result in increased CAR T-cell volume and decreased cell cycle lengths (Supplementary
Figure A.6B-D). Altogether, the model recapitulates known in vitro observations, and furthermore, it

enables us to observe single cell-level properties that are non-trivial to measure experimentally.

2.3.3 Varying individual features highlights tradeoffs within co-culture

Due to the lack of unique tumor antigens, CAR T-cell designs must rely on target antigens that are more
highly expressed on cancer cells than healthy cells [116]. Investigating the difference in treatment
outcomes—cancer cell killing, healthy cell sparing, and CAR T-cell growth—between the ideal co-culture
(containing antigen-negative healthy cells) and realistic co-culture (containing antigen-expressing healthy

cells) is critical for understanding successful CAR T-cell design [22].

2.3.3.1 Healthy cell antigen expression and tumor/CAR T-cell features impact healthy cell killing.

Healthy cell antigen density does not affect cancer cell killing, CAR T-cell proliferation, or previously noted
trends across individual features for these populations (Supplementary Figure A.3). However, healthy cell
antigen density dramatically impacts healthy cell killing (Figure 2.2D) [117]. The seeming lack of influence
that minimal healthy antigen expression has on CAR T-cell proliferation is demonstrated by a lack of clear
difference in CAR T-cell volume and cell cycle length distributions (Supplementary Figure A.7) or fraction
of cells in the proliferative state (Supplementary Figure A.8) between the ideal and realistic co-culture. In
general, we hypothesize that the low healthy cell antigen level is too weak to impact these other factors but
enables the CAR T-cells to target healthy cells. Thus, healthy cell antigen expression only needs to be

considered in avoiding healthy cell death and not in tuning CAR T-cell behavior or cancer cell killing.

To further investigate the impact of healthy cell antigen expression on feature trends, we directly compare
cell counts between the ideal and realistic co-culture along the CAR affinity feature axis (Figure 2.3A).
Cancer cell killing dynamics are nearly identical in both contexts, increasing with increased CAR affinity. In
contrast, healthy cell dynamics differ dramatically between contexts. When healthy cells do not express

antigen, increasing CAR affinity leads to increased healthy cell count as healthy cells grow to fill the space
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left behind by targeted cancer cells. However, when healthy cells do express antigen, healthy cell killing
increases with increasing CAR affinity. Additionally, healthy cell counts begin to decrease at increasingly
earlier time points with increasing CAR affinity. Comparing cell counts along other features exhibits similar
trends: presence of healthy cell antigen generally only impacts healthy cell dynamics, resulting in varying
degrees of healthy cell killing (Supplementary Figure A.3). These data are consistent with experimental
studies demonstrating a detrimental effect of high CAR affinity designs on healthy cells [22,116]. Low affinity
CARs successfully target tumors that overexpress the desired antigen and produce minimal off-tumor
effects when healthy cells express low antigen levels [22-24]. When healthy cells express antigen, it is not

always desirable to have the strongest affinity CAR T-cells.

2.3.3.2 Cell dynamics reveal potential new treatment strategy that spares healthy cells

Comparing trends in cell dynamics between ideal and realistic co-culture provides insight as to why each
feature differentially impacts healthy cell killing. In ideal co-culture, increasing CAR affinity and cancer
antigen expression level leads to healthy cell growth beyond their original numbers. Increasing CAR T-cell
dose and CD4*:CD8" ratio leads to healthy cell counts similar to those in the untreated control
(Supplementary Figure A.3). Interestingly, increasing CAR affinity results in more healthy cell growth
compared to the case in which cancer cell antigen expression is increased. We hypothesize that this
difference occurs because cancer cell killing is more strongly impacted by CAR affinity than cancer antigen
density, providing healthy cells more opportunity to grow as more cancer cells die. However, in realistic co-
culture, increasing cancer antigen level results in more healthy cell growth before being killed off compared
to the scenario in which CAR affinity is increased. Cancer antigen expression primarily impacts cancer cell
killing, which gives healthy cells the ability to grow before being targeted after cancer cell populations
decline. Meanwhile, CAR affinity impacts both cancer and healthy cell killing, so healthy cells are killed at
the same time as cancer cells. These data highlight how each feature differentially impacts the dynamics
of this system. A large difference in cancer and healthy cell antigen levels can create a time delay between
when cancer killing completes and when healthy cell killing starts, whereas tuning CAR affinity cannot
create such a window. This time delay is an emergent phenomenon that occurs in some scenarios—it is

not a trained, optimized, or hard-wired parameter in the model. One can design a strategy to take advantage
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of this time delay in scenarios when it occurs, for example, by deactivating CAR T-cells with an antibody or

small-molecule induced off-switch that shuts down effector function after cancer cells are killed but before

lower antigen exp

ressing healthy cells are targeted.
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FIGURE 2.3. Impact of individual CAR T-cell and tumor features on efficacy, selectivity, and cytokine
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constant at an intermediate value and separating data by co-culture context. Column shows co-culture type,
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row shows cell type. Solid lines represent total cell counts, dashed lines represent live cell counts (live,
excludes necrotic and apoptotic states as in Figure 2.2). Intermediate values of other features indicated by
asterisk in panel B: CAR T-cell dose-500 CAR T-cells, CD4*:CD8" ratio—50:50, cancer antigens—1000
antigens/cell. (B) Scatter plots of normalized live healthy cell count (N ) vs normalized live cancer cell count
(N¢) for untreated (black) and treated conditions (graded hues) holding all but one axis constant at an
intermediate value. Upper left plot shows quadrant meanings. Upper right plot shows scatter plot for
different co-culture contexts. Columns show co-culture type, and each row indicates which feature is being
plotted. (C) IL-2 and glucose concentrations over time holding all but CAR affinity constant at an
intermediate value in monoculture. Legend is consistent with panel B. (D) IL-2 and glucose concentrations
over time varying CAR affinity while holding all features constant at an intermediate value in ideal and
realistic co-culture. Legend is consistent with panel B. (E) Parity plot of IL-2 concentration at final time point
(t = 7 d) for all conditions in realistic (y-axis) vs ideal (x-axis) co-culture colored by each feature (column).
Legend is consistent with panel B.

2.3.3.3 Individual feature analysis highlights tradeoffs in a Pareto curve

To quantify cancer and healthy cell killing, we use two metrics: normalized live healthy and cancer cell

counts. The normalized count for each population (N,) is calculated as follows:

n

Np = n—i

where n; and ny are the total number of live cancer or healthy cells at the final (t = 7 d) and treatment start
(t = 0 d) timepoints, respectively. Values below one indicate net killing, and values above one indicate net
growth. Together, these metrics place treatment outcomes within quadrants that can be used as guidelines
for classifying efficacy (Figure 3B). Ideally, treatment conditions would appear in the upper left quadrant
with maximal healthy cell sparing and maximal cancer cell killing. In both contexts, the trends match those
of experimental observations—more aggressive treatments with more overall killing result from increasing
CAR T-cell dose, intermediate CD4*:CD8* ratio, increasing CAR-antigen affinity, and increasing cancer
antigen density. These conditions allow for healthy cell maintenance or growth in ideal co-culture, nearing
or entering the efficacious and selective treatment quadrant. However, in realistic co-culture, there exists a
dramatic tradeoff between cancer cell killing and healthy cell killing, presenting a Pareto curve across each
feature. Aggressive treatments exist toward the lower left quadrant (not selective for cancer cells). This
observation suggests that it is not possible to optimize both efficacy and safety when healthy cells express
antigen, and the most useful strategies—typically less aggressive treatments—balance these objectives

[22-24].
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2.3.4 IL-2 production is more strongly impacted by tuned features than context

IL-2 production is a standard in vitro measurements to quantify T-cell activation [24,31,117]. Similarly,
glucose consumption can quantify T-cell activation through nutrient usage and competition [101]. We
compare nutrient consumption and cytokine production across features and contexts to identify strategies

for understanding, and potentially controlling, IL-2 production.

2.3.4.1 Tuning CAR affinity modulates IL-2 production by balancing CAR T-cell proliferation and

effector function

In dish (Figure 2.3C and Supplementary Figure A.9A for monoculture; Supplementary Figure A.10A
for co-culture), IL-2 increases over time and with increasing values of CAR T-cell dose, CD4*:CD8" ratio,
CAR affinity, and cancer antigen expression level due to increased numbers of activated CD4* CAR T-
cells. Across all contexts and features, glucose decreases as IL-2 increases, indicating that glucose
consumption follows CAR T-cell activation and proliferation (Figure 2.3D, Supplementary Figure A.9B,

Supplementary Figure A.10B).

Unintuitively, IL-2 concentration is not maximized at the highest CAR-antigen affinity in monoculture where
CAR T-cell activation is maximized. At the highest CAR affinity, more CAR T-cells spend time in effector,
non-proliferative states (Supplementary Figure A.11), resulting in fewer total CD4* T-cells producing IL-2
(Figure 2.2A). This decrease is not observed in co-culture where cancer cell numbers are lower, reducing
the likelihood that CAR T-cells will be activated. Decreased activation in co-culture produces lower IL-2
concentrations compared to monoculture. Thus, CAR T-cells in co-culture remain outside of the regime at
which this tradeoff between activated and proliferating T-cells is observed. We hypothesize that maximum
IL-2 production occurs at intermediate CAR affinity where these exists a balance between proliferation and
frequent antigen binding. Excessively high CAR affinity leads to frequent target antigen binding, causing
CAR T-cells to spend more time in effector rather than proliferating states, leading to fewer total CAR T-
cells that can later produce cytokines. On the other hand, very weak affinity CARs drive cells primarily into

states other than proliferative and effector states. Maximizing CAR-antigen affinity can therefore prove
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counterproductive for achieving CAR T-cell proliferation, survival, and cytokine production at the tumor site;

moderate CAR-antigen affinities may be more effective.

2.3.4.2 IL-2 production is independent of healthy cell antigen expression

In co-culture, healthy antigen expression minimally impacts IL-2 production and glucose consumption over
time (Figure 2.3D). We speculate that healthy antigen expression is too low to strongly impact CAR T-cell
proliferation and thus IL-2 production. Comparing final IL-2 concentration in all ideal versus realistic co-
culture conditions reveal that IL-2 levels are independent of context for a given condition, further supporting
this hypothesis (Figure 2.3E). CAR T-cell IL-2 production and overall glucose consumption are more
strongly impacted by the higher level of antigen expression on the cancer cells than by the low antigen
expression on healthy cells. When considering desired IL-2 levels produced by CAR T-cells in patient
treatment, IL-2 production can be mostly attributed to and designed around cancer cells in isolation as

healthy cell antigen expression does have a significant impact.

2.3.5 Multidimensional data analysis reveals context-specific treatment strategies

Since tuning individual features has different impacts on treatment efficacy based on the type of dish, we
rank-ordered treatment outcomes across all individual simulated conditions, tuning all features
simultaneously, within each context. Comparing the strongest treatments between monoculture and co-

culture will enable us to determine how optimal treatments vary between contexts.

2.3.5.1 Aggressive feature choices additively benefit treatment in monoculture

For monoculture, outcome is sorted by normalized live cancer cell count (Figure 2.4A). The best outcomes
typically occur at the highest CAR T-cell doses, at a 25:75 CD4*:CD8" ratio, at moderate to strong CAR
affinity, and with high cancer cell antigen density. These trends are consistent with individual feature
analyses in monoculture, and the same trends are observed in scenarios in which we considered expanded
CAR T-cell doses (Supplementary Figure A.4A and A.4B) and CD4*:CD8" ratios (Supplementary Figure
A.5F). Choosing aggressive values for all features and using large E:T ratios yield cancer cell killing rates

that are comparable with those observed in most experimental studies that use E:T ratios greater than one
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(i.e., killing most cancer cells occurs within hours), (Supplementary Figure A.4A). Worse outcomes, in
which cancer cells grow beyond their initial plated count, occur at low CAR T-cell doses, at 100:0 and 0:100
CD4*:.CD8* ratios, with the weakest CAR affinity, or with lower cancer cell antigen expression. Overall,
combining aggressive choices for individual features additively benefits treatment outcome in monoculture.
Effective CAR T-cell designs in the absence of healthy cells combine design choices from individually

optimized features.
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FIGURE 2.4. Collective impact of CAR T-cell and tumor features on dish outcomes. (A) Heatmap
showing values for each feature with line plots showing normalized live cancer cell count (N.) sorted from
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treatment. Values of N, > 1 indicate net growth and values of N; < 1 indicate net killing. (B) Heatmap
showing values for each feature with line plots showing normalized live cancer cell count (N.) and
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normalized live healthy cell count (Ny) (dashed line indicates normalized live cell count of 1) and the
difference in normalized live healthy and cancer cell counts (Ny — N.) for each ideal co-culture simulation
individually (dashed line indicates N;; — N, = 0). The heatmap has been sorted from lowest (left) to highest
(right) difference. All metrics were calculated at the final time point (t = 7 d). (C) Heatmap and normalized
cell counts for realistic co-culture. Labels are consistent with panel B. Each feature is reported in the
following units; CAR T-cell dose-500 CAR T-cells, CD4":CD8" ratio—50:50, CAR affinity—M, cancer
antigens—1000 antigens/cell.

2.3.5.2 Addressing off-target effects requires tuning multiple parameters

To identify general conclusions across diverse co-culture conditions, we considered treatment outcomes
across all individual simulated conditions, sorted by the difference in the normalized live healthy and cancer
cell count at the endpoint (Figure 2.4B for ideal co-culture, Figure 2.4C for realistic co-culture). This
difference is maximized when healthy cells are spared and cancer cells are killed. We expect aggressive
treatments to be most effective in the ideal cases, as healthy cells that do not express antigen cannot be
killed. Trends in ideal co-culture match those in monoculture, supporting the idea that “invisible” healthy

cells do not change observed trends.

However, the realistic co-culture where healthy cells express antigen, and can therefore be targeted by
CAR T-cells, is more clinically relevant. In this context, there is a distinct tradeoff between cancer cell killing
and healthy cell sparing. Conditions with the lowest normalized live cancer cell counts also show the lowest
normalized live healthy cell counts (Figure 2.4C). Treatments with a positive difference all have some
amount of healthy cell killing, but this killing is minimal compared to other conditions. Effective treatments
have the highest doses of CAR T-cells, weaker CARs, CD4*:CD8"* ratios of 25:75 or 50:50, and higher
cancer cell antigen count (Figure 2.4C). These observations agree with experimental findings that
optimization of CAR T-cell therapy design yields different conclusions when balancing cancer cell killing
and healthy cell sparing, versus focusing on the former objective alone [22-24]. Though choosing high
doses of weak CAR T-cells might seem unintuitive, using weak CARs minimizes the probability of targeting
healthy cells while the high dose maximizes the probability that these weaker CARs successfully interact
with high antigen density cancer cells. These results suggest that delivering higher doses of weaker CAR
T-cells with CD4*:CD8" ratios of 25:75 or 50:50 kill more cancer cells and spare more healthy cells for

tumors where on-target off-tumor killing is undesired or detrimental.
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2.3.6 Spatial dynamics drive vascularized tissue treatment efficacy

CAR T-cell therapy has great potential for use in solid tumor contexts, which include a complex tumor
microenvironment, vasculature, spatial dynamics, and potentially antigen-expressing healthy cells.
Predicting how the in vitro behavior conferred by various CAR T-cell designs corresponds to in vivo
performance is not straightforward. We investigate the translation and efficacy of select treatment strategies
in vascularized tissue where a solid tumor exists in a bed of antigen-expressing healthy cells within a
dynamic microenvironment. We chose a subset of simulations—the realistic co-culture conditions deemed
effective after averaging across replicates (Supplementary Table A.7)—to analyze in tissue. Effective
treatments were those that met the following two conditions: (1) cancer cells did not grow beyond the initial

number, and (2) no more than 50% of the initial healthy cells were killed off.

A tissue is initialized with a bed of healthy cells in vascularized tissue that was inoculated with cancer
cells and grown for 30 d. Att = 21 d, treatment began by adding a specified total dose of CAR T-cells, each
expressing 5 x 10* CARs with the given CAR affinity, and CD4*:CD8" ratio. CAR T-cells were spawned at
locations adjacent to vasculature to mimic intravenous trafficking to the tumor; they were not spawned
adjacent to vessels that are too small in diameter for CAR T-cells to pass through. Files used to generate

tissue simulations are described in Supplementary Data A.6 and Supplementary Table A.8.

2.3.6.1 Tested treatments are effective in tissue but differ in healthy cell killing

All treated tumors resulted in far fewer cancer cells and somewhat fewer healthy cells compared to
untreated conditions, indicating that all strategies identified as effective in realistic co-culture proved
effective in tissue (Figure 2.5A). In dish, healthy cell killing occurred primarily after most cancer cells
were removed. This again motivates treatment strategies in which CAR T-cells include an inducible off-
switch that shuts down effector function after cancer cells are killed but before lower antigen expressing

healthy cells are targeted.

Comparing normalized live cancer and healthy cell counts at treatment endpoint enables direct comparison

of treatment efficacy (Figure 2.5B). Notably, the primarily difference between treatment strategies is in
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degree of healthy cell killing. CAR affinity and cancer antigen expression, but not CAR T-cell dose or
CD4*:.CD8* ratio, dictate this difference. In general, increasing CAR T-cell dose and using higher
CD4*:.CD8" ratio treatments results in increased CAR T-cell counts, but it has little effect on cancer and
healthy cell killing. Interestingly, most of the simulations that show the highest CAR T-cell production use
the highest CAR T-cell doses and the weakest CAR affinity (Supplementary Figure A.12, Figure 2.5A),
indicating that designs with high doses of weak CAR T-cells result in the highest CAR T-cell growth rate in
vivo. Overall, these observations reinforce the previously identified treatment strategy: use weaker CARs
and select antigens with the highest differential between cancer and healthy cell expression. With this
strategy, even though the CAR is weaker, the cancer antigen density is high enough to result in effective,

selective treatment.

2.3.6.2 Cancer cells with higher antigen density shield healthy cells from CAR T-cell killing

Though changing multiple features simultaneously complicates analysis, we noted an interesting pattern in
which increasing cancer cell antigen density spares more healthy cells in tissue, representing a stark
contrast to our di sh findings. We thus investigated the spatial dynamics of each cell type to probe whether
the mechanism by which CAR T-cells navigate within the solid tumor gives rise to this observation. At t =
21 d, cancer cells exist primarily in the center of the simulation, between the center and a radius of about
0.39 mm, while healthy cells are evenly spread across the simulation (Figure 2.5C). In untreated conditions,
cancer cells grow to cover a radius of 0.58 mm by t = 30 d and healthy cell count remains unchanged over
time. In treated conditions, cancer and healthy cell counts decrease over time, primarily starting from the
center where most CAR T-cells are initially spawned and moving outward. Cancer cell counts decrease
with increasing cancer antigen density. CAR T-cell counts increase as a function of time and cancer cell
count, but not as a function of cancer antigen density. Meanwhile, higher cancer antigen levels result in
decreased healthy cell killing. We hypothesize that this phenomenon occurs when high antigen density
cancer cells effectively outcompete healthy cells for CAR T-cell effector function due to large differences in
the probability of CAR-antigen binding between these two potential target cell types. In such scenarios,
CAR T cells that successfully traffic to a tumor core are more likely to selectively target cancer cells even if

healthy cells are present.
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FIGURE 2.5. Dynamic, spatial, and ranked outcomes for selected promising treatment combinations
in tissue. (A) Live cell counts over time of untreated (black) and treated conditions (graded hues)
normalized to cell count at start of treatment (t = 21 d), for all simulations, colored by cancer antigens (other
features may be changing as well). Cancer antigens reported in antigens/cell. The same data colored by
other features are shown in Supplementary Figure 12. (B) Scatter plots of normalized live cancer cell count
(N¢, x-axis) vs. normalized live healthy cell count (Ny, y-axis), each normalized to initial value at start of
treatment (t = 21 d), for untreated (black) and treated conditions (graded hues) for all simulations, colored
by one feature at a time. Each feature is reported in the following units; CAR T-cell dose-500 CAR T-cells,
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CD4+:CD8+ ratio—50:50, CAR affinity—M, cancer antigens—1000 antigens/cell. (C) Normalized live cell
counts over time (t =21 d, 25 d, 28 d, and 30 d shown) for untreated (black) and treated conditions (graded
hues), normalized to locations per radius, for all simulations, colored by cancer antigens. The columns
indicate the timepoint in the simulation (day), while the rows indicate cell type plotted, and the x-axis for
each plot shows the distance from the center. Legend is consistent with panel B. (D) Heatmap showing
values for each feature with line plots showing normalized live cancer and healthy cell counts and difference
in normalized live healthy and cancer cell counts (N;; — N, where healthy cell value is multiplied by the
ratio of cancer to healthy cells at the start of treatment to ensure equal weighting since initial cell population
sizes are not equal; dashed line indicates value of 0) at final time point averaged across replicates. The
heatmap is sorted from lowest (left) to highest (right) difference. Feature legends are consistent with panels
A and C. (E) Ladder plots of condition rankings in both dish and tissue, where condition outcome
(averaged across replicates) is colored by each corresponding feature.

2.3.6.3 Spatial differences between dish and tissue explain treatment performance

Comparing simulation rankings between dish and t i ssue reveals how context impacts treatment efficacy.
To rank treatment strategies in tissue, we consider treatment outcomes across simulations (averaged
across replicates) sorted from best to worst outcome in terms of difference in healthy and cancer cell counts
normalized to start of treatment (Figure 2.5D). Nearly all highest ranked simulations use the highest CAR
T-cell dose, a CD4*:CD8" ratio of 25:75, the lowest CAR affinity, and the highest cancer antigen level. The
four highest ranked treatment conditions in dish remain the four highest ranked treatment conditions in
tissue (Figure 2.5E, Supplementary Table A.9). The rankings for the mid and lower tier ranked
simulations (5"-14™ in tissue) are shuffled from their original rankings in dish. One of the worst ranked
treatments in dish (11") jumped to 5" in tissue, while a middle-ranked simulation (7%") fell to 13" in
tissue. These data predict that the most effective treatment conditions in dish will perform similarly in
tissue assuming perfect CAR T-cell trafficking. Even with perfect trafficking, performance in dish does
not exactly correlate with performance in tissue. Certain conditions may outperform in in vivo conditions

compared to their performance in vitro.

Trends in how each feature impacts relative rank reveal which features most strongly dictate performance
in tissue (Figure 2.5E). There are no distinct trends as a function of CD4*:CD8" ratio. Most conditions
that improve in rank use the relatively higher (though still objectively moderate) CAR affinity and higher
CAR T-cell dose, and nearly all conditions that decrease in rank (from di sh to tissue) have higher cancer
antigen expression level. This finding is surprising given earlier observations that lowest CAR affinity with

highest cancer antigen expression level combinations were most effective.
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We hypothesize the differences in dish and tissue trends/rank result from differences in spatial
dynamics. In dish, both healthy and cancer cells are well-mixed across the simulation, even after
treatment, which results in an even spatial distribution of CAR T-cells (Supplementary Figure A.13). In
tissue, cancer cells sit in the center of the simulation surrounded by a large bed of healthy cells, with few
healthy cells in the tumor core. When CAR T-cells are spawned with bias towards locations with more
cancer cells to mimic perfect trafficking, the probability that spawn locations are adjacent to that of a healthy
cellis higher in dish compared to tissue. Analyzing CAR T-cell state dynamics in both realistic co-culture
dish and tissue for the selected promising treatment strategies further informs this spatial analysis.
When we examine the distribution of CAR T-cell states only considering T-cells that are adjacent to a cancer
cell (i.e., somewhat controlling for the local environment that a T-cell experiences), we find similar
distributions of cells in effector states across dish and tissue simulations (Supplementary Figure A.14).
Small numbers of exhausted and anergic cells accumulate in tissue, which is notable as these states are
not observed in the dish context. These states are rare, which is unsurprising as they are expected to
accumulate over longer time courses than were used in these experiments, but their presence in tissue
indicates that they are more likely to appear in in vivo experiments compared to in vitro experiments. Thus,
CAR T-cells in proximity to cancer cells exhibit similar behavior independent of experimental setup, and
differences in overall trends/rank between contexts result from differences in collective cancer and healthy
cell spatial distributions. Overall, this spatial difference in cancer and healthy cell distribution parallels
comparisons between physical in vitro and in vivo experiments, even if CAR T-cell trafficking deviates from
the perfect mechanism employed in our simulations, reinforcing the key role that spatial dynamics play in

treatment outcome.

2.4 Discussion

We developed CARCADE as an open-access in silico testbed that enables systematic interrogation of the
multidimensional design landscape of cellular engineering strategies, therapeutic optimization, and
hypothesis generation. After verifying that the developed model recapitulates known trends in vitro, we

explored design strategies in both dish and tissue contexts to gain insight into CAR T-cell design.
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Tuning individual features in di sh revealed key insights as to how these features impact CAR T-cell design.
For example, we determined that healthy cell antigen expression results in healthy cell killing but has no
impact on CAR T-cell or cancer cell dynamics. Modulating individual features recapitulated known tradeoffs
between cancer cell killing and healthy cell sparing in realistic co-cultures. A new observation uniquely
enabled by our model’s high resolution is that maximizing CAR affinity not only increases healthy cell killing
but can also be counterproductive to CAR T-cell proliferation and cytokine production. In a related finding,
we observed that IL-2 production is influenced more by tunable CAR T-cell design features than by healthy

cell-related context.

Multidimensional analysis revealed that the relative performance of various treatment strategies is context
dependent. Aggressive treatments are more effective in monoculture and ideal co-culture experiments, but
effective treatment in realistic co-culture requires balancing all tuned features. We identified a particularly
effective treatment strategy that balances cancer cell killing and healthy cell sparing when healthy cells
express antigen. Specifically, we identified that the use of high doses of weak CAR T-cells with intermediate
CD4*:.CD8* ratio and a maximized difference between cancer and healthy cell antigen expression produces
the most effective treatments. By investigating these effective treatments in t i ssue context, we determined
that differences in spatial distributions of cancer and healthy cells in dish and tissue contexts explain

differences in treatment performance between contexts.

CARCADE is a first pass toward demonstrating the utility of models for generating hypotheses and
informing design strategies for this class of problem, and it is important to consider that this model makes
several assumptions and simplifications. First, the model is not tuned to a specific context. Results are
general and might not hold in specific tumor contexts. A major strength of the model is that it can be easily
tuned to a specific CAR and/or tumor type, and to interrogate specific design questions of interest. For
example, CARCADE does not currently specify the CAR construct’s intracellular co-stimulatory domain
(ICD), which is known to be an important factor in dictating CAR T-cell efficacy, persistence, and dynamics;
rather, we approximate CAR behavior independent of ICD and find that broad trends hold despite not
accounting for this factor explicitly. The model could be tuned to capture the effect of different ICD choices

on CAR T-cell function. Similarly, the analysis can be tuned to change the definition of effective treatment
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outcomes to further penalize healthy cell killing (e.g., when considering treatments in which damage to CAR
target antigen-expressing healthy cells is less tolerable from a safety standpoint). When treating B-cell
cancers, off-tumor effects like B-cell aplasia are manageable with treatment, and healthy cell killing is less
of a concern. In glioblastomas, EGFR is expressed on cancer cells, healthy brain cells, and other tissues,
making healthy cell killing a greater risk of morbidity and mortality [22]. Another assumption made in the
current CARCADE model is that there is no T-cell-mediated killing of bystander cells unless those bystander
cells express the target antigen, which represents an ideal case. This assumption could easily be relaxed
to interrogate the consequences of various forms of non-ideal T-cell killing. Additionally, the process by
which CAR T-cells traffic to the tumor has been simplified and idealized, as CAR T-cells spawn at sites
closest to cancer cells. The model could be adjusted to contemplate other scenarios, such as spawning
CAR T-cells at the simulation edge while including CAR T-cell and environmental features that influence

CAR T-cell trafficking to the tumor.

Expanding the agents, environment, or subcellular functions included in CARCADE offers opportunities for
future model development and use in the field of CAR T-cell engineering. The present model comprises
CAR T-cells and cancerous and healthy tissue cells; addition of macrophages, regulatory T-cells, natural
killer cells, and other regulatory or supporting cell types or environmental factors could enable investigation
of CAR T-cell therapy in a more complete and complex immune environment. In future studies, it may be
particularly important to include the cell and environmental factors that contribute to immunosuppressive
environments, as this is a common issue faced with in vivo CAR T-cell therapy. Additionally, while the
current model was designed to facilitate analysis of treatments for solid tumors, particularly through the use
of the tissue simulations, the dish simulations could be adapted to investigate liquid cancer treatment
strategies. Future expansions could also incorporate trogocytosis, a processes by which CAR T-cells pick
up tumor antigens from cancer cells and then experience fratricidal kiling by other CAR T-cells, to

investigate how this phenomena affects CAR T-cell persistence [133].

Overall, we believe that CARCADE will prove valuable for CAR T-cell designers and enable cross-cutting
collaborations to facilitate further model development or tuning to specific contexts and questions of interest.

By further refining the model using experimental data, CARCADE could help suggest potential promising
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strategies for experimental pursuit by testing strategies in dish and/or tissue contexts. CARCADE is
designed to enable interrogation of questions and phenomena that are beyond the scope of the current
study. For example, future studies using the current model could include a more granular consideration of
CAR T-cell trafficking within the tumor by removing the assumption of perfect trafficking. Tumor immune
escape could be investigated by creating multiple tumor subpopulations with variable antigen expression
levels or susceptibly to killing. Additionally, inter- and intra-tumor heterogeneity could be integrated by
simulating tumors that comprise multiple populations with different parameters and/or differing levels of
heterogeneity. Ultimately, integrating CARCADE into the CAR T-cell design process could accelerate the

design-build-test cycle, saving resources and time associated with new therapeutic development.

2.5 Materials and Methods

CARCADE was developed by extending ARCADE, an existing multi-scale, multi-class agent-based model
that includes tissue cells and hemodynamic environments. We used CARCADE to generate in silico
experiments where we treated monoculture di sh, ideal and realistic co-culture dish, and tissue contexts
with CAR T-cells. All model details, including adaptation of tissue cell agents, development of CAR T-cell
agents, development and adaptation of subcellular modules, development of dish plating, and all

simulation setups and analyses are described in detail in the Supplementary Methods Details section of the

126,128,135,137-149].

The agent-based model developed during this study is available at the Bagheri Lab GitHub CARCADE

repository: https://github.com/bagherilab/CARCADE.

The scripts developed to process and analyze the data during this study is available at the Bagheri Lab
GitHub carcade_mapping_design_space repository:

https://github.com/bagherilab/carcade mapping design space.
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2.11 Supplementary Material

The Supplementary Material for this article are included with the online publication and include (i) an
extended dataset of monoculture simulations with two additional CD4*:CD8" ratios tested (Appendix A.2
Supplementary Notes); (ii) a detailed description of the methods including details on the model framework,
tissue cell agents, new CAR T-cell agents, model environment, cell placement and treatment, simulated
experiment setups, and data analysis (Appendix A.4 Supplementary Methods Details); (iii) figures
describing CAR T-cell agent function, details on monoculture/co-culture/tissue simulation time courses and
treatment outcomes not shown in main text, such as cell counts and states over time, cell cycle and volume
distributions, and environmental IL-2 and glucose concentrations over time, and dish spatial dynamics
(Appendix A.3.1 Supplementary Figures); (iv) and tables showing model parameters, simulation setups,
and co-culture/tissue treatment ranking and live normalized cell outcomes (Appendix A.3.2

Supplementary Tables).
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3 Creating and implementing course content contextualized with
anti-racism and social justice in chemical engineering: how faculty

and students engaged in the process

This section contains text that is in a manuscript being prepared for the following publication:

Prybutok AN, Abegunde A*, Sanroman Gutierrez KM*, Simitz L*, Archuleta C, Cole J. Creating and
implementing course content contextualized with anti-racism and social justice in chemical
engineering: how faculty and students engaged in the process. In Preparation. *co-second

authorship.

My specific contributions include preparing the ARDEI-Context Question Writing Workshop Canvas page,
helping to collect and write content for the asynchronous pre-work, writing an example ARDEI-context
question, making some of the videos that accompany the Canvas pages, helping host and facilitate the
workshop, helping to write the surveys for both students and faculty, conducting all survey analyses, and

writing the manuscript.
3.1 Abstract

Engineering curriculum often fails to connect content and decisions to impacts on diverse, particularly
marginalized, communities. Given that integration of social justice ideas into curriculum is currently
uncommon among most faculty, we provide resources in the form of a workshop to help catalyze these
efforts by teaching faculty how to incorporate social justice into homework and example problems. Through

faculty and student surveys, we show the feasibility of this work and benefits on student learning.
3.2 Introduction

The field of chemical engineering interacts strongly with various technical areas that advance energy,
medical, and commercial technologies to impact and ideally improve climate change, quality of life, and

economic outcomes. Each of these areas intersects with all members of society, but traditional engineering
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curriculum engages in depoliticization and decontextualization. Removing this context obscures how these
technologies differentially harm, benefit, are developed by, or reach communities with varying identities,
where these differences either result from or further societal inequities [59,75,76]. Thus, engineering
curriculum often fails to engage with the principles of anti-racism, diversity, equity, and inclusion (ARDEI)
and social justice (defined in Table 3.1) and how these concepts can be fostered, or hindered, by

engineering decisions [76].

There is a great need to reflect on and engage with this ARDEI and social justice context in our classrooms,
particularly reflecting on the intersection of chemical engineering content with marginalized communities.
At a minimum, integrating this context into coursework will give students the chance to consider the positive,
negative, and/or disparate impacts of engineering decisions on communities, particularly for communities
with identities different from that of their own [76]. In the long-term, reframing engineering curriculum
through a social justice lens will not only help students learn to design robust solutions that meet needs
equitably, but also encourage critical thinking about how to define problems [76] and taking community-

engaged approaches that center and include affected communities in engineering efforts [81].

Some educators have made significant strides in integrating real-world context, current issues, and diverse
communities into engineering curriculum, often utilizing inclusive teaching pedagogies in tandem. Inclusive
teaching practices and pedagogy already highlight how integration of diverse contexts, interests,
contributors, and experiences increase inclusivity and engage students [70,71]. Hirshfield and Mayes wrote
homework questions for reaction engineering courses that capture varied student interests (e.g., kinetics
of baking, diamond rings, ethical considerations of commercial products) and current events (e.g., the Flint
water crisis) [73]. Riley implemented pedagogies of liberation by encouraging students to challenge
traditional assumptions, power structures, and terminology often found in engineering curricula when
teaching engineering thermodynamics [82], and subsequently wrote a textbook that reframes
thermodynamics as energy, a topic that is more inclusive by nature of being a basic human need, and that
emphasizes student engagement [83]. Faculty have also incorporated social justice in core engineering
classes such as mass and energy balances [84], unit operations [87], feedback control systems [76], and

numerical methods [85].
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While the above examples highlight the significant work done to integrate ARDEI and social justice contexts
into curriculum, this integration hasn’t been done in a scalable way such that many or all faculty can teach
a contextualized curriculum and students can continue this discourse throughout their degree. This is in
part because faculty don’t necessarily have the training, background, time, access to resources, or even
confidence necessary to contextualize their curriculum. While some trainings that highlight the importance
of this work and general strategies to begin it have been provided to the larger chemical engineering
community [88,89], there exists the need for a sustainable, accessible, action-driven solution that gives

faculty a starting point using the direct context of their own courses.

One low-cost, low-barrier, scalable option to integrate ARDEI and social justice context into curriculum is
to embed this context into homework problems. Context can be added either by appending it within existing
problems or writing problems from scratch. This approach has several benefits. First, it presents an option
that is a manageable time commitment, as writing technical problems at the appropriate level for students
in any given course can be time consuming and difficult. Additionally, development of ARDEI-context
homework problems would create a lasting and reusable resource that can be shared among faculty.
Through this approach, students can consistently engage with this context in many courses if many faculty
within a department commit to this work. Finally, this approach lends itself well to collecting feedback and

adapting over time.

We created a workshop and lasting resource to help faculty engage in the work to provide faculty with a
starting point for centering anti-racism and social justice in their engineering curriculum. The workshop,
which is freely and publicly available via a website, provides faculty with training on how to incorporate
ARDEI and social justice context into homework problems. We subsequently surveyed students on the
impact of engaging with these questions and surveyed and interviewed faculty on the process of developing
these questions. In this paper, we detail the content and format of the workshop, as well as the positive
effects that engaging with these questions had on students, to provide resources and motivation for other
institutions to implement this approach as a first step to integrating ARDEI and social justice into

engineering curriculum.
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3.3 Research Design

We, the members of the ARDEI Committee, focused on initiatives related to engineering education,

developed the following workshop, and conducted the following surveys to carry out this study.

3.3.1 Glossary of terms used

First, we define a glossary of common terms used in this text and within the workshops to provide readers

with the same definitions and background we provided to participants (Table 3.1).

TABLE 3.1. Glossary of terms.

Term

Definition

Anti-racism
Diversity

Equity

Inclusion

Social justice

An active and conscious effort to work against multidimensional aspects of racism
Having a people of different backgrounds, ethnicities/races, genders, sexualities,
perspectives, and mental and physical ability present; note that the presence of a
diverse group does not necessarily mean each member is being treated equitably or
being supported as needed.

Providing support to people on an individual basis to ensure that each member of a
group or community can participate equally

The active, intentional, and ongoing engagement with diversity (in the classroom or
broader communities) in ways that increase awareness, knowledge, and
understanding of the complex ways individuals interact within systems and institutions.
We note that this is a more traditional definition of inclusion, but we want to incorporate
the idea that we are trying to create an environment and culture where members who
have historically been excluded or marginalized are welcomed and accommodated
within an organization or group.

The idea that all people, regardless of identity, deserve equal access, opportunity,
rights, and to be treated fairly. Justice often includes the actions that lead to the
dismantling of systems and structures that uphold inequality.

3.3.2 Faculty workshop

The workshop for faculty was hosted in two parts consisting of an asynchronous pre-work portion and a

synchronous virtual workshop portion. All resources for the asynchronous portion were hosted through

Canvas (learning management system). The workshops and resources are described in detail below.

3.3.2.1 Asynchronous workshop and pre-work

We created an asynchronous pre-work section of the workshop, hosted through Canvas, to enable faculty

to complete the workshop materials at their own pace and schedule. This pre-work took about 2-4 hours to

complete during a 2—3-week span in advance of the synchronous workshop. The goal of this pre-work was



74
to provide context on the importance of integrating ARDEI context into courses, a baseline DEI terminology
to provide sufficient background for all faculty, example ARDEI-context questions and corresponding
analysis using a harm assessment worksheet created by the ARDEI Committee (details in Table 3.2).
Additionally, after faculty successfully completed and deployed ARDEI-context questions in their
classrooms, their completed questions and corresponding solutions were added to Canvas for the
continuous updating of resources and sharing of ideas. The Canvas site included separate pages on each
of the topics shown in Table 3.2. The asynchronous workshop and pre-work resources can be found in

Appendix B.1 Supplementary Workshop Content.

TABLE 3.2. Asynchronous pre-work content.

Topic Description Resources
Definitions and  Definitions of ARDEI-related terms; ¢ Video explaining page contents
Establishing Explanation of community e Definitions of common terms in the
Community guidelines as a way to host context of ARDEI discussions
Guidelines discussions in a safe and inclusive e Sample community guidelines
way, leaving space for discomfort
and reflection;
Reflection on creating community
guidelines in class
Reading: Literature from Chemical ¢ Video explaining page contents
Incorporating Engineering Education about e During and post-reading reflection
ARDEI into importance of integrating diverse questions
Class topics into questions e Selected reading [73]
Homework and
Examples
Example Example ARDEI-context questions o Video explaining example separations
Problems written by ARDEI Committee questions

Understanding
and Preventing
Harm

members (fluids, kinetics, and
separations) and a worksheet to
help faculty reflect on whose voice
is being uplifted by the added
context in the question, and how the
way the question is posed may
prevent further harm to
marginalized students.

Explanation of why it is important to
consider positionality and
unconscious bias when discussing
ARDEI topics, resources (Social
Identity Wheel) for reflection on
positionality and bias, and
explanation of types of harm and
the importance of understanding
and preventing harm

Example fluids, kinetics, and separations
questions

ARDEI Post-Question Review Sheet
Video explaining ARDEI Post-Question
Review Sheet

ARDEI Post-Question Review Sheet filled
out for separations question

Video explaining the importance of
considering positionality and bias and
preventing harm

Social Identity Wheel [150]



Inclusive
Teaching

Additional
Resources

Completed and
Draft ARDEI-
Context
Question Bank

Resources on inclusive teaching .
practices, a reading activity with

reflection questions for a subset of .
the selected readings [73,151,152]

Links to external resources at and .
beyond the university aimed at
supporting students and further
providing information on integrating
ARDEI context into STEM

curriculum and classrooms

Contains all faculty-written ARDEI- o
context questions and solutions to
enable faculty to share resources

and ideas; this page is continually
updated as more questions are
completed
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Video explaining the importance and
examples of inclusive teaching practices
Selected readings [73,151-154]

Links to inclusive teaching resources
provided by the teaching center on
campus

ChBE Department and University
resources

o Use of visual art in teaching
engineering (document compiled by
A. Abegunde)

o The NU ChBE Department’s ARDEI
Committee Website [155]

o Handout compiled by teaching center
on campus about campus resources
for supporting students

General and STEM Education Resources
[77,156,157]

ARDEI-Context questions and question
solutions written and used by faculty who
participated in the workshop and study
(kept internal to institution’s department)

3.3.2.2 Example questions

We provided faculty with three example ARDEI-context questions written to highlight different types of

question development (i.e., written from scratch versus adapting a textbook problem), methods of ARDEI-

context integration (i.e., background information, problem solving, resource providing), and question

engagement (i.e., resource utilization, brainstorming, reflection, technical problem-solving). Example

questions were provided in the topics of Fluid Dynamics, Separations, and Kinetics and Reactor Design,

and details about each question’s content and method of question development are described in Table 3.3.

Questions and solutions can be found in Appendix B.2.1 Example ARDEI-context questions.
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TABLE 3.3. Example ARDEI-context questions provided with asynchronous workshop content.

Course

Question Description

Question
Development
Process

Fluid
Dynamics

Separations

Kinetics
and
Reactor
Design

This problem focuses on how simple fluid dynamics concepts
can be used to estimate the speed of a river current. The
question is modified to incorporate ARDEI concepts by asking
students to estimate the speed of the current of a contaminated
river, specifically in Navajo rivers facilitated by uranium mining
on Navajo Nation and Lakota Nation lands. Students are asked
to think about the negative effects of Uranium mining on the
Navajo community as well as what safeguards could have been
implemented to prevent such impact on communities. This
should help students think beyond the financial benefit of
chemical engineering projects and consider the social impact of
their decisions.

This problem focuses on the separation of hydrogen sulfide
(H2S) from a feed gas. The existing textbook question provides
technical information about the problem and asks students to do
calculations to determine what the separation output and number
of equilibrium stages are. The question is modified to incorporate
ARDEI concepts by adding both background and additional
question subparts. The first adaptation included a preface
describing what H2S is, where it is found in drilling processes,
and its dangers to human health to emphasize why the
separation is necessary. Additional subparts added to the
problem ask students to answer questions related to (i) H2S
regulation, (ii) a current event related to H2S exposure, (iii) utilize
the tool Social Explorer [158], which gives students free (though
a university sponsored account) access to past census data, to
interpret the relationship between chemical plant locations and
marginalized community locations by focusing on the area in the
previously mentioned current event as a case study, and (iv) to
make actionable recommendations to chemical systems
producing H2S above threshold levels.

This problem focuses on how susceptible-infected-removed
(SIR) ordinary differential equation models are used to
understand the spread of disease. The problem walks through
the kinetic equations describing the basic SIR model, and
subsequently asks students to interrogate how population
dynamics change as a function of changing transmission and
recovery rates. Finally, to incorporate the ARDEI component,
students are asked to think about these how the ideal SIR model
would need to change in the context of something like the
COVID-19 pandemic, where disease spread and treatment were
not equitably distributed among populations, and factors such as
socioeconomic status, race, environmental conditions, access to
health care, and underlying health conditions caused differences
in disease dynamics, often most negatively impacting
marginalized groups.

Adapted from a
textbook problem by
adding additional
context, resources,
and subparts

Adapted from a
textbook problem by
adding additional
context, resources,
and subparts

Written from scratch
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3.3.2.3 Synchronous workshop

The synchronous workshops were hosted as 1-hour virtual sessions and faculty were expected to have
completed the pre-work and bring in a question idea or a fully written question along with the completed
harm assessment worksheet. The workshop began with a brief introduction and then faculty were separated
into breakout rooms with at least one other faculty and one workshop facilitator for discussion and feedback
on their ARDEI-context question. The goal of this session was primarily to support faculty in question
development through sharing resources and ideas, providing suggestions for edits or enhancements, and
harm mitigation. Afterwards, faculty were asked to complete a brief survey, shown in Table 3.4, to assess
utility and success of the workshop format and content at helping faculty develop ARDEI-context questions.
The workshop has been given three times (twice in Summer 2021 and once in Winter 2022), and after
receiving feedback from students on the ARDEI-context questions used in Fall 2021, we adapted the
workshop slightly for Winter 2022 to address the student feedback, specifically encouraging and discussing
adding lecture components to problems.

TABLE 3.4. Faculty post-workshop survey.

Question

Before the workshop (and pre-work), how confident did you feel
incorporating ARDEI and social justice topics into course/homework
questions?

After the workshop (and pre-work), how confident did you feel
incorporating ARDEI and social justice topics into course/homework
questions?

Response Option/Type
Scale of 1-5 (1=Not confident
at all and 5=Very confident)

Scale of 1-5 (1=Not confident
at all and 5=Very confident)

Do you intend to use the ARDEI question you wrote or brainstormed in
your future course?

If you answered No or Maybe to the previous question, please explain
why.

Do you intend to write other ARDEI questions for use in your future
course?

If you answered No or Maybe to the previous question, please explain
why.

How useful did you find the Canvas page in navigating through
materials and pre-work?

How useful did you find the pre-work in preparing you to write an
ARDEI question?

How useful did you find the virtual peer review/brainstorming session
in preparing you to write an ARDEI question?

What did you like about the workshop? What was done well?

What didn't you like about the workshop? What could be improved?

If you have any additional comments, please leave them here! Thanks
for attending!

Yes, No, Maybe
Open-ended response
Yes, No, Maybe
Open-ended response

Scale of 1-5 (1=Not very
useful and 5=Very useful)
Scale of 1-5 (1=Not very
useful and 5=Very useful)
Scale of 1-5 (1=Not very
useful and 5=Very useful)
Open-ended response
Open-ended response
Open-ended response
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3.3.3 Question deployment and student surveys

To assess the impact of ARDEI-context questions, we reached out to faculty teaching each quarter who
participated in the workshop(s) to see if they planned to deploy the question in their course. For those who
were, we provided faculty with a link to a Qualtrics survey, where no identifying information was collected,
to give to their students in order to assess the success and impact of the ARDEI-context question on student
learning and association with chemical engineering and social justice concepts (Table 3.5). Students given
a survey on Qualtrics After reaching out to faculty, we occasionally provided additional feedback on the
question was provided if edits were made after the synchronous workshop and feedback was requested.

TABLE 3.5. Student ARDEI-context question impact survey.

Response
Option/Type

Drop down list of
specific courses in
which faculty deployed
these questions

Drop down list of
quarters in which
courses took place
Likert Scale including
the following options:

Question

What course are you filling this out for?

What quarter are you filling this out for?

Please rate how strongly you agree or disagree with the following
statements:

o | was familiar with concepts of anti-racism, diversity, equity, and

inclusion (ARDEI) and social justice before taking this course.
Engaging with this question increased my awareness of and ability to
recognize how ARDEI and social justice relate to chemical
engineering/my field.

Engaging with this question increased my ability to critically evaluate
how current engineering practices or theories have been used to
promote or fight inequity.

Engaging with this question increased my awareness of how
marginalized communities are impacted by engineering decisions.
Engaging with this question increased my desire to make change in
chemical engineering/my field.

This question was very clearly related to ARDEI and social justice
context.

This question brought up context that had not previously been brought
up in my chemical engineering classes before.

Adding ARDEI and social justice concepts into chemical engineering
course questions is a good way to promote social and/or environmental
justice in engineering practice.

| would like to see more ARDEI and social justice focused content
integrated into chemical engineering course questions.

What else do you want us to know about your experience engaging with this
question?

Strongly disagree,
Somewhat disagree,
Neither agree nor
disagree, Somewhat
agree, Strongly agree

Open-ended response
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Faculty deployed these ARDEI-context questions in a range of core and elective courses, where classes
contained undergraduate students only, graduate students only, or a mix of both. Typically, these questions
were integrated into homework sets, however some faculty included lecture components or integrated
ARDEI-context into course projects. The key-labeled list of courses per quarter where data was collected
is listed in Table 3.6.

TABLE 3.6. Course information and survey response rate for courses where faculty deployed
ARDEI-context questions.

Course  Core/ Quarter Undergraduate/ Number (%) of Response rate (% of
Label Elective Graduate/Mix total responses class)
C1F21U  Core Fall 2021 Undergraduate 36 (43.4%) 85.7%
C2F21U  Core Fall 2021 Undergraduate 13 (15.7%) 48.1%
E1F21M  Elective Fall 2021 Mix 6 (7.2%) 33.3%
C3F21G  Core Fall 2021 Graduate 12 (14.5%) 36.4%
E2W22M Elective Winter 2022 Mix 12 (14.5%) 48.0%
C4W22U Core Winter 2022 Undergraduate 4 (4.8%) 44.4%
All Mix 2021-2022  Mix 83 53.9% of enrolled
courses students
3.4 Results

3.4.1 ARDEI-context question writing workshop built faculty confidence and supported question

development

Quantitative responses to the post-workshop survey highlighted the impact of the workshop on supporting
faculty in engaging with and writing ARDEI-focused content. After completing the workshop asynchronous
pre-work and synchronous session, faculty reported increased confidence in incorporating ARDEI and
social justice topics into course/homework questions compared to before the workshop (Figure 3.1A).
Additionally, nearly all faculty reported that they intended to use the ARDEI-context question that they wrote
or brainstormed during the workshop write additional questions for their future courses, highlighting the
success of the workshop in helping faculty both with current and future question development (Figure
3.1B). Those who responded “maybe” to using and writing ARDEI-questions primarily indicated they wanted
to do additional work to refine their questions rather than use them in their current form. Together, these
findings speak to the success of the workshop in encouraging and preparing faculty to include ARDEI and

social justice context into their course problem sets.
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FIGURE 3.1. Faculty engagement with the workshop increased confidence in and intent to
incorporate ARDEI and social justice topics into course questions and content.

Qualitative responses to the survey revealed the key aspects of the workshop that faculty found most
beneficial. Faculty attributed the workshop’s success primarily to both the compiled resources, which gave
them ideas and a shared vocabulary and starting point, as well as the discussion, which helped provide
feedback, ideas, and specific resource procurement regardless of question stage. Given the resources
provided in this paper, this workshop format could be recreated and deployed at other university settings,

further expanding this work and enabling other faculty to undergo this training.

3.4.2 Engaging with ARDEI-context questions supports student understanding of how ARDEI and

social justice intersect with the field of chemical engineering

We surveyed students who engaged with ARDEI-context questions written by faculty who took the
workshop and taught in Academic Year 2021-2022 to determine the impact of engaging with the question
on student learning and ethics and to assess student’s perspectives on if incorporating ARDEI-context into
homework questions is a good way to engage with these important topics. We collected data on a total of
83 students across 4 core classes (3 undergraduate, 1 graduate) and 2 electives (open to both
undergraduate and graduate) using the survey described in Table 4. Given the small sample size within

any one class, we analyzed this data collectively to get a sense of generalizable success of this method.

We first assessed how engaging with the ARDEI-context question impacted student ability to connect
ARDEI principles to chemical engineering concepts (Figure 3.2A, Table 3.4). Nearly all students (n=74/83,

89.1%) somewhat or strongly agreed with the idea that engaging with the questions increased their
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awareness of and ability to recognize how ARDEI and social justice relate to CHE. A similarly high fraction
(n=70/83, 84.3%) somewhat or strongly agreed with the idea that engaging with the question increased
their ability to critically evaluate how current engineering practices or theories have been used to promote
or fight inequity. Most students (n=72/83, 86.7%) also reported an increased awareness of how
marginalized communities are impacted by engineering decisions. Finally, in assessing the longer-term
impact of engaging with ARDEI-questions, most students (n=72/83, 86.7%) reported that engaging with the
question increased their desire to make change in chemical engineering/their field. Notably, this question
had the highest fraction of students who “strongly agreed” with the statement, further indicating the potential
to have positive long-term impacts on student goals and role in the field. Overall, students, who comprise
a mix of undergraduate and graduate students, had an overwhelmingly positive response to engaging with
these ARDEI-focused questions. Engaging with the question increased their understanding of chemical
engineering’s impact on inequities and marginalized communities. Perhaps most importantly, the question
impacted students’ desire to make change in their field, which supports and directly relates to the overall

goal of engaging with ARDEI-focused curriculum of creating ethical and anti-racist engineers.
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FIGURE 3.2. Student quantitative responses indicate the positive impact of engaging with ARDEI-
context questions and the desire to see more of these types of questions in their courses.
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To gauge student perspectives on this method of engaging with ARDEI-content, we asked questions about
their existing familiarity with ARDEI and social justice concepts and if they’'d already engaged with these
topics or would like to see more questions like these in other courses (Figure 3.2B, Table 3.4). While most
students (n=79/83, 95.2%) reported being familiar with ARDEI concepts, students (n=71/83, 85.5%)
confirmed that there is a lack of integrating this context into courses. Nearly all students (n=75/83, 90.4.9%)
also reported that the question they engaged was clearly related to ARDEI, indicating the success of the
faculty to write questions that directly address these topics. Following the indicated success of this question,
students agreed that adding ARDEI and social justice concepts into chemical engineering course questions
is a good way to promote social and/or environmental justice in engineering practice (n=74/83, 89.2%) and
that they’d like to see more ARDEI and social justice focused content integrated into CHE course questions
(n=69/83, 83.1%). These results highlight student’s desire to engage with ARDEI content within their
chemical engineering curricula and support this method as a low-barrier, low-cost and still successful

method of facilitating this engagement.

When given the chance to leave additional, qualitative feedback, students reported both appreciating the
effort being made to incorporate ARDEI into curriculum and a desire to see more than just integration of
this content in homework problems. While some faculty integrated lectures related to their ARDEI-context
problems, those who did not received feedback from students wishing for discussion of the topic rather than
just encountering it on homework problems in isolation. For example, one student said, “/ think it would be
more beneficial to use questions like these as a starting point for a larger class discussion rather than it
simply being a homework problem”. Further supporting this point, one student in a course that used both a
discussion and homework reported that “the discussion of the question in class was a bit more useful than
answering the question individually for homework, where we weren't discussing and learning
collaboratively”. Meanwhile, other students in that same course asked for the discussion to be deeper, but
still acknowledged that this was a great step. These findings speak to student desire to engage with this
material frequently and critically. One student particularly highlighted this point, saying “The ARDEI
questions allowed me to have more of a connection with the impacts of research and engineering. This not

only brings social justice topics forward but also helps me learn the material in a more memorable way.”
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Another student said, “/ really liked how this was incorporated into our homework problem set!”. Collectively,
these responses highlight the benefit of integrating this content, and how this is a good first step of
integrating social justice throughout engineering curriculum. Following this feedback, some of which was
collected after Fall 2021, we recommended to all faculty deploying questions in Winter 2022 and Spring
2022 to integrate lecture components and updated the workshop’s synchronous session to encourage and

further support this recommendation.

One important note is student criticism of this work, which was minimal but highlighted important points.
One student reported that they “do value factoring ARDEI curriculum in chemical engineering courses, but
| wish that other issues were more addressed...| wonder what more work ARDEI can do to address these
issues and create a more diverse space”. Similarly, another student noted that “/ feel that even though the
sentiment is the right one and the question was good, for those of us who are already familiar with these
issues (personal background, international students, etc.) The question felt a bit disconnected.. .l think that
it would be much more valuable to hold conversations/lectures/presentations on these issues where people
can really ask questions and get enough information, because an out of context homework problem every
other day does not feel very effective in this context’. These students brought up the previously mentioned
desire for lectures, but also for other issues related to ARDEI beyond the curriculum to further foster
equitable spaces. Additionally, their full comments highlighted the need to ensure ARDEI-questions and
those writing them invest time learning about the topics discussed, don’t reinforce stereotypes for
marginalized communities, and to not oversimplify or characterize these topics without depth. Analyzing
these questions to ensure they don’'t prevent further harm, such as by using the harm-assessment
worksheet, is a first step at addressing these comments. Ensuring these needs are met will take time, effort,

and critical thought, but the impacts and benefits to students are clear if this is done well.

3.5 Discussion

This paper outlines the process by which a low-cost, low-barrier method for integrating ARDEI and social
justice context into chemical engineering curriculum. Specifically, we analyzed the impact and benefit of

writing and engaging with ARDEI-context homework questions on faculty and students, respectively. After
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the workshop, faculty reported an increased confidence in and intention to write homework or course
questions contextualized in ARDEI and social justice. This finding speaks to the effectiveness of the
workshop at training faculty in this endeavor. Students also reported the benefits of engaging with these
questions, including increased ability to connect engineering decisions to societal inequities and motivation
to make positive change in their field. The students’ desire to see more of these questions in the classroom
provides strong support for the need to incorporate ARDEI work into chemical engineering curriculum, and
the collective faculty and student responses indicate this workshop as a successful method to facilitate this

work.

We provided these resources in full in the hopes of sharing this work beyond the original institution. We
acknowledge that development of and participation in this workshop and study was facilitated by being
members of a private research intuition with the support of a teaching and learning center and commitment
to DEI and of a department with a strong commitment to ARDEI. Unfortunately, not all members of academic
institutions have this privilege, which may make implementation of this workshop more challenging. We
hope that by sharing the overwhelming positive outcomes of this work, members of the chemical
engineering education community will feel encouraged to begin integrating ARDEI and social justice

principles into their courses.

Integration of social justice principles into curriculum is important for increasing student sense of belonging,
understanding of inequity, and desire to support marginalized communities, but this integration needs to be
handled with care. Faculty need to put concerted effort into the questions they write to ensure further harm
is not being caused to students holding marginalized identities. This effort will entail engagement with more
than just DEI trainings, but also a deep, critical thought on selected question topics, awareness of and
reflection on positionality, and empathy for marginalized communities affected by inequities and

engineering.

This workshop is only the first step in empowering widespread faculty to address the harm of allowing
oppressive systems, biases, and inequities to remain uninterrogated. Since ABET requirements will soon

mandate minimal inclusion of this work [159], this workshop can help engineering departments meet this
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immediate need. Down the line, we hope that future changes centered on redesigning whole engineering
courses and curriculum from a social justice lens will become the norm rather than the work of select few

faculty.

3.6 Concluding Remarks

The collective positive response from students about the benefits of and desire to see more of these
questions in the class provides strong support for the need to incorporate ARDEI work into chemical
engineering curriculum independent of the updated ABET requirements. The reported success of this
relatively low-time commitment workshop will hopefully inspire and enable implementation of this workshop
at other universities. Given that development of high-quality, well thought through resources takes
significant time and research, teaching faculty or others invested in this work, should be given tenure to

help further fund and facilitate this work and devote the necessary time to development of these resources
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4 Conclusions, Future Work, and Perspectives

41 Conclusions

The advancements outlined in this body of work contribute both to the fields of chimeric antigen receptor
(CAR) T-cell therapy design (detailed in Chapter 2) and chemical engineering education (detailed in
Chapter 3). These contributions to both fields ultimately provide resources—in the form of an agent-based
model and a training workshop for faculty, respectively—that can be used by future computational

immunologists or engineering educators to further expand this work.
4.1.1 CARCADE enables exploring CAR T-cell therapy design strategies in varied contexts

Using the developed agent-based model (ABM)—a “bottom-up” computational model that utilizes first-
principles to dictate probabilistic rules that guide agent behaviors and interactions within the context of a
local environment—CAR T-cell therapy design strategies to treat solid tumors can be explored in dish and
tissue contexts. This work builds upon a previously established ABM, Agent-based Representation of
Cells and Dynamic Environments (ARCADE), to create CAR T-cell ARCADE (CARCADE). CARCADE
agents include both cancerous and healthy tissue cells and CD4* and CD8* CAR T-cells, each equipped
with metabolism and signaling modules, interacting within a vascularized and diffusive tumor
microenvironment. Using CARCADE as a testbed, we investigated fundamental design questions that are
difficult to address experimentally by exploring tunable CAR T-cell design parameters in a simulated
monoculture dish, ideal (no healthy antigen expression) and realistic (low level of healthy cell antigen
expression) co-culture dish, and tissue contexts. Specifically, we tested how CAR T-cell dose,
CD4*:CD8* CAR T-cell ratio, CAR affinity, and cancer cell antigen expression level affect cancer and/or
healthy cell killing in each context both individually and in combination. Our in silico experiments
qualitatively mimic experimental in vitro cell behaviors, and we subsequently used the model to uncover
new treatment strategies and tested the best performing treatment conditions in an in silico tissue context
to predict outcomes in vivo, uncovering the impacts of differences between dish and tissue spatial

dynamics on treatment outcome. This work sets the foundation for future in silico experiments that use this
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model as a flight simulator for elucidating design rules that may ultimately guide the construction of novel

CAR T-cell therapies for solid tumors.

4.1.2 Workshop training enabled faculty to incorporate social justice context into chemical

engineering course problems

Through development and facilitation of a workshop, chemical engineering faculty were supported through
development of course homework problems that incorporated anti-racism, diversity, equity, and inclusion
(ARDEI) and social justice context. This work addresses the common lack of connection between chemical
engineering curriculum and how engineering decisions differentially impact various communities,
specifically marginalized communities. The workshop proved an effect method of giving faculty the
confidence and tools necessary to write and deploy ARDEI-context questions in their courses. Additionally,
student reported the benefits of engaging with these questions, including increasing their awareness of the
connection between engineering decisions and the impact on marginalized communities and increasing
their desire to make change in their field. Overall, this workshop provides a starting point for a low-cost,
low-barrier, and scalable way to empower faculty to integrate social justice into their courses, enhancing

student engagement, inclusion, and critical thinking surrounding these issues.

4.2 Future Work

4.2.1 CARCADE facilitates exploring context-specific or novel CAR T-cell design strategies

4.2.1.1 CARCADE enables investigating CAR T-cell treatment strategies in heterogenous tumor

contexts

CAR T-cells exclusively target tumor cell-surface antigens [4]. Due to a lack of unique tumor antigens, CARs
must often target antigens more highly expressed on tumor cells than healthy cells [116]. Studies found
that low antigen affinity CARs successfully target tumors that overexpress the desired antigen while
minimizing off-tumor effects on healthy cells with low antigen levels [22-24]. However, tumor antigen

expression heterogeneity could enable tumor variant escape through survival of low antigen density or
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antigen-absent tumor populations [22,160]. Increased understanding of this tradeoff would aid in designing

future CARs with increased efficacy and safety.

While the current work utilizes CARCADE to explore CAR T-cell treatment strategies in homogenous tumor
contexts, the model could be used to elucidate CAR T-cell treatment strategies in heterogenous solid
tumors to determine the tumor propensity to escape, therapeutic efficacy, and severity of off-tumor effects
as a function of CAR-antigen affinity in a variety of tumor makeups. Tumor heterogeneity could be intra- or
inter-population. Intra-population heterogeneity, such as the heterogeneity between cells of the same
population that dictate differences in protein levels, would entail simulating a single population where
parameter values at the sub-cell level are picked from a distribution rather than are identical as in the current
work [56]. Inter-population heterogeneity, such as heterogeneity between two distinct populations of cancer
cells within the same tumor, would entail simulating multiple populations with varying features [56]. These
varied features could be antigen expression levels or parameter values for features paralleling known
hallmarks of cancerous populations, such as increased metabolic preference for glycolysis or increased

tolerance to crowding [56].

To begin this work, one might begin by taking a select few of the effective treatments found from the realistic
co-culture dish context that were tested in the tissue context in the work presented in Chapter 2 and
simulating how treatment efficacy of these conditions might change as a function of varying tumor
heterogeneity at the cell, subpopulation, and vasculature level. Specifically, for the cell level heterogeneity,
varying population heterogeneity parameter (where the value, in the form of a fraction, dictates the spread
of the distribution from which parameters for new cells are drawn) for cancer and healthy cells would enable
exploration of these treatments in tumors with varying and different levels of heterogeneity between and
within cell populations. This experimental setup could entail testing each treatment condition (with already
set CAR T-cell dose, CD4*:CD8" ratio, CAR affinity, and cancer and healthy antigen expression levels) in
every possible combination of varied cancer cell population heterogeneity (values: 10, 20, and 40%) and
healthy cell population heterogeneity (values: 10, 20, and 40%), while setting the CAR T-cell population
heterogeneity to a low level (value: 10%) and keeping the vasculature consistent setup S22 as used in the

paper in Chapter 2, and vasculature seed 0 throughout all simulations, including replicates even if
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simulation seed varies, so vasculature is identical in all simulations). This would enable isolating the effect
of cell population level heterogeneity, and differences in cancer versus healthy cell population heterogeneity
affect treatment outcome for a range of treatments. For the population-level heterogeneity, as previously
mentioned it would be useful to simulate tumors with multiple cancer populations each expressing a
different amount of antigen. This experimental setup could entail testing each treatment condition in
simulations with two cancer populations where the first population expresses the antigen level from the
original condition and the second population expresses either half the quantity or the same low level of
antigens as the healthy cell population (value: 100 antigens/cell), where each option for the second cancer
population can be tested separately. In these simulations, the heterogeneity level of the cancer, healthy,
and CAR T-cell populations is set to a low level (value: 10%) to capture the idea that no populations exist
without any heterogeneity, and the vasculature would be kept consistent (setup S22 as used in the paper in
Chapter 2, and vasculature seed 0 throughout all simulations, including replicates even if simulation seed
varies, so vasculature is identical in all simulations) to isolate the effect of having multiple, distinct tumor
populations with varied level of antigen expression and understand how multiple populations might impact
tumor escape. Finally, for the vasculature-level heterogeneity, varying the vasculature structure would
enable understanding of how treatment efficacy is affected by vasculature features such as density and
location relative to the tumor core. For varying the vasculature structure, the treatment conditions of interest
could be simulated in three different vasculature setups, including the setup used in Chapter 2 (S22) as well
as two additional ones used by Yu. et. al. (L11 and S+1) [49]. For each simulation, including across replicates,
the vasculature seed would be kept consistent (vasculature seed 0 throughout all simulations, including
replicates even if simulation seed varies, so vasculature is identical in all simulations for a given vasculature
setup) and the heterogeneity level of the cancer, healthy, and CAR T-cell populations is set to a low level
(value: 10%). Each of these proposed computational experiments could be conducted using CARCADE
and would enable interrogating how CAR T-cell treatment efficacy is influenced by heterogeneity that is
innate to clinical contexts and between patients. Additionally, the proposed work here focuses on effective
treatments, but it would be interested to extend this to treatments considered neutral or ineffective in the
co-culture context to determine if the treatment robustness to heterogeneity is a function of treatment

efficacy.
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4.2.1.2 CARCADE enables investigating therapeutic benefits of tuning CAR T-cell metabolism

Currently, the relationship between design choices and underlying CAR T-cell metabolism that guides
behaviors is poorly understood. T-cell metabolism plays a critical role in dictating differentiation, effector
and persistence dynamics, and function efficacy [36-40]. Effector T-cells, like cancer cells, exhibit the
Warburg effect, meaning they increase glucose uptake [38-40,97,101] and favor glycolysis [36,38-40] over
mitochondrial metabolism [36,39]. Meanwhile, inactivated and memory T-cells preferentially make energy
through oxidative phosphorylation (OXPHOS) and fatty acid oxidation (FAQO) [36-40,97]. CAR T-cell design
choices that affect effector and persistence dynamics are likely tightly intertwined with cell metabolism. For
example, CARs with different ICDs, such as CD28 and 4-1BB, confer differing effector and persistence
dynamics [33-35]. Studies suggest that 4-1BB CAR T-cells increase mitochondrial mass and upregulate
genes involved in the electron transport chain and FAQ, resulting in enhanced survival and memory [34,36].
This metabolic shift and resulting behaviors parallel those of memory T-cells. Conversely, CD28 naturally
upregulates glycolysis and glucose uptake by increasing Glut1 expression [101], which could explain
increased effector function and glycolytic metabolism in CD28 CAR T-cells [34]. Deliberately engineering

CAR T-cell metabolism to confer desired behaviors could greatly enhance solid-tumor CAR T-cell efficacy.

Agent-based models uniquely offer a platform to explore how altering cell-level metabolism affects
population-level behaviors and treatment outcomes. Since CARCADE explicitly models each agent’s
metabolism, it is feasible to change one aspect of the metabolism module across all individual CAR T-cell
agents and measure changes in population dynamics. It is particularly relevant to change parameters that
can be realistically and directly altered in vitro, such as the glucose uptake rate that serves as a proxy for
Glut1 expression. However, changing in silico parameters that can be indirectly altered or that are
unalterable experimentally still provides biological insight. Overall, varying CAR T-cell metabolism in silico

will elucidate emergent phenomena and inform future designs.

4.2.1.3 CARCADE can be integrated with wet-lab experiments to facilitate model-guided design

While the proposed future work above primarily involves using the model in isolation to answer questions

related to CAR T-cell treatment contexts and design, in the long term, CARCADE can be integrated and
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iteratively enhanced using experimental data to provide specific, model-guided experimental and CAR T-
cell design. For example, the Leonard lab is beginning to investigate CAR T-cell engineering in the wet-lab,
which was not underway during my time in graduate school. These experiments could be used, in tandem
with the lab’s Keyence BZ-x800 microscope that can enable collecting cell spatial dynamics over time, to
fine-tune the parameters in CARCADE to specific contexts of interest in the lab. This might entail tuning the
heuristic guiding CAR-antigen binding, the CAR affinity itself to the specific value associated with the CAR
used, or the cancer and healthy cell antigen expression levels to the specific cell lines of interest. After
tuning, the model could then be used to help inform experimental design and identify experiments of
interest. For example, the model could inform optimal CD4*:CD8" T-cell ratios, CAR affinities, effector to
target (E:T) ratios, or timing of experimental perturbations or stages. This iterative cycle between model
refinement and experimental design has become core to tool development and understanding in the
Leonard lab, but to date this cycle centers on the use of ordinary differential equation models. By bringing
CAR T-cells into the wet lab, the model can become part of this iterative cycle. Other labs could similarly
integrate experiments or clinical data to fine-tune the model or adapt the model to specific CAR-tumor
contexts, as the current model is generalizable and was built from observations across many CAR studies.
Overall, collaboration between wet-lab experiments and computational modeling could not only enhance
the model, but subsequently enable the model to guide experimental design and enhance and expedite

design-build-test cycles.

Additionally, the same principles used to design CARCADE to incorporate CAR T-cell modeling into
ARCADE, could be used to eventually incorporate other synthetic biology tools into the model to explore
the design space of other synthetic systems beyond CAR T-cells. Some of these tools include those key to
the Leonard lab, such as the Composable Mammalian Elements of Transcription (COMET) [161] and the
Modular Extracellular Sensor Architecture (MESA) [162-164], as well as those in the field more broadly,
such as Synthetic Notch (SynNotch) receptors [163]. This integration and further model adaptation would
enable similar, expedited investigation of how these synthetic tools behave in various contexts, such as
varying cell types, spatial patterning, microenvironment conditions. Given that the Leonard lab has

extensively modeled COMET and MESA systems [161,165,166], these models could be adapted into
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subcellular modules for agents that guide agent rules and interactions. CARCADE serves as an example
of how synthetic biology tools can be integrated into agent-based models, integrating experimental
understanding with computational frameworks to map the design space of these synthetic systems.
Eventually, these models may help enhance our understanding of or guide synthetic system genetic

construct design, gene expression tuning, tool performance metrics or needs, and feedback control.

4.2.2 Further data collection on student and faculty engagement with ARDEI-context questions will

facilitate continued integration of social justice context into chemical engineering courses

4.2.2.1 Interviewing faculty will further support question development and workshop facilitation at

other institutions

While this workshop was successful at this institution, we hope to provide enough resources to motivate
and support implementation of the workshop at additional institutions or learning spaces. Interviewing
faculty on the process of engaging with the workshop and developing their ARDEI-context questions or
lectures would support faculty at other institutions through the same process. We are in the process of
interviewing faculty who participated in the workshop, and for some, who have deployed their ARDEI-
context questions or lectures for inclusion into the manuscript prior to publication. These interviews will help
elucidate the process, challenges faced, and resources used by faculty in the question development
process and faculty perceptions of student responses in the question deployment process. These interviews
will help encourage and support faculty who have yet to undergo this work by providing insight and solutions

to challenges faced along the way.

4.2.2.2 Collecting additional student surveys will enable tailoring questions to course context

In addition to the data collected and presented in this work, collecting student surveys from additional core
or elective courses that implement ARDEI-context questions would help increase the sample size and get
broader student perspectives on this topic. At present, the relatively small sample size of student responses
per course necessitated analyzing the data collectively, combining student responses across course
makeup (undergraduate, graduate, and mixed populations) and context (core vs elective) and prohibiting

meaningful results from analyzing courses in isolation. While we are in the process of collecting data from
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students taking courses in Spring 2022 for publication of the manuscript, small course numbers and sizes
will still limit larger analysis. If sufficient data were collected, comparing the data between student
populations in undergraduate, graduate, or mixed courses could reveal different needs, approaches, or
benefits to integrating ARDEI-context in courses for these populations. Further extending this, if additional
universities participated in implementing this workshop, deploying ARDEI-context questions, and surveying
students, student responses from students at each undergraduate level (e.g., freshmen, sophomores,
juniors, and seniors) could be compared to determine differences in and types of engagement with these
questions. Similarly, student responses from core and elective courses could be compared to determine if
populations in elective courses are predisposed to engage with these questions more positively, particularly
for courses that are inherently related to social justice concerning topics such as sustainability or global
health. Overall, a larger sample size could enable more in-depth analysis across varying courses or student

populations to further refine these ARDEI-context questions in accordance with student needs.

4.2.2.3 Adapting ARDEI-context questions and deployment based on students’ survey responses

would enhance the student learning experience

Since this study was run over the course of a single year, faculty were not able to use the feedback from
students to enhance future versions of the ARDEI-context question. If this study were extended to future
years, faculty could adapt their questions based on student feedback and determine if student outcomes
increase over time. Additionally, while we conveyed overall student sentiments (i.e. largely students
requesting a full lecture on the content or more frequent ARDEI-context questions) to faculty teaching each
quarter based on updated data, we did not have a large enough sample size to compare student responses
between quarters or between deployment strategies (i.e. question only vs full lecture). Future data analysis
might collect sufficient data to determine if students who received ARDEI-context lectures, rather than just

questions, report increased positive outcomes from engaging with the content.
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4.2.2.4 Implementation of this workshop at additional institutions or learning spaces would expand

the integration of ARDEI-context into chemical engineering courses

This study is limited in that it highlights a case study of deploying this workshop and these ARDEI-context
questions at a single, private research-focused institution with a body of faculty who are largely supportive
of DEI work. The true test of scalability of this resource and its benefits to students and faculty necessitates
facilitating this workshop to faculty outside of this institution, whether by the current facilitators or by others
who can use the resources outlined in this work. In accordance with the goal of spreading this work to the
larger chemical engineering education community, we are presenting this workshop at the ASEE/AIChE
Chemical Engineering Summer School for new faculty in Summer 2022. It would be interesting to
subsequently (i) share the questions generated by workshop participants amongst each other to create a
community-wide question bank for use in chemical engineering courses across the world and (ii) survey
students who engage with these questions to see if results at the present institution hold at other institutions.
Additionally, we intend to publish this work to serve as a resource for faculty at other institutions who may
wish to hold this workshop, pairing with this publication a full repository of all the resources developed for
the asynchronous pre-work and any resources necessary to analyze student responses to the questions.
We hope that free access to these resources and public modeling of this workshop to other chemical
engineering educators will help expand integration of ARDEI and social justice principles into chemical

engineering curricula, making this a regular part of faculty and student learning and engagement.

4.3 Perspectives

4.3.1 CARCADE provides a novel tool for exploring CAR T-cell design strategies

While agent-based models have been used in other contexts, including tumor and native immune system
modeling [45,56,58], CARCADE is the first agent-based model to incorporate CAR T-cell agents, thus
enabling systematically and efficiently mapping the CAR T-cell design space in various tumor contests. The
work presented here serves to justify and explain model development choices and show what insights could
be gained from a generalized model that is not tuned to a specific CAR-tumor system. Maximizing the

insights this model could provide may require close collaboration between experimentalists, clinicians, and
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computationalists to tune or extend CARCADE to represent specific contexts of interest. Thus, there exist
many exciting opportunities for future collaborations with the goal of extending this tool for system-specific
insights, patient-specific treatment exploration, or expediting the design-build-test cycle of novel treatment
strategies. Ideally and with sufficient tuning, CARCADE will help lower the labor, time, and resource costs
of CAR T-cell therapy design. Down the line, it is my hope that expediting this design-build-test cycle could
reduce the cost of CAR T-cell therapy treatment, making the treatment more equitable and accessible.
While this is not possible with the model alone, as this is also largely a function of insurance and healthcare
inequities, | hope that CARCADE can play some small role in achieving this goal, as engineers at every
stage of health-application focused research should be consistently striving to make engineering decisions

that reduce these inequities.

4.3.2 Integrating social justice context into chemical engineering course homework questions

provides a starting point from which further curriculum-level changes can begin

While several engineering educators have made significant strides in integrating social justice into their own
chemical engineering courses and curricula, many faculty remain unsure of how to approach this daunting
and sensitive topic. We hope that by developing, implementing, and sharing this workshop on how to
integrate ARDEI and social justice context into course questions, engineering faculty will feel empowered
and confident in using this as a starting point to this integration. However, question integration alone is not
sufficient to sufficiently address and interrogate the past, present, and future connections between
engineering decisions and the differential impact on diverse, and particularly marginalized, communities.
Recognizing and preventing future harm to marginalized communities requires consistent and frequent
critical thought on not only how the designed solution affects people with different identities, experience,
and access but also how the problem itself is defined, centering diverse voices and affected communities
in these processes. We hope that wide-spread implementation of this workshop will help empower faculty
not only to integrate these contextualized questions into their course, but to view this as the beginning of a
process to reframing entire courses. This reframing will take time and will rely on the work of many important

and radical scholars who came before us, but we hope this workshop can play some small role in enabling
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faculty to intertwine chemical engineering and social justice principles and facilitating student growth,

engagement, inclusion, and learning.
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Appendices

A  Supplementary Information for Chapter 2

A.1  Supplementary Data

SUPPLEMENTARY DATA A.1. Simulated monoculture dish setup files. Compressed (.zip) files
containing .xml files needed to create untreated and treated monoculture dish simulations. Files

correspond to those in Supplementary Table A.4.

SUPPLEMENTARY DATA A.2. Simulated co-culture dish setup files. Compressed (.zip) files
containing .xml files needed to create untreated and treated co-culture dish simulations. Files correspond

to those in Supplementary Table A.5.

SUPPLEMENTARY DATA A.3. Simulated monoculture dish setup files with expanded CAR T-cell
doses (E:T ratios). Compressed (.zip) files containing .xml files needed to create untreated and treated

monoculture dish simulations with expanded CAR T-cell dose range.

SUPPLEMENTARY DATA A.4. Simulated monoculture dish setup files with expanded CD4*:CD8*
ratios. Compressed (.zip) files containing .xml files needed to create untreated and treated monoculture

dish simulations with expanded CD4*:CD8"* ratios.

SUPPLEMENTARY DATA A.5. Normalized antigen and percent lysis from cited papers shown in
Figure 2.2B. This document (.xIsx) details estimated antigen and lysis data from the cited papers as well
as the calculations and values of the normalized antigen and percent lysis for each paper. The figure from
the paper where information was drawn and notes about the experimental context are noted for each

reference.

SUPPLEMENTARY DATA A.6. Simulated tissue setup files. Compressed (.zip) files containing .xml
files needed to create untreated and treated tissue simulations and corresponding graph simulations.

Files correspond to those in Supplementary Table A.8.
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A.2 Supplementary Notes

A.2.1 Supplementary Note A.1

Here we provide additional rationale as to how the range of ratios of CD4*:CD8" CAR T-cells was selected
following initial investigation in Figure 2.2 and Supplementary Figure A.3. In these studies, expanding the
range of tested CD4":CD8" ratios to include 90:10 and 10:90 in monoculture and co-culture, these more
extreme ratio cases further validate trends observed in the originally tested set (Supplementary Figure
A.4). The 90:10 ratio behaves in a way that is intermediate between the 75:25 and the 100:0 ratios, and
the 10:90 ratio behaves similarly to the 25:75 ratio for trends across cell dynamics and killing
(Supplementary Figure A.4A-B), IL-2 production (Supplementary Figure A.4C-D), and the holistic
datasets (Supplementary Figure A.4E-F). The strong similarity in treatment efficacy between the 25:75
and the 10:90 ratio cases in dish indicates that they may perform similarly in tissue. The choice of which
strategy to pursue in vitro or in vivo may eventually be guided by cost or feasibility with respect to CD4* and

CD8* acquisition and culturing.
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A.3 Supplementary Figures and Tables

A.3.1 Supplementary Figures
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SUPPLEMENTARY FIGURE A.1. CAR T-cell state diagram flow chart. This flowchart outlines the rules
governing CAR T-cell state transitions as a function of current cell state at each tick of the simulation. Black
boxes indicate actions and white boxes indicate checks cells perform to change state. Some state
transitions occur with probability, as indicated in the legend. Each agent first increases their age and then
compares their age to their defined lifespan. If it is older than the lifespan, then the cell will become apoptotic
with a given probability, and this probability increases with the age difference above the lifespan. Next, the
metabolism module determines cell nutrient uptake and energy level. CAR T-cells that are nutrient starved
become apoptotic. Those with low energy, but not below the starvation threshold, become starved until they
can recover this energy or die. CAR T-cell agents then step their inflammation modules to determine how
much IL-2 in the environment they’ve bound to, which has downstream effects on their metabolism and
effector functions. Cells then either commit to a new cell state based on their surroundings or remain in the
cell state that they are already committed to until their action is completed or they die. Cells in uncommitted
or paused states will assess their surroundings and calculate the probability with which they bind to a
neighboring tissue cell, giving the possibility of becoming activated (stimulatory or cytotoxic depending on
cell type), dysfunctional (exhausted or anergic), or failing to bind and thus either migrating or proliferating.
Each state is described in more detail in the Supplementary Methods Details.
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SUPPLEMENTARY FIGURE A.2. Binding probability heuristic function simulations. Binding
probability heuristic function simulations for (A) binding and killing when CAR T-cells binding to target cell
where CAR affinity is reported in units of M and (B) probability of CAR T-cell binding to self-ligands on
cancer cell surface where CAR T-cell surface ligands and self-ligand are reported in units of ligands/cell.
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SUPPLEMENTARY FIGURE A.3. Impact of individual CAR T-cell and tumor features on cell
dynamics in an ideal and realistic co-culture dish. Cell counts over time for (A) ideal and (B) realistic
co-cultures. Each column shows the axis being changed, where all other features are held constant at
indicated intermediate value (indicated by asterisk, CAR T-cell dose-500 CAR T-cells, CD4":CD8" ratio—
50:50, CAR affinity—107 M, cancer antigens—1000 antigens/cell) while rows show the cell type being plotted.
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The solid lines represent total cell counts (total), while dashed lines represent live cell counts (live, excludes
necrotic and apoptotic states).
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SUPPLEMENTARY FIGURE A.4. Increasing the effector-to-target (E:T) ratio results in increased and
accelerated cancer cell killing. (A) Cancer cell counts over time colored by CAR T-cell dose with all other
features set to moderate (indicated by asterisk, CD4*:CD8" ratio—50:50, CAR affinity—107 M, cancer
antigens—1000 antigens/cell) or aggressive (indicated by carrot, CD4*:CD8" ratio—25:75, CAR affinity—10-°
M, cancer antigens—10000) values. (B) Heatmap reports values for each feature; the corresponding line
plot shows normalized live cancer cell count (N,) sorted from highest (left) to lowest (right). The dashed
line indicates a value of 1, meaning no net change due to treatment. Values of N above 1 indicate growth
and values below 1 indicate net killing. Legend is consistent with panel A.
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SUPPLEMENTARY FIGURE A.5. Treatment outcomes for additional edge case CD4":CD8* ratio
conditions in monoculture and co-culture. (A) Cell counts over time of untreated (black) and treated
conditions (graded hues) holding all but CD4*:CD8" ratio constant at an intermediate value (indicated by
asterisk, CAR T-cell dose-500 CAR T-cells, CAR affinity—107 M, cancer antigens—1000 antigens/cell) in
monoculture. Each row shows the cell type being plotted. The solid lines represent total cell counts (total),
while dashed lines represent live cell counts (live, excludes necrotic and apoptotic states). Legend is
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consistent with panel C. (B) Scatter plots of normalized live cancer cell count (N, x-axis) vs normalized live
healthy cell count (Ny, y-axis) for untreated (black) and treated conditions (graded hues) holding all but
CD4*:.CD8* ratio constant at an intermediate value. Data are separated by ideal and realistic co-culture
context. Legend is consistent with panel C. (C) IL-2 and glucose concentrations over time holding all but
CD4*:CD8* ratio constant at an intermediate value in monoculture. (D) Parity plot of IL-2 concentration at t
=7 d for all conditions in realistic (y-axis) vs ideal (x-axis) co-culture contexts colored by CD4*:CD8" ratio.
(E) Heatmap showing values for each feature with line plots showing normalized live cancer cell count (N)
sorted from highest (left) to lowest (right). The dashed indicates value of 1, meaning no net change due to
treatment. Values of N, above 1 indicates growth and below 1 indicates net killing. Legend is consistent
with panel C. (F) Heatmap showing values for each feature with line plots showing normalized live cancer
and healthy cell count (N, and Ny, respectively) (dashed line indicates value of 1) and the difference in
normalized live healthy and cancer cell counts (N; — N,) for each realistic co-culture simulation individually
(dashed line indicates value of 0). The heatmap has been sorted from lowest (left) to highest (right)
difference. All the metrics shown were calculated at final time point (t = 7 d). Legend is consistent with panel
C.
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SUPPLEMENTARY FIGURE A.6. Impact of individual CAR T-cell and tumor features on cancer and
CAR T-cell volume and cell cycle distributions over time in monoculture. (A) Volume and cell cycle
length distributions for cancer cells when changing CAR affinity. Volume and cell cycle length distributions
for cancer and CAR T-cell populations when changing (B) CAR T-cell dose, (C) CD4*:CD8"* ratio, and (D)
cancer antigens. Legend for all is consistent with panel A. When one feature is changing, all other features
are held constant at indicated intermediate value (indicated by asterisk, CAR T-cell dose-500 CAR T-cells,
CD4*:CD8* ratio—50:50, CAR affinity—10-" M, cancer antigens—1000 antigens/cell). Each column shows the
cell type being plotted, while rows show the distribution being plotted. Within each distribution, data are
shown att =4 d (filled) and t = 7 d (outline).
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SUPPLEMENTARY FIGURE A.7. Impact of changing healthy cell antigen expression on cell volume
and cell cycle distributions in co-culture. All features are held constant at indicated intermediate value
(indicated by asterisk, CAR T-cell dose-500 CAR T-cells, CD4*:CD8" ratio—50:50, CAR affinity—10" M,
cancer antigens—1000 antigens/cell). Healthy antigens shown in units of antigens/cell. Each column shows
the cell type being plotted, while rows show the distribution being plotted. Within each distribution, data are
shown att =4 d (filled) and t = 7 d (outline).
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SUPPLEMENTARY FIGURE A.8. Impact of changing healthy cell antigen expression on cell states
in co-culture. All features are held constant at indicated intermediate value (indicated by asterisk, CAR T-
cell dose-500 CAR T-cells, CD4*:CD8" ratio—50:50, CAR affinity—10" M, cancer antigens—1000
antigens/cell). Healthy antigens reported in units of antigens/cell. Each column shows the cell type being
plotted, while rows show the cell state fraction being plotted.
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SUPPLEMENTARY FIGURE A.9. Impact of changing CAR T-cell and tumor features on IL-2 and
glucose concentrations in monoculture. (A) IL-2 and (B) glucose concentrations over time as each
specified feature is varied. Each column shows the axis being changed, where all other features are held
constant at indicated intermediate value (indicated by asterisk, CAR T-cell dose-500, CD4*:CD8" ratio—
50:50, CAR affinity—107 M, cancer antigens—1000 antigens/cell), while rows show the environmental

species being plotted.
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SUPPLEMENTARY FIGURE A.10. Impact of changing CAR T-cell and tumor features on IL-2 and
glucose concentrations in co-culture. (A) IL-2 and (B) glucose concentrations over time as each
specified feature is varied. Each column shows the co-culture context, while rows show the axis being
changed, where all other features are held constant at indicated intermediate value (indicated by asterisk,
CAR T-cell dose-500 CAR T-cells, CD4*:CD8" ratio—50:50, CAR affinity—107 M, cancer antigens—1000
antigens/cell).
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SUPPLEMENTARY FIGURE A.11. Impact of changing CAR affinity cell states over time in
monoculture. All other features are held constant at indicated intermediate value (indicated by asterisk,
CAR T-cell dose-500 CAR T-cells, CD4*:CD8" ratio—50:50, cancer antigens—1000 antigens/cell). CAR
affinity reported in units of M. Each column shows the cell type being plotted, while rows show the cell state
fraction being plotted.
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SUPPLEMENTARY FIGURE A.12. Dynamic and spatial outcomes for selected promising treatment
combinations in tissue. Normalized live cell counts over time of untreated (black) and treated conditions
(graded hues), normalized to live cell count at start of treatment (t = 21 d), for all simulations, colored by
CAR T-cell dose reported in units of CAR T-cells, CD4*:CD8" ratio, and CAR affinity reported in units of M.
Note: not all combinations of features were simulated, see Supplementary Table 6 for combinations
tested.
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SUPPLMENTAL FIGURE A.13. Spatial dynamics for each cell type in realistic co-culture. Normalized
live cell counts over time (t = 0, 1, 4, and 7 d shown) for untreated (black) and treated conditions (graded
hues), normalized to locations per radius, for all simulations. Data are colored by cancer antigens while all
other features are held constant at indicated intermediate value (indicated by asterisk, CAR T-cell dose—
500 CAR T-cells, CD4*:CD8" ratio—50:50, CAR affinity—107 M). Cancer antigens reported in units of
antigens/cell. The columns indicate the timepoint in the simulation (day), while the rows indicate cell type
plotted, and the x-axis for each plot shows the distance from the center.
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SUPPLEMENTARY FIGURE A.14. CAR T-cells that share locations with cancer cells show similar
dynamics in realistic co-culture dish and tissue. CAR T-cell state fractions for CAR T-cells that share
a location with at least one cancer cell in selected effective treatment conditions in both (A) realistic co-
culture dish and (B) tissue (after treatment start) over time. Colors represent varying cancer antigen
levels, which are reported in units of antigens/cell. Each column shows the cell type being plotted, while
rows show the cell state fraction being plotted. Note: not all combinations of features were simulated, see
Supplementary Table 6 for combinations tested. Also note the difference in axes scales for the exhausted
and anergic states, which were used for increased visibility of these state fractions.
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SUPPLEMENTARY TABLE A.1. CARCADE parameter names, descriptions, values, and

sources/derivations.

Parameter Code Value Citation/Derivation
IL-2 Diffusivity in DIFFUSIVITY IL2 10.0um?s 1 x 107 cm?/s [50]
Blood

36,000 um?/hr [106]

Both convert to 10 um?/s
Initial IL-2 CONCENTRATION IL2 0 Assumption
Concentration molecules/

cm?

Maximum MAX DAMAGE SEED 1e7 Arbitrarily high value such that CAR T-
damage value at (unitless) cells can spawn at any vasculature point
which T-cells can
spawn next to in
source or pattern
source
Minimum radius MIN RADIUS SEED 2 um Minimum diameter of vasculature edge
value at which T- is 4 um in ARCADE [49] s0 2 um is
cells can spawn minimum that the radius will ever be, so
next to in graph at this value CAR T-cells can spawn
source everywhere
CAR T-cell life DEATH AGE AVG T 6 weeks 6 weeks [118]
span average 60480 min
CAR T-cell T CELL AGE MIN 0 min Assumption
minimum age
when T-cells are
spawned
CAR T-cell T CELL_AGE_MIN 1 week Assumption
maximum age 10080 min
when T-cells are
spawned
T-cell DNA SYNTHESIS TIME T 360 min Same as tissue cell DNA synthesis time
synthesis time 6 h chosen in ARCADE [56]
distribution
average T-cell division time has been found to

have a wide range of reported values,
including 2 h [107]; 4-6 h [109]; and 13.4
+/- 5.4 and 14.3 +/- 4.4 h, but also slow
cell cycle times of 24 h or can also be as
low or less than as 600 min (10 h) [114]

Additionally, a range of other values
have been calculated by other models,



T-cell DNA
synthesis time
distribution range

Duration a CAR
T-cell stays
bound to a cell
upon binding to
antigen
distribution
average

Duration a CAR
T-cell stays
bound to a cell
upon binding to
antigen
distribution range

CAR T-cell
volume average

CAR T-cell
volume range

Energy
requirement of
an activated
CAR T-cell to
perform effector
functions after
antigen-induced
activation

Increase in
fraction of
glucose used in
cell mass
production due to
antigen-induced
activation

Maximum
increase in

SYNTHESIS TIME T RANGE 0 min

BOUND_ TIME

BOUND TIME RANGE

T CELL VOL_AVG

T CELL_VOL RANGE

ACTIVE ENERGY

FRAC MASS ACTIVE

META PREF IL2

360 min
6 h

0 min

175 um?®

10.0 um3

0.002 fmol
ATP/um?
cell/min

0.25
(unitless)

0.1
(unitless)
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such as 8 h for CD8%s and 11 h for
CD4*s [102] and being capable of 4-5
divisions in 99 h with high IL-2
saturation giving 19-24 h per division
[103]; or used in other models, such as
8 h [30]

Same as tissue cell DNA synthesis time
chosen in ARCADE [56]

Assumption, chose 1/3™ of apoptosis
time of cancer cells as dictated by
ARCADE [56]

Assumption

~140 fL (noting that activated T cells are
larger) [105]

206 +/- 14.4 fI [98]

Approximate average between two
sources (fl = um?®)

~10% of T-cell volume (similar approach
as tissue cell volume range in
ARCADE)[56]

Estimated

Estimated; evidence of parameter
existence [108]

Estimated; original parameter
META PREF in ARCADE [56]



overall metabolic
preference for
glycolysis due to
IL-2 feedback

Increase in
overall metabolic
preference for
glycolysis due to
antigen-induced
activation

META PREF ACTIVE

Maximum
increase in CAR
T-cell glucose
uptake rate due
to impact of IL-2
on metabolism

Increase in CAR GLUC_UPTAKE_RATE_ACTIV

T-cell glucose E
uptake rate due

to antigen-

induced

activation

Time required for META SWITCH DELAY
CAR T-cell to

sustain antigen-

induced

activation before

switching

increasing

metabolic

preference

(represents time

GLUC_UPTAKE RATE IL2

0.3
(unitless)

0.56 fmol
glucose/
um?
cell/min/M
glucose

3.78 fmol
glucose/
um?
cell/min/M
glucose

60 min
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Estimated; original parameter
META_PREF in ARCADE [56]

Estimated; half of basal
GLUCOSE_UPTAKE_RATE as defined
by ARCADE [56]

~5-fold increase in glucose uptake rate
in activated T-cells (used 4.375-fold
because Figure 3A of reference looks
like it goes from 400 before activation
and 1750 after) [101]

10-fold increase in glucose uptake rate
in activated T-cells [105]

Used first reference and original value of
GLUCOSE_UPTAKE_RATE (1.12) to
calculate full fold increase (which
includes impact of antigen-induced
activation and IL-2):

1.12 x 4.375 = 4.9 fmol glucose/um?
cell/min/M glucose

Subtract from total the increase from IL-
2 independently to calculate increase
from antigen-induced activation
independently:

4.9 mol glucose/um? cell/min/M glucose
— 0.56 fmol glucose/um? cell/min/M
glucose = 3.78 fmol glucose/um?
cell/min/M glucose

Estimated; source noted “metabolic
changes in T cells after activation occur
extremely rapidly, as changes in calcium
flux and lactate production can be
observed only minutes after ligand
binding” [109]



delay in protein
production to
alter metabolism)

Distance above a SHELL THICKNESS
cell that cells can

sense molecules

and proteins

Total IL-2
receptors per
CAR T-cell
(same both
before and after
IL-2Ra, as this is
not limiting
receptor part)

IL2 RECEPTORS

IL-2 binding rate IL2_BINDING_ON_RATE MI

to IL-2RByc N
complex (Kon)

IL-2 binding rate IL2 BINDING ON RATE MA

to IL-2RByca X
complex (Kon)

Binding off rate
of IL-2 to IL-
2RByc complex
and IL-2RByca
complex (Koff)

IL2 BINDING OFF RATE

Rate of
conversion of IL-
2Rpyc two-chain
complex to IL-
2RByca,
independent of if

K CONVERT

2.um

2x103
receptors/
cell

3.8193 x
102um?
molecules™
min~’!

3.155 um?®
molecules™’
min’

0.015 min™

1x103 s
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(119]

Reference pg. 30, 1993 [99]

2.3 x 107 M"'min’
Reference pg. 30, 1993 [99]

2.3x10"M"'min' =2.3 x 10" L mol"" min-
1=2.3 x 102 um? mol"* min~*

Divide by Avogadro’s number to get
from moles to molecules:
2.3x10%2um?® mol"" min' / 6.022 x10%2
molecules mol' = 0.038193 um?
molecules™ min™!

1.9 x 10° M "min"’
Reference pg. 30, 1993 [99]

111.6 nM'h"" (1.86 x 10° M-'min"") [106

1.9x 10°M'min”" = 1.9 x 10°L mol"' min-
1=1.9 x 102 um?® mol-* min™’

Divide by Avogadro’s number to get
from moles to molecules:

1.9 x 10%* um® mol"' min-!

/6.022 x10%? molecules mol' = 3.115
um?® molecules™ min’

0.015 min™! for heavy chain; 0.014 min™'
for heterodimer
Reference pg. 30, 1993 [99]

0.83 hr' (0.01388 min™") [106]

Estimated



IL-2 bound to
receptor complex
(parameter found
within
Inflammation
module class)

Rate of recycling K_REC

of any IL-2R
complexes
bound to IL-2 or
IL-2RByca
complex back to
IL-2RByc
(parameter found
within
Inflammation
module class)

Maximum
production rate
of IL-2 by CD4*
CAR T-cells due
to IL-2 feedback

Maximum
production rate
of IL-2 by CD4*
T-cells due to
antigen-induced
activation

Maximum
production rate
of IL-2 by CD4*
CAR T-cells due
to antigen-
induced
activation and IL-
2 feedback

IL2_PROD RATE IL2

IL2 PROD RATE ACTIVE

Not a formal
parameter; more for
reference/note

1x105 s

16.62
molecules
IL-
2/cell/min

293.27
molecules
IL-
2/cell/min

N/A
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Estimated

1000 molecules/cell-min [106]

4.87 x 107'8 umol/cell-min [106]

4.87 x 1078 umol/cell-min * 1 mol/ 10°
umol * 6.022 x 1028 molecules/mol =
293.27 molecules IL-2/cell/min

Note: production rate is 0 molecules IL-
2/cell/min for inactivated cells [33,105]

10 ng/cell-day

(calculated to be

1.79 fmol IL-2/cell-s

Using IL-2 is 15.5kDa;

winds up being 4.48 x 107" umol/cell-

min) [110]

Estimated 5.6 x 10"'” umol/min-cell
(calculated from 1 ng IL-2/ml produced
by 4.5 x 10° cells in a 48 well plate
assumed to have at most 500 ul in it and
MW of IL2 taken to be 15.5 kDa — but
can be 1-40 ng/ml; this equates to 1.12
x 107'® umol/cm?3-min-cell) (if you add
together 4.87 x 107"® and 2.76 x 10"
you get 5.14 x 10°'7 which is about this)

[33]

Calculated to be 4.87 x 10-'® umol/cell-
min (from 17600 IL-2 molecules/cell-h in
Gong ABM) [50]



Time CAR T-
cells must
sustain antigen
binding to
produce IL-2
mRNA

Time required for GRANZ SYNTHESIS DELAY

CAR T-cells to
maintain bound
contact with
target antigen
before activation
signal induces
granzyme
production

Moles of
granzyme
produced by
CD8* CAR T-
cells per mol IL-2
bound
(parameter found
within
InflammationCD8
module class)

Moles granzyme
required by
CD8* CAR T-
cells to kill target
cell (parameter
found indirectly
KillerCARTHelpe
r helper)

CAR T-cell
division potential

IL2 SYNTHESIS DELAY

GRANZ PER IL2

DIVISION POTENTIAL T

180 min

15 min

0.005 mol
granzyme/
mol IL-2

1 mole

10
divisions/ce
I
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23400 molecules/cell-hr in first 8 h of
antigen stimulation (6.47 x 1076
umol/cell-min) and 6000 molecules/cell-
hr (1.66 x 1078 umol/cell-min) between 8
and 12 h [106] (noting that they
estimated this from another study)

2-4 h [104]
(chose midpoint of 3 h = 180 min)

Estimated

Estimated

Estimated

9 divisions/cell [114]

Average of 7 divisions/cell with range 4-
10 divisons/cell for CD4* T-cells; Range
of 15-19 divisions/cell for CD8* T-
cells[115] (note: used 17 as middle of
15-19 range given for CD8"* T-cells from
provided citation)

8 divisions per T-cell [50]



CAR T-cell
fraction that
becomes
proliferative (as
opposed to
migratory) if not
activated via
antigen-induced
activation

CAR T-cell
fraction that
becomes
exhausted vs
apoptotic

CAR T-cell
fraction that
becomes anergic
vs apoptotic

Maximum
number of cells a
CAR T-cell could
attempt to make
contact with per
time step

Number of times
a CAR T-cell can
bind to a target
before becoming
exhausted

Average number
of CARs on a
CAR T-cell’'s
surface

Average number
of CAR antigens
on a healthy
tissue cell

Average number
of CAR antigens
on a cancerous
tissue cell
(Should be
higher on cancer

PROLI FRAC 0.5
(unitless)

EXHAU FRAC 0.5
(unitless)

ANERG_FRAC 0.5
(unitless)

SEARCH ABILITY 1 cell

MAX ANTIGEN BINDING 10 binding
events

CARS 50000
receptors/c
ell

CAR ANTIGENS HEALTHY 100
antigens/ce
Il

CAR_ANTIGENS CANCER 1000
antigens/ce

120

Average of 9,7, 17, and 8 = 10.25,
rounded down to 10

Estimated

Estimated

Estimated

Estimated

Estimated

>50000 but varies receptors/cell [116]

Noted that value is the same on both
41BB and CD28 CAR T-cells [120]

minimum of 100 antigens/cell [116]
1000 antigens/cell [24,100,111,116]

10000 (maximum 1 million) antigens/cell

[24,100,111]
1000-7500 antigens/cell [117]

minimum of 100 antigens/cell [116]
1000 antigens/cell [24,100,111,116]

10000 (maximum 1 million) antigens/cell
[24,100,111]
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cells than healthy

cells) 1000-7500 antigens/cell [117]

Average number SELF RECEPTORS 150 surface 150 surface ligands/cell before antigen-
of self-receptors ligands/cell induced activation, 9000 after antigen-
(PD1s) on a CAR induced activation [112]

T-cell

Average number SELF_ TARGETS 3,600 MDA-MB-231 breast cancer cells:

of self-receptors surface 47,700 +/- 2,900 (89.4% PDL1%) [113]
(PDL1s)on a ligands/cell SK-Br-3 breast cancer cells: 2,000 +/-
tissue cell 100 (2.9% PDL1%) [113]

SUM149 breast cancer cells: 3,600 +/-
400 for (8.9% PDL1*) [113]

Affinity of CAR  CAR AFFINITY 1x10"M  Weak = 1000 nmol/L (106 M)

for target antigen [25,26,116]
Strong = 0.1 nmol/L (107'° M)
[25,26,116]

Fitting factor ain CAR ALPHA 3 (unitless) Estimated

CAR binding

function

Fitting factor § in CAR BETA 0.01 Estimated

CAR binding antigens/M

function

Affinity of self- ~ SELF RECEPTOR AFFINITY 7.8x10%  7.8uM (at37°C)[112]

receptor for self M Converted to 7.8 x 10° M
(based on PD1

for PDL1)

Fitting factor a in SELF ALPHA 3 (unitless) Estimated
self-receptor

(PD1) binding

function

Fitting factor § in SELF_BETA 0.02 Estimated
self-receptor antigens/M

(PD1) binding

function

Fraction of cell CONTACT FRAC 0.2 Estimated
surface (unitless)

contacting a
bound cell during
a binding event

(y)




122

SUPPLEMENTARY TABLE A.2. Tuned feature values for monoculture dish simulations.

Modified Features

Simulated Values

Dose of CAR T-Cells (CAR T-cell dose)

CD4*:CD8* CAR T-Cell Ratio (CD4*:CD8"ratio)
CAR-Antigen Affinity (CAR affinity, units: M)
Antigens Per Cancer Cell (cancer antigens)

250, 500, 1000

100:0, 75:25, 50:50, 25:75, 0:100
1x10%, 1x107, 1x10°8, 1x10°
100, 500, 1000, 5000, 10000

Total combinations
Total simulations

300
3000

SUPPLEMENTARY TABLE A.3. Tuned feature values for co-culture dish simulations.

Modified Parameters

Simulated Values

Dose of CAR T-Cells (CAR T-cell dose)

CD4*:CD8* CAR T-Cell Ratio (CD4*:CD8"ratio)
CAR-Antigen Affinity (CAR affinity, units: M)
Antigens Per Cancer Cell (cancer antigens)
Antigens Per Healthy Cell (healthy antigens)

250, 500, 1000

100:0, 75:25, 50:50, 25:75, 0:100
1x10%, 1x107, 1x108, 1x10°
100, 500, 1000, 5000, 10000

0 (ideal), 100 (realistic)

Total combinations
Total simulations

600
6000




123

SUPPLEMENTARY TABLE 4. Input options used to run monoculture dish simulations. For clarity,
wrapping <set> tags, <series> name attributes, <profilers> simulation tags, <globals>
environment tags are not shown. All sets use growth, parameter, and lysis profilers, each using interval
720. All cancer and healthy cells use default modules. For each set, simulations were run for every
combination of bold options grouped by square brackets and separated by pipes.

Set Input
<series start="0" end="10" days="7">
<simulation type="growth">
</simulation>
<agents initialization="2000" plate="dish">
<populations>
<population type="C" fraction="1.0">
<variables>
<variable id="CAR_ANTIGENS CANCER" wvalue="1000"/>
</variables>
</population>
<population type="H" fraction="0">
<variables>
<variable id="CAR ANTIGENS HEALTHY" value="0"/>
</variables>
</population>
<population type="4" fraction="0.0">
</population>
<population type="8" fraction="0.0">
</population>
</populations>
<helpers>
<helper type="treat" delay="10" dose="0"/>
</helpers>
</agents>
<environment coordinate="hex">
<components>
<component type="sites" class="source">
<specifications>
<specification id="X SPACING" value="*" />
<specification id="Y SPACING" value="*" />
<specification id="SOURCE DAMAGE" value="0.0" />
</specifications>
</component>
</components>
</environment>
</series>
<series start="0" end="10" days="7">
<simulation type="growth">
</simulation>
<agents initialization="2000" plate="dish">
<populations>
<population type="C" fraction="1.0">
Treated <variables>
<variable id="CAR ANTIGENS CANCER"
value="1[100|/500|/1000|5000|10000]"/>
</variables>
</population>
<population type="H" fraction="0">

Untreated
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<variables>
<variable id="CAR ANTIGENS HEALTHY" value="0" />
</variables>
</population>
<population type="4" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" value="[le-6]|le-7|
le-8|1le-9]" />
</variables>
</population>
<population type="8" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" value="[le-6]|le-7|
le-8|1le-9]" />
</variables>
</population>
</populations>
<helpers>
<helper type="treat" delay="10" dose="[250|500|1000]"
ratio="[1:0/0.75:0.25/0.5:0.5(0.25:0.75/0:1]" />
</helpers>
</agents>
<environment coordinate="hex">
<components>
<component type="sites" class="source">
<specifications>
<specification id="X SPACING" value="*" />
<specification id="Y SPACING" value="*" />
<specification id="SOURCE DAMAGE" value="0.0" />
</specifications>
</component>
</components>
</environment>
</series>
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SUPPLEMENTARY TABLE 5. Input options used to run co-coculture dish simulations. For clarity,
wrapping <set> tags, <series> name attributes, <profilers> simulation tags, <globals> environment tags are
not shown. All sets use growth, parameter, and lysis profilers, each using interval 720. All cancer and
healthy cells use default modules. For each set, simulations were run for every combination of bold options
grouped by square brackets and separated by pipes. Simulations that where the healthy population had a
value of 0 for CAR_ANTIGENS_HEALTHY are part of the ideal co-culture data, while simulations that

where the healthy population had a value of 0 for CAR_ANTIGENS_HEALTHY are part of the realistic co-
culture data.

Set Input
<series start="0" end="10" days="7">
<simulation type="growth">
</simulation>
<agents initialization="2000" plate="dish">
<populations>
<population type="C" fraction="0.5">
<variables>
<variable id="CAR ANTIGENS CANCER" value="1000"/>
</variables>
</population>
<population type="H" fraction="0.5">
<variables>
<variable id="CAR ANTIGENS HEALTHY" value="100"/>
</variables>
</population>
<population type="4" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" />
</variables>
</population>
<population type="8" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" />
</variables>
</population>
</populations>
<helpers>
<helper type="treat" delay="10" dose="0"/>
</helpers>
</agents>
<environment coordinate="hex">
<components>
<component type="sites" class="source">
<specifications>
<specification id="X SPACING" value="*" />
<specification id="Y SPACING" value="*" />
<specification id="SOURCE DAMAGE" value="0.0" />
</specifications>
</component>
</components>
</environment>
</series>
<series start="0" end="10" days="7">
<simulation type="growth">
Treated </simulation>
<agents initialization="2000" plate="dish">

Untreated




126

<populations>
<population type="C" fraction="0.5">
<variables>
<variable id="CAR ANTIGENS CANCER"
value="1[100|/500|/1000|5000|10000]"/>
</variables>
</population>
<population type="H" fraction="0.5">
<variables>
<variable id="CAR ANTIGENS HEALTHY" value="[0|100]"
/> - -
</variables>
</population>
<population type="4" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" value="[le-6]|le-7|
le-8|1le-91" />
</variables>
</population>
<population type="8" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" value="[le-6]|le-7|
le-8|1le-91" />
</variables>
</population>
</populations>
<helpers>
<helper type="treat" delay="10" dose="[250|500|/1000]"
ratio="[1:0/0.75:0.25/0.5:0.5/0.25:0.75/0:1]" />
</helpers>
</agents>
<environment coordinate="hex">
<components>
<component type="sites" class="source">
<specifications>
<specification id="X SPACING" value="*" />
<specification id="Y SPACING" value="*" />
<specification id="SOURCE DAMAGE" value="0.0" />
</specifications>
</component>
</components>
</environment>
</series>
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SUPPLEMENTARY TABLE A.6. Reference information from cited papers’ in vitro experiments

shown in Figure 2.2B.

Reference

Citation Figure CAR C_onstruct E:T Ratio Notes
e Used in Study
Containing Data
Arcangeli . CD123-CD28-0X40- _ Short-Term Assay (4 h)
Figure 4 5:1 co-culture with low antigen
2017 CD3¢ )
expressing cells
Figure 1 for 1e6
Caruso 2015 and 0, other data EGFR-CD28-CD3( 5:1
from Figure 4
Antigen levels are MFI,
They provided viability
Chmielewski . . data so convereted to %
2004 Figure 4 ErbB2-Fc-CD3¢ 11 lysis by using: % Kill = 1-
Viability %; Used E:T ratio
closed to 1:1
Gh%ﬁfg'a” Figure 1 CD19-41BB-CD3{ 6.4:1
Hernandez- Figure 2A upper HER2-41BB-CD3¢ not found
Lopez plot
. . . Antigen level = ErbB2
Liu 2015 Figure 2 ErbB2-41BB-CD3¢ 1:1 RNA ug
Watanave Figure 2C CD20-CD28-CD3¢ 11

SUPPLEMENTARY TABLE A.7. Effective treatments identified in co-culture dish simulations.
Simulations were averaged across replicates and ordered from highest to lowest difference metric.

CAR

Normalized

Normalized Normalized

RIS SDNGDT, g A ool Aamwee e g
1000 0.25 1E-06 10000 100 0.03 0.75 73.09 0.72
500 0.25 1E-06 10000 100 0.13 0.83 141.33 0.69
1000 0.5 1E-06 10000 100 0.12 0.80 70.68 0.68
1000 0.25 1E-06 5000 100 0.36 0.83 65.38 0.48
500 0.5 1E-06 10000 100 0.40 0.86 131.76 0.46
1000 0.75 1E-06 10000 100 0.61 0.86 61.97 0.25
250 0.25 1E-06 10000 100 0.80 0.92 231.88 0.12
1000 0.5 1E-06 5000 100 0.75 0.87 59.82 0.12
500 0.25 1E-06 5000 100 0.78 0.88 118.79 0.10
500 0.5 1E-07 1000 100 0.42 0.50 137.30 0.09
1000 0.75 1E-07 1000 100 0.59 0.56 64.57 -0.03
1000 0.5 1E-07 500 100 0.68 0.52 63.45 -0.16
250 0.25 1E-07 1000 100 0.83 0.63 240.64 -0.20
500 0.25 1E-07 500 100 0.75 0.54 126.98 -0.21
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SUPPLEMENTARY TABLE A.8. Input options used to run tissue simulations. For clarity, wrapping
<set> tags, <series> name attributes, <checkpoint> name and path attributes, <profilers>
simulation tags, and <globals> environment tags are not shown. All untreated and treated sets use
growth, parameter, and lysis profilers, each using interval 720, except the untreated set used to produce
the graph in which a graph profiler was used instead of a parameter profiler. All cancer and healthy cells
use default modules. For the treated set, simulations were run for each of the 14 treatment conditions
shown in Supplementary Table 5. Variable values shown are chosen in the listed order of the values in
square brackets and separated by pipes, where a single simulation uses one value from each variable list
such that all values are at the same list position. For example, if parameter A has list [a1 | a2] and parameter
B has list [b1 | b2], then the first simulation would use parameter values a1 and b1, while the second
simulation would use parameter values a2 and b2.

Set Input

<series start="0" end="1" days="1">
<simulation type="growth">
<checkpoints>
<checkpoint type="graph" class="save" day="0" />
</checkpoints>
</simulation>
<agents initialization="0" />
<environment coordinate="hex">

<components>
<component type="sites" class="graph" complexity="simple">
Graph <specifications>

<specification id="GRAPH LAYOUT" value="S" />
<specification id="ROOTS_ LEFT" value="50A" />
<specification id="ROOTS_ RIGHT" value="50A" />
<specification id="ROOTS_ TOP" wvalue="50V" />
<specification id="ROOTS BOTTOM" value="50V" />
</specifications>
</component>
</components>
</environment>
</series>
<series start="0" end="10" days="31">
<simulation type="growth">
<checkpoints>
<checkpoint type="graph" class="load" day="0" />
</checkpoints>
</simulation>
<agents initialization="FULL">
<populations>
<population type="C" fraction="0.0">
<variables>
<variable id="CAR ANTIGENS CANCER" value="1000"/>
</variables>
</population>
<population type="H" fraction="1.0">
<variables>
<variable id="CAR ANTIGENS HEALTHY" value="100" />
</variables>
</population>
<population type="4" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" />

Untreate
d
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</variables>
</population>
<population type="8" fraction="0.0">
<variables>
<variable id="CAR_AFFINITY" />
</variables>
</population>
</populations>
<helpers>
<helper type="insert" delay="1440" populations="0"
bounds="0.05" />
<helper type="treat" delay="31680" dose="0" />
</helpers>
</agents>
<environment coordinate="hex">
<components>
<component type="sites" class="graph" layout="(S)"
left="(50A)" right="(50A)" top="(50V)" bottom=" (50V)" />
<component type="remodel" interval="60" />
<component type="degrade" interval="1" />
</components>
</environment>
</series>
<series start="0" end="10" days="31">
<simulation type="growth">
<checkpoints>
<checkpoint type="graph" class="load" day="0" />
</checkpoints>
</simulation>
<agents initialization="FULL">
<populations>
<population type="C" fraction="0.0">
<variables>
<variable id="CAR ANTIGENS CANCER" value="1000"/>
</variables>
</population>
Untreate <population type="H" fraction="1.0">
d <variables>
(generate <variable id="CAR ANTIGENS HEALTHY" value="100" />
graph </variables>
images </population>
for Figure <population type="4" fraction="0.0">
1) <variables>
<variable id="CAR7AFFINITY" />
</variables>
</population>
<population type="8" fraction="0.0">
<variables>
<variable id="CAR7AFFINITY" />
</variables>
</population>
</populations>
<helpers>
<helper type="insert" delay="1440" populations="0"
bounds="0.05" />
<helper type="treat" delay="31680" dose="0" />



</helpers>
</agents>
<environment coordinate="hex">
<components>
<component type="sites" class="graph" layout="(S)"
left="(50A)" right="(50A)" top="(50V)" bottom=" (50V)" />
<component type="remodel" interval="60" />
<component type="degrade" interval="1" />
</components>
</environment>
</series>
<series start="0" end="10" days="31">
<simulation type="growth">
<checkpoints>
<checkpoint type="graph" class="load" day="0" />
</checkpoints>
</simulation>
<agents initialization="FULL">
<populations>
<population type="C" fraction="0.0">
<variables>
<variable id="CAR ANTIGENS CANCER"
value="[10000|10000|10000|5000|10000|/10000|10000 |
5000|5000|/1000|1000|500(1000|500]"/>
</variables>
</population>
<population type="H" fraction="1.0">
<variables>
<variable id="CAR ANTIGENS HEALTHY" value="100" />
</variables>
</population>
<population type="4" fraction="0.0">
<variables>
Treated <variable id="CAR AFFINITY" value="[le-6|le-6|le-6|
le-6|1le-6|1le-6|1le-6|1le-6|le-6|1le-7|1le-7|1le-7|1le-7|
le-7]" />
</variables>
</population>
<population type="8" fraction="0.0">
<variables>
<variable id="CAR AFFINITY" value="[le-6|le-6|le-6]|
le-6|le-6|le-6|le-6|le-6|1le-6|le-7|1le-7|1le-7|1le-7|
le-71" />
</variables>
</population>
</populations>
<helpers>
<helper type="insert" delay="1440" populations="0"
bounds="0.05" />
<helper type="treat" delay="31680" dose="[1000|500|1000 |
1000|/500/1000|250/1000|500|500|1000|1000|250|500]"
ratio="[0.25:0.75|/0.25:0.75|/0.5:0.5|/0.25:0.75|0.5:0.5]
0.75:0.25|0.25:0.75|0.5:0.5| 0.25:0.75/0.5:0.5|0.75:0.25|
0.5:0.5/0.25:0.75|0.25:0.75]" />
</helpers>
</agents>
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<environment coordinate="hex">
<components>
<component type="sites" class="graph" layout="(S)"
left="(50A)"
right="(50A)" top="(50V)" bottom=" (50V)" />
<component type="remodel" interval="60" />
<component type="degrade" interval="1" />
</components>
</environment>
</series>

SUPPLEMENTARY TABLE 9. Difference metric for tissue simulations. Simulations were averaged
across replicates, ranked by difference metric in tissue simulations, but are shown with rank in dish
simulations.

. . . . Rank
PO Comooy  GhL Amgens amigems  {OUSGH MTaE Nemoed ofce R T
Dose (M) Count Cell Count Count Value dish e
1000 0.25 1E-06 10000 100 0.15 0.90 39.20 0.04 1 1
1000 0.5 1E-06 10000 100 0.17 0.91 39.27 0.02 3 2
1000 0.25 1E-06 5000 100 0.21 0.91 39.01 -0.02 4 3
500 0.25 1E-06 10000 100 0.23 0.91 58.23 -0.03 2 4
1000 0.75 1E-07 1000 100 0.22 0.84 39.65 -0.04 11 5
1000 0.75 1E-06 10000 100 0.24 0.92 38.46 -0.05 6 6
1000 0.5 1E-06 5000 100 0.27 0.92 38.50 -0.07 8 7
1000 0.5 1E-07 500 100 0.25 0.82 40.36 -0.08 12 8
500 0.5 1E-06 10000 100 0.28 0.92 56.74 -0.08 5 9
500 0.5 1E-07 1000 100 0.26 0.82 56.78 -0.09 10 10
500 0.25 1E-06 5000 100 0.33 0.93 56.29 -0.13 9 11
500 0.25 1E-07 500 100 0.31 0.82 59.52 -0.13 14 12
250 0.25 1E-06 10000 100 0.33 0.92 88.55 -0.13 7 13
250 0.25 1E-07 1000 100 0.33 0.84 96.43 -0.15 13 14
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A.4 Supplementary Methods Details

A.4.1 Model framework

The model integrates CAR T-cell agents into the agent-based modeling framework ARCADE [49,56]. The
ARCADE framework utilizes interfaces to enable modular model composition. CARCADE implements the
Cell interface for CAR T-cells. This CAR T-cell class extends into two subclasses representing CD4* and
CD8* CAR T-cells. Each subclass contains two modules controlling metabolism and inflammation. All
existing parameters are kept at default values [49,56]. All new parameters specific to CARCADE are listed

in Supplementary Table A.1 and described below.

A.4.2 Tissue cell agents

Tissue cell agents, which represent cancer and healthy tissue cells, can enter any one of seven cell states:
quiescent, migratory, proliferative, apoptotic, necrotic, senescent, and uncommitted by following a specific
set of rules [56]. Tissue cells in this study use the default metabolism and signaling modules. Cancer cell
agents are identical to healthy cells except that they can escape quiescence, are more amenable to cell
crowding upon looking for new locations while migrating or proliferating, and they differ in parameter name
for antigen expression level. To interact with CAR T-cell agents, two parameters were added to tissue cell
agents: the number of antigens (CAR ANTIGENS CANCER for cancer cells and CAR ANTIGENS HEALTHY
for healthy cells) and the number of PD-1 ligand “self targets”’expressed on the cell surface

(SELF_TARGETS).

A.4.3 CAR T-cell agents

A.4.3.1 Initialization

All CAR T-cells are initialized with an age pulled from a uniform distribution with a specified minimum
(I_CELL_AGE_MIN) and maximum (T _CELL AGE MAX) age, a volume pulled from a normal distribution
with a specified average (T CELL VOL AVG) and range (T_CELL VOL RANGE), and an approximate age
at which death is more likely to occur from a normal distribution with specified average

(DEATH AGE AVG T)andrange (DEATH AGE RANGE, parameter as in ARCADE) [56]. To account for the
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Hayflick limit, each CAR T-cell is also initiated with a maximum division potential

(DIVISION POTENTIAL T). Additionally, CAR T-cells are initiated with a number of surface CAR

receptors (CARS) and surface self (PD1) receptors (SELF RECEPTORS).
A.4.3.2 States and rules

Though it is difficult to directly observe transitions between states in individual cells, discrete CAR T-cells
states are generally agreed to exist and mechanisms are hypothesized for state transitions [140,167,168].
When needed, we rely on more general T-cell studies to define parameters and state transitions. CAR T-
cells can enter one of eleven states: migratory, proliferative, cytotoxic, stimulatory, paused, senescent,

apoptotic, exhausted, anergic, starved, and uncommitted.

CAR T-cell agents move through the state diagram shown in Supplementary Figure A.1 at each time point

as a function of their state at the start of the time point.
A.4.3.21 Migratory state

Migratory is the default state for a healthy, activated or yet-to-be activated T-cell agent as it travels around
looking for potential threats. Upon entering the migratory state, the time it takes a cell to migrate is
determined as a function of the distance the cell is moving and the speed at which the cell is moving. Cells
assess their current and surrounding locations to determine valid locations to which they can move. To be
a valid location, a location must meet the following checks: (i) adding the cell to the location must not
increase the total volume of all cells in that location to be greater than the volume of that location, and (ii)
adding the cell to the location cannot increase the number of agents in that location beyond the max number
of allowed agents. CAR T-cells assign a score to each location meeting the above criteria, where the score
is a function of the amount of free glucose and the number of cancer cells in the location. CAR T-cells move
towards the location with the highest score, though there is a level of inaccuracy introduced in assessing

the amount of glucose in each location. The score (S,,.) is given by:

G;
Stoc = ﬂG_L+(1_ﬁ)u + G
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where

e pisthe accuracy (ACCURACY)

e (°is the source concentration of glucose (CONC GLUC)

e (; is the amount of glucose in the location being assessed

e uis a random number drawn from a uniform distribution U([0,1])

e (; is the number of cancer cells in the location
Accounting for the number of cancer cells in each location within the score serves as a proxy for the bias
of T-cells to move towards cytokines and chemokines indicating necessary immune activity. If there are no

locations available, the cell becomes paused.

A.4.3.2.2 Proliferative state

Proliferative CAR T-cell agents, like typical T-cells, asymmetrically divide, splitting their volume unevenly,
to produce daughter cell agents [145]. Upon entering the proliferative state, cells either divide or exit the
proliferative state if the cell becomes no longer able to proliferate. Specifically, at each time step, the cell
checks whether it has entered a state, such as apoptotic, such that it is no longer able to proliferate and
checks if there are no locations into which the cell can divide. If there are no available locations for the
daughter cell, the dividing cell becomes paused. To successfully proliferate, the cell must double in volume,
where the rate at which this occurs is dictated by the metabolism module. Once this check has passed, the
cell checks if the time since entering the proliferative state has exceeded the required DNA replication time,
which is calculated as the average DNA synthesis time (SYNTHESIS TIME T) plus or minus a randomly
drawn value within the DNA synthesis time range (SYNTHESIS TIME T RANGE). If both checks are met,
the cell divides, creating a daughter cell with 50% plus or minus up to 5% of the volume, bound IL-2, and
granzyme (if CD8*). The division count for both the parent and daughter cell is decreased. The daughter
cell inherits the number of “self” (PD1) receptors, number of times the parent cell bound to antigen, the
number of times the parent cell bound to “self” (PD1) ligands, and the activation condition. The duration of
time spent in the proliferative state is defined as a cell cycle length, which is recorded each time a cell

divides. The new daughter cell’s location is determined in the same way as described for migratory cells.
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A.4.3.2.3 Paused state

Cell agents become paused when they are unable to migrate or proliferate. Paused agents have no active
cell behavior, but they will remain paused until they enter a different state. Agents may accumulate in the

paused state over time, as this behavior represents a biological phenomenon.

A43.24 Stimulatory and cytotoxic states

Stimulatory and cytotoxic states represent the effector functions of CD4* and CD8* CAR T-cells,
respectively. Stimulatory CAR T-cell agents produce IL-2, while cytotoxic CAR T-cell agents produce
granzyme and, once bound to a target, kill the target cell, which becomes apoptotic. Effector cells enter the
uncommitted state after a time delay to represent how long a T-cell stays bound to a target. This time delay
is calculated as the average time bound to a target (BOUND TIME) plus or minus a randomly drawn value
from within the bound time range (BOUND TIME RANGE). Once a cell is activated it remains activated until
it (i) becomes deactivated over time by not interacting with antigen for 7 days [38], (ii) enters the anergic or
exhausted states, as these cause cells to lose effector function, or (iii) dies. Activation biases previously
activated cells towards proliferation over migration when the agent has not bound to a surrounding target

in subsequent time steps. Additionally, activation strongly influences cell effector function and metabolism.

A.4.3.25 Anergic state

Anergy is a non-functional, undesired T-cell state induced from either (i) T-cell stimulation via antigen

interaction in the absence of proper co-stimulation [138,140,142,147,148] or by (ii) simultaneous T-cell

stimulation with antigen and co-inhibitory signals, such as self-identification signals [138,140]. Proper co-
stimulation is often conferred by co-stimulatory receptors such as CD28 [138,143]. Since second-
generation CARs and beyond contain these co-receptors, anergy induction caused by T-cell stimulation via
antigen interaction in the absence of proper co-stimulation is less likely. Only the latter possible mechanism
is considered in the model, as we assume CARs in the model are at least second generation, as these are
the only FDA approved and studied CARs in current research. CARCADE CAR T-cell agents enter the

anergic state when they receive mixed signals, binding to both the antigen and the “self’ receptors. Upon
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binding to both signals, cells have some probability (ANERG FRAC) of undergoing apoptosis or otherwise
become anergic. Though most anergy studies come from work on CD4* T-cells [147], some studies show
CD8* T-cells can enter this state [144]. In the model, both CD4* and CD8" T-cell agents can become

anergic.

Anergic cells characteristically exhibit little to no effector function [148], proliferative potential [142,148], no
IL-2 production [142,144], and an inability to respond to subsequent proper stimulation [142,147]. Thus,
agents in the anergic state de-activate if previously activated, turning off all effector function, and they can

only escape from the anergic state through eventual cell death.

Anergic T-cells escape this state either by eventual induction of apoptosis or, if induced due to lack of
proper co-stimulation, by sufficient uptake of IL-2 to recover proper cell function [142,144]. Anergy occurs
within the time frame of a few days [148], making it particularly relevant for this model, which can simulate
tumor growth for up to a few months, and for understanding CAR T-cell dynamics. Since IL-2 only recovers
cells induced into anergy by lack of proper co-stimulation, and this is less likely to be an issue in CAR T-
cells, IL-2 recovery from anergy is not included in CARCADE and anergy is an irreversible state in the

model.

A.4.3.2.6 Exhausted state

Similar to anergy, exhaustion is a distinct, non-functional T-cell state induced by repeated activation
[138,140]. Though exhaustion occurs on the time scale of weeks [148], this state is highly prevalent in CAR
T-cell work and is one attributed cause of low therapeutic efficacy [141]. Including exhaustion as a state in

the model is therefore relevant for understanding and improving CAR T-cell dynamics.

Most research on exhaustion focuses on CD8* T-cells [137], but exhaustion also occurs in CD4* T-cells
[137,148]. Exhausted CD8" T-cells lose cytotoxic activity [137], while exhausted CD4* T-cells express
significantly decreased levels of effector cytokines [148]. In the model, both subtypes of CAR T-cell agents

can become exhausted.
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To capture the dynamics that induce exhaustion over time, CAR T-cells count of the number of times they
have bound to antigen. If a cell goes 24 h without binding antigen, the count decreases by one. If this count
exceeds a set maximum (MAX ANTIGEN BINDING), the next binding event will cause them to become
exhausted. Upon exceeding the maximum antigen binding count, cells have some probability
(EXHAU FRAC) of undergoing apoptosis but otherwise become exhausted. Exhausted T-cells
characteristically exhibit little to no proliferative potential [137,147,148], high expression of PD-1
[137,138,140,148], and higher rates of apoptosis [141]. Though not fully inert [148], exhausted T-cells lose
some effector functions before others [137]. For simplicity, CAR T-cell agents in the model lose all effector
function simultaneously upon entering the exhausted state. Exhausted agents de-activate if previously

activated, turning off all effector function, and can only escape from the exhausted state through eventual

cell death.

Exhaustion was thought to be reversible with PD-1 blockades [137,147,148], but new data suggest that
PD-1 blockades promote expansion of T-cell populations outside of those exhausted within the tumor [149].
Both hypotheses motivate combining CAR T-cell therapy with either internally-engineered or intravenously
injected PD-1 blockades [16,18-20]. However, PD-1 blockades are not included in the model at present,

and exhaustion is an irreversible state in the model.

A.4.3.2.7 Senescent state

Due to the natural ageing process, all cells can become senescent, which is a non-reversible state causing
cells to undergo cell cycle arrest and stop proliferating [137,138,140]. Upon hitting their division limit
(DIVISION POTENTIAL T), cells have some probability (SENES FRAC) of becoming senescent or
apoptotic. Senescent cells remain in this state until they are eventually removed from the simulation due to

age-induced apoptotic cell death.

A.4.3.2.8 Starved state

Cells require sufficient nutrients to sustain normal cellular function. Cells that do not meet their energy

needs, as dictated by the metabolism module, become starved. Cells can escape the starved state upon
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recovering from the energy deficient by accumulation of energy. Recovered cells are set to the uncommitted

state to then continue in the decision sequence.

A.4.3.2.9 Apoptotic state

Cells can enter the apoptotic state due to age or sustained lack of nutrients or energy. Cells have an
increased probability of entering the apoptotic state once they exceed their average life span
(DEATH_AGE_AVG_T) as defined by a cumulative normal distribution where the mean is set to the
DEATH AGE_AVG_T and the standard deviation is set to the DEATH_AGE_RANGE. Cells can also become
apoptotic under conditions of sustained energy deficiency, meaning their energy goes below a set threshold
(ENERGY THRESHOLD). Upon entering the apoptotic state, the cell is removed from the simulation after a

time delay (DEATH TIME) representing the time it takes a cell to die by apoptosis.

A.4.3.3 Antigen-induced activation process

Upon antigen-induced activation, CAR T-cells enter an effector state based on subtype, entering either the
cytotoxic state to cytotoxically kill target agents or the stimulatory state to stimulate other T-cells by releasing
cytokines [38]. While there is evidence that both T-cell subtypes can become cytotoxic and stimulatory,
CD8"* T-cells primarily provide cytotoxic functions, while CD4* T-cells primarily provide stimulatory functions
[31,96,97]. For simplicity, the model assumes only CD8" CAR T-cell agents can enter the cytotoxic state
and only CD4* CAR T-cell agents can enter the stimulatory state to perform associated functions. As the
time required for CAR T-cells to form stable and functional immune synapses is shorter than two min [146],
we assume signal binding and activation occur within a single time step within the model, which equates

to one min.

The probability of an antigen binding or “self’ (PD1) binding events occurring are a function of affinity of a
receptor for its ligand, the number of ligands on the target cell surface, the number of receptors on the CAR
T-cell surface, distance from and contact with a target cell, and probability of receptors making contact. We
developed a sequence of events and a binding probability heuristic that captures these general trends.

After stepping their metabolism module, CAR T-cell agents in the paused or uncommitted states assess
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their surroundings and randomly select one neighboring agent. If that agent is a CAR T-cell agent, nothing
happens and the searching CAR T-cell agent goes on to assess another target as until it hits the max

number of neighbors assessable in a given time point (SEARCH_ABILITY). If the found agent is a tissue

cell, the probability of binding and killing P(binding and killing) is calculated according to a heuristic

equation:
P(binding and killi =2( )—1

(binding and killing) 1T o=

where
( YLtarget >( R )
X = a
.BKDVlocNA + VLtarget Ravg

where:

® Ligrger is the number of ligands on the target cell (CAR_CANCER ANTIGENS or
CAR HEALTHY ANTIGENS for cancer and healthy cells, respectively, for CAR-antigen binding
events and SELF LIGANDS for self-receptor binding events)

e R is the number of CARs for CAR-antigen binding events or number of self-receptors for self-
receptor binding events on the CAR T-cell

* Ry, is the average number of receptors on the CAR T-cell (CARS) for CAR-antigen binding events
and is the number of self-receptors (SELF RECEPTORS) a cell starts with for self-receptor binding
events

e Kj is the affinity of the receptor for the antigen in M ( CAR_AFFINITY for CAR-antigen binding
events and SELF_AFFINITY for self-receptor binding events)

e V. is the volume of the location in L

e N, is Avogadro’s Number

e v is the contact fraction (CONTACT FRAC)

e o (CcAR_ALPHA for CAR-antigen binding events and SELF_ALPHA for self-receptor binding events)
and f (CAR BETA for CAR-antigen binding events and SELF BETA for self-receptor binding
events) are fitting factors

Overall, this function produces trends fitting with the expected outcomes where increasing antigen/ligand
number, receptor number, and K, will result in a higher probability if binding (for self-receptor binding
events) and/or killing (for CAR binding events), as shown in Supplementary Figure A.2, which matches
previously determined T-cell activation curves [135]. This calculation is done for both the CAR-antigen
binding event and the PD1-PDL1 binding event. If the CAR T-cell binds to antigen and not to “self’, the

agent will become activated, enter its effector state, and increase the antigen-binding counter. If the CAR
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T-cell binds to both antigen and “self’, the agent will become anergic (more detail described below) and
increase the antigen-binding counter. If the CAR T-cell binds to neither antigen nor “self’ or only to “self’,
the agent becomes either migratory or proliferative, biasing towards proliferative if the CAR T-cell agent is
activated. If the cell is not activated, cells become proliferative with a given probability (PROLI FRAC);

otherwise, it becomes migratory.

Additionally, upon each binding event in which cells bind to antigen, independent of binding to “self’
receptor, CAR T-cells increase the amount of “self” receptors on their surface according to the following

equation:

Riy1 = R; +uR,

where:

R, is the initial number of “self’ receptors on the cell

u is a random number drawn from a uniform distribution U([0.95,1.05])

R; is the number of “self’ receptors on the cell after i binding events

R;,, is the number of “self’ receptors on the cell after the new binding event

Thus, after each binding event, the number of “self” receptors on the cell surface will increase by 95-105%
of the original number of receptors (SELF_RECEPTORS for initialized cells) after each binding event. This
increase serves as both a marker for exhaustion (described in more detail below) and can increase the

probability of a cell becoming anergic (described in more detail below) over time.

A.4.3.4 Subcellular modules

A.4.3.4.1 Inflammation module

T-cell cytokine signaling is dynamic and provides self-feedback. Additionally, cytokines influence effector
function, metabolism, growth, and proliferation [17]. Though many important cytokines exist, the model only
utilizes IL-2, which is a well-studied driver of immune response and is FDA approved as an intravenously

administered immunotherapy treatment [125,126].

Unstimulated T-cells do not express IL-2Ra until after antigen-induced activation or stimulation with IL-2,

making cells more sensitive to IL-2 after activation to amplify the immune response [123,124,135]. Upon
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stimulation, IL-2 (i) promotes T-cell growth and proliferation by upregulating glycolysis and glucose uptake

and (ii) induces effector function by activating relevant genes [123,124]. Effector function varies for T-cell

subtypes; CD4* T-cells primarily secrete cytokines, such as IL-2, while CD8* T-cells produce cytolytic

material, such as granzymes, that kills bound target cells when secreted [124].

All CAR T-cells are equipped with inflammation modules specific to their cell type. Broadly, the CD4*

Inflammation module produces IL-2, while the CD8" Inflammation module produces granzyme that is used

to kill target cells. Both T-cell subtypes bind IL-2 using a receptor complex composed of three receptor

chains: IL-2Ra, IL-2R[3, and IL-2Ryec. IL-2 binds to IL-2Ra weakly, the two-chain receptor complex IL-2RBy.

with intermediate affinity, and the full three-part complex with high affinity [123,124,126]. Both cell agents

use the same set of ordinary differential equations (ODEs) to determine the amount of IL-2 bound to their

surface. All species and parameters within the ODEs are detailed in the table below.

Species
Name Description Symbol
External IL-2 IL-2 in the environment accessible to the cell Xq
IL-2RBYc lower affinity two-chain IL-2 receptor complex X,
IL-2RByca higher affinity three-chain receptor complex X
IL-2RByc:IL-2 IL-2 bound two-chain IL-2 receptor complex X,
IL-2RByca:IL-2 IL-2 bound three-chain IL-2 receptor complex Xs
Total unbound IL-2 Total receptors (tiwo- and three-chain) on cell surface not bound to ¥
receptors IL-2 S
Total bound IL-2 Total receptors (two- and three-chain) on cell surface bound to IL-2 Xy
Parameters
Name Description Parameter Name Symbol
;wo_—cham complex IL-2 Rate of IL-2 binding to IL-2RByc IL2 BINDING ON RATE MIN Kono
inding on rate ’
Iﬁﬁggﬁ'i‘a‘t’gmp'ex -2 Rate of IL-2 binding to IL-2RByca  TL.2_ BINDING ON RATE MAX Koy
IL-2 binding off rate ZRSIBeySf)IrLILZ-;QEngg from IL- IL2 BINDING OFF RATE Kofr
Captures rate of conversion of the
Three-chain receptor two-chain complex IL-2RBVC,_
conversion rate whether boun_d or unbound, into K_CONVERT Keonvert
the three-chain complex IL-2RBya
though positive feedback
Rate at which IL-2RByc:IL-2, IL-
2RByca:IL-2, or IL-2RByca are
IL-2 receptor recycle rate internalized be converted via K _REC Kyec

recycle back into unbound IL-

2RByc chains.
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External IL-2 (X;) binds reversibly to unbound receptor complexes X, and X; with on rate k,,,, and k,,, s,
respectively, to from the bound receptor complexes X, and X, respectively. The high affinity and lower
affinity receptors bind with the same off rate k,;, but different on rates [99]. The equation describing X,

kinetics are as follows:

i korrXa + KoprXs — Kon2X1X2 — Kon3X1X3

The IL-2Ra subunit, which converts two-chain complexes into three-chain complexes with higher IL-2
affinity, is only produced after initial binding of IL-2 to the two-chain complex. To reduce the model
complexity and the number of species tracked, the production of the IL-2Ra chain alone is not explicitly
modeled. However, the impact of IL-2 binding on conversion of the two-chain complex IL-2RByc, whether
bound or unbound, into the three-chain complex IL-2RBya though positive feedback is captured through
the parameter k_ .y nvere, Where the summed number of bound IL-2 complexes is meant to represent the
magnitude of signal that produces the IL-2Ra chain [106]. Unbound and bound receptors without the IL-
2Ra chain, X, and X,, can be converted to three-chain receptor complexes X; and X, respectively, through
the convert mechanism. Additionally, since the X, is constitutively expressed [123], we capture this process
by having any IL-2 bound chains X, and X; or unbound chain X; that are internalized be converted via
recycle, represented by k..., back into unbound X,. This recycling process enables the response of the
production of the IL-2Ra chain to be pulsatory and will eventually stop in the prolonged absence of IL-2.

The equation describing X, X5, X,, and X; kinetics are as follows:

? = koffX4- - kon,2X1X2 - kconvert(X4- + XS)XZ + krec(XS + X4— + XS)
W = koffXS - kon,3X1X3 + Kconvert (Xa + X5)X; — kyecXs
E - on,2X1X2 - offX4 _kconvert(X4 + XS)X4- - krecX4-
dX

dt = kon,3X1X3 - koffXS + Kconvert (Xa + Xs)Xs — kyecXs
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For convenience, we also track X, and X,.

dt dt dt

dX; dX, N dXs

dt — dt = dt
Each species is in units of molecules of IL-2 in ODEs, but the environment keeps track of the concentration
of IL-2 in units of molecules/cm?®. The ODEs are run within each individual cell at each model step (one
minute), using a Runge-Kutta solver, with a time step of 1/3™ of a second. This set of reduced equations
captures a few key aspects of IL-2 signaling with the brevity necessary to run the model without excess

delay, as these ODEs are run in all CAR T-cells and on a large scale are very computationally expensive.

The amount of external IL-2 is determined based on both the cell’s location within the environment and the
distance from the cell surface a cell can sense (dpe;, SHELL THICKNESS). T-cells are relatively small
compared to the volume of a location in the model, and they have access to all the IL-2 present in the
environment. A shell thickness value was set such that cells can sense a few microns out from their external
surfaces [119]. The cell’'s volume (V,,;) is known for each agent, and thus, assuming the cell to be a sphere,
the cell radius (r,.;;) can be calculated as follows:

33
Teeu = |7 Veeu
4

Subsequently, the shell radius (r,.;), Which is the distance of the cell radius and the distance from the cell

surface that a cell can sense (dg.;, SHELL THICKNESS), can be calculated as follows:

Tshett = Teet + Ashen

Thus, the volume within the shell (V) that exists between the external surface of the cell, assuming the

cell to be a sphere, and the distance from the cell defined by this shell’s thickness is calculated as follows:

3
.
shell
Vshett = Vrgpoy = Veeut = Veeur <_r3 - 1)

cell
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The fraction of total volume in the environment that makes up this shell volume (f;,.;;) is the calculated as

follows:

The amount of external IL-2 (X;) a cell as access to at each time point is calculated as follows:

X1 = foheumur2

where n,,, is the total number of molecules of IL-2 in the environment at the cell’s location.

The inflammation module includes a memory of the total amount of IL-2 bound on the surface to capture a
time delay in various cellular processes that are a function of IL-2 binding, as no process is instantaneous

and must first undergo internal signaling networks to initiate cellular responses.

When a CAR T-cell divides, the amount of each species, with the exception of IL-2RByc but including
granzyme in the CD8* CAR T-cells, is divided between the two daughter cells, splitting according to the
same fraction described in the proliferative state section. Since IL-2RByc is assumed to be constitutively
expressed, the amount in the daughter cell is the steady state value of IL-2 receptors total

(IL2 RECEPTORS) minus the amount of receptors that are already bound to IL-2.

Each CAR T-cell subtype has specific functions corresponding to the typical functions of T-cell subtypes.
While IL-2 is secreted primarily by CD4* T-cells after antigen-induced activation, the model assumes IL-2
is exclusively secreted by this cell subtype [123-125]. Upon antigen-induced activation, IL-2 drives the
production of granzyme and other cytotoxins in CD8" T-cells [124]. Though CD4* CAR T-cells have been
found to be capable of killing, it is at a much slower rate and most killing is done by CD8" CAR T-cells [96].
For simplicity, the model assumes all granzyme production and cytotoxic killing is done exclusively by CD8*

CAR T-cells.
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A4.3411 CD4+ CAR T-cell agent IL-2 production

CD4* CAR T-cell agents produce IL-2 in both an antigen-induced independent and dependent manner
[106]. Independent of antigen-induced activation, CD4* T-cells produce IL-2 as a function of the amount of
IL-2 bound on their surface due to positive feedback [106]. The maximum amount of IL-2 produced due to
IL-2 feedback (IL2 PROD RATE IL2) is scaled by the amount of IL-2 bound at a previous time point
corresponding to the delay necessary to turn on IL-2 production (IL2 SYNTHESIS DELAY)[104]. The rate
of IL-2 production as a function of IL-2 feedback at time step t (rf,) in units of molecules/cell/min is

calculated as follows:

where:

e R;, is the maximum rate of production of IL-2 per time step due to IL-2 feedback in units of
molecules/cell/min

n;;'" is the total amount of IL-2 bound to the cell surface at the previous time point corresponding
to delay in IL-2 synthesis (IL2 SYNTHESIS DELAY)

e N, is the maximum amount of IL-2 that can be bound to a cell, which corresponds to the total

number of IL-2 receptors (IL2 RECEPTORS)
Upon antigen-induced activation and after a time delay (IL2 SYNTHESIS DELAY), CD4* CAR T-cells
begin to produce additional IL-2 at a constant rate (IL2 PROD RATE ACTIVE) thatis added to the rate of
production of IL-2 per time step due to IL-2 feedback. The equation for the total amount of IL-2 produced

by the cell in a given (r) in units of molecules/cell/min is as follows:

r= {TILZ + Tactiver lf active and tactive > T2
T2 else

where:

*  T,.ive 1S the rate of IL-2 production due to antigen-induced activation (IL2 PROD RATE ACTIVE)
in units of molecules/cell/min

o tucive IS the length of time since the T-cell was activated

e 1, is the time delay required to synthesized IL-2 (IL2 SYNTHESIS DELAY)
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The IL-2 produced during this time step is then added to the IL-2 in the local environment.
A.4.3.41.2 CD8+ CAR T-cell agent granzyme production

CD8* CAR T-cell agents produce granzyme upon antigen-induced activation as a function of IL-2 [139].
Granzyme increases linearly as a function of IL-2 until it eventually plateaus [139]. Additionally, granzyme
builds up in a cell over time. In the model, to account for delay in granzyme production after antigen-induced
activation due to internal signal transduction, granzyme production begins after a time delay
(GRANZ SYNTHESIS DELAY). The amount of IL-2 sensed by the cell is used to scale the maximum rate of
granzyme production and is calculated using the same time delay. Overall, the amount of granzyme in a

CD8* CAR T-cell each time step (nj) in arbitrary units is calculated as follows:

nt—‘rg
t _ ,t—1 1L2
n,=n + G| ——
g g
(NILZ )
where:

e n4!is the amount of granzyme in the cell in the previous time step in arbitrary units
e ( is the moles of granzyme produced per moles of IL-2 (GRANZ PER IL2)

. nItL_ZT" is the total amount of IL-2 bound to cell surface at the previous time point corresponding to

the delay in granzyme synthesis (t;,, GRANZ_ SYNTHESIS_ DELAY)

e N;, is the maximum amount of IL-2 that can be bound to a cell, which corresponds to the total
number of IL-2 receptors (IL2 RECEPTORS)

As described in the cytotoxic state section, one unit of granzyme in arbitrary units is lost when a target cell

is killed.
A.4.3.4.2 Metabolism module

T-cell metabolism is complex, as it is a function of both antigen-induced activation and IL-2. Naive,
inactivated T-cells are metabolically quiescent, require less oxygen and glucose consumption, and primarily
utilize oxidative phosphorylation (OXPHOS) and fatty acid oxidation (FAQO) for energy [36-38,97]. Antigen-
induced activation causes T-cells to shift their metabolism by upregulating glycolysis [36,38-

40,101,109,121,122], increasing glucose uptake [38-40,97,101,105,109,121], and downregulating

mitochondrial metabolism [36,39]. This process is co-stimulation dependent, requiring signals like CD28,
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which is part of the CAR construct, to further activate the PI3SK/Akt/mTOR pathway to increase Glut1
expression and thus increase glucose uptake and glycolysis [38-40,97,101]. IL-2 enhances this process,
promoting glycolysis by further activating mTOR [37,97,124]. Thus, both activation and IL-2 influence CAR

T-cell metabolism in the model.

The metabolism module used for CAR T-cell agents uses IL-2 and antigen-induced activation to regulate
T-cell energy requirements, nutrient uptake, metabolic preference for glycolysis, and cell mass production
by building the default metabolism module used for tissue cells. The metabolism module calculates energy
required to maintain antigen-induced activation (ACTIVE ENERGY) in addition to basal, proliferative, and
migratory energy requirements. Three parameters are altered as a function of antigen-induced activation
and/or IL-2: (i) the metabolic preference for glycolysis over OXPHQOS, (ii) the glucose uptake rate, and (iii)

the fraction of internal nutrients converted to mass.

The metabolic preference for glycolysis over OXPHOS (META PREF) is such that higher value dictates that
a cell is getting more of its energy from glycolysis. This parameter changes as a function of both IL-2 bound
to the cell agent as well as antigen induced activation independently. To account for delays in metabolic
shifts due to intracellular signaling, a time delay is implemented much in the same way as for IL-2 and
granzyme synthesis in the inflammation modules. The maximum possible influence of IL-2 on the metabolic
preference (META PREF IL2)is scaled by the amount of IL-2 bound to the cell at the previous time point
dictated by the time delay (META SWITCH DELAY) to calculate influence of IL-2 on the metabolic

preference during time step ¢ (m!,,) as follows:

where:

e M, is the maximum possible influence of IL-2 on the metabolic preference (META PREF IL2)
e N/™is the total amount of IL-2 bound to the cell surface at the previous time point corresponding
to delay metabolic switching (z,,, META SWITCH DELAY)

e N;, is the maximum amount of IL-2 that can be bound to a cell, which corresponds to the total
number of IL-2 receptors (IL2 RECEPTORS).
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This influence of IL-2 is added to the base metabolic preference value (META PREF). Upon antigen-induced
activation and after a time delay (META SWITCH DELAY), the influence of antigen-induced activation on
the metabolic preference (META PREF ACTIVE) is also added to the base value. The total metabolic

preference (m) during any given time step is calculated as:

m = {mbase + myp2 + Mactiver if active and tactive > Tm
Mpgse + Myp2, else

where

*  My.s IS the base value of the metabolic preference (META PREF)

e my, is the calculated influence of IL-2 on metabolic preference

o Mguiwe IS the influence of antigen-induced activation on metabolic preference
(META PREF ACTIVE)

o tucive IS the length of time since the T-cell became activated

e 1, is the time delay required to synthesize IL-2 (META SWITCH DELAY).

The glucose uptake rate parameter, like the metabolic preference, is a function of both IL-2 and antigen-
induced activation, and follows the same formulation as the above parameter where the influence of IL-2

on glucose uptake rate during time step t (u!,,) is calculated as follows:

where

e U;,, is the maximum possible influence of IL-2 on the glucose uptake rate
(GLUC_UPTAKE RATE IL2)

e n;;™is the total amount of IL-2 bound to the cell surface at the previous time point corresponding

to delay metabolic switching (z,,,, META SWITCH DELAY)
e N, is the maximum amount of IL-2 that can be bound to a cell, which corresponds to the total
number of IL-2 receptors (IL2 RECEPTORS).
This influence of IL-2 is added to the base glucose uptake rate (GLUC UPTAKE RATE). Upon antigen-
induced activation and after a time delay (r,,, META SWITCH DELAY), the influence of antigen-induced

activation on the metabolic preference (GLUC UPTAKE RATE ACTIVE) is also added to the base value.

The total glucose uptake rate (u) during any given time step is calculated as:
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_ { Upase + Uy + Ugctiver lf active and tactive > Tm
Upase + ULz, else

where:

* U, is the base value of the glucose uptake rate (GLUC UPTAKE RATE)

e uy, is the calculated influence of IL-2 on glucose uptake rate

o u,+ive IS the influence of antigen-induced activation on glucose uptake rate
(GLUC_UPTAKE RATE ACTIVE)

o tucive IS the length of time since the T-cell became activated
e 1, is the time delay required to synthesized IL-2 (META SWITCH DELAY)

Using anabolic metabolism, which produces more growth-related intermediates than energy, enables
effector T-cells to undergo rapid growth and proliferation, a necessary component of immune response
[38,122]. Additionally, through the support of upregulated glycolysis, T-cells upregulate biosynthesis
pathways such as lipid, protein, and nucleic acid production [121,122]. Thus, the fraction of internal nutrients
converted to mass is also increased as function of antigen-induced activation. The total fraction of internal
nutrients converted to mass (f) is calculated as follows:

f — {fbase + factive: if active and tactive > Tm
fbase’ else

where:

*  fhase IS the base value of the fraction of nutrients converted to mass (FRAC MASS)

o fu.ctive 1S the increase in the fraction of nutrients converted to mass as a function due to antigen-
induced activation (FRAC_MASS ACTIVE)

® tu.ive IS the length of time since the T-cell became activated

e 1, is the time delay required to synthesized IL-2 (META SWITCH DELAY)

A.4.4 Model environment
A.4.4.1 Molecule diffusion

The model includes diffusion of IL-2 in addition to the default species (oxygen, glucose, and TGFa). The
environment is initiated with a specified concentration of IL-2 (CONCENTRATION IL2), which for this study

was always zero. The diffusion of IL-2 is handled the same as the other species using a reaction-diffusion
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equation, where the diffusion rate of IL-2 is specified (DIFFUSIVITY IL2). Parameters for oxygen,

glucose, and TGFa are left at default values.

A.4.4.2 Nutrient sources

The design of the nutrient (glucose and oxygen) sources in the simulation can be used to emulate specific
contexts. Dish simulations utilize a constant source environment to replicate the evenly mixed nature of a
well-mixed in vitro experiment [56]. Tissue simulations utilize vasculature comprising two arteries and two
veins that simulate realistic hemodynamics where vasculature can become increasingly damaged over time

by cell crowding and movement [49].

A.4.5 Cell placement and treatment

A.4.5.1 Tissue cell placement

A.4.51.1 Simulations in dish

For dish simulations, a specified total number of cells, with defined fractions of each population present,
are plated randomly across the entire simulation environment. This plating aims to replicate an in vitro

experiment where cells are plated in a monolayer in a cell culture dish with media.

A.4.51.2 Simulations in tissue

For tissue simulations, a bed of healthy cells is placed throughout the simulation environment and a
population of cancer cells is introduced to the center of the environment after a specified time delay. This
tumor is then allowed to grow for 21 days before treatment with CAR T-cells. This setup aims to replicate a
tumor growing within a bed of healthy, vascularized tissue that may present resource limitations in high cell

density areas.

A.4.6 CAR T-cell treatment

CAR T-cells are added at a specified time delay, with a specific CAR T-cell dose and CD4*:CD8" ratio.

Parameters for CAR T-cell populations, such as the affinity of the CAR for its antigen (CAR_AFFINITY),
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are specified in the population tags. CAR T-cell agents are biased toward spawning in locations with higher
numbers of cancer cells to serve as a proxy for trafficking to tumors, which is not explicitly captured by the
model. While placing CAR T-cells, each location is checked to ensure adding the agent will not (i) make the
total cell volume exceed the volume of the location and (ii) cause tissue cells to exist beyond their tolerable

heights (MAX HEIGHT), which is described in ARCADE [56].

A.4.6.1 Simulations in dish

CAR T-cells plated when sources or patterns are used for the nutrient environment, such as in dish
simulations, can be placed in any location that does not exceed a maximum level of damage

(MAX DAMAGE SEED). For simulations in this paper, source locations could not take damage.

A.4.6.2 Simulations in tissue

When a dynamic graph vasculature is used for the nutrient environment, such as in tissue simulations,
CAR T-cells can spawn in any location next to a vasculature graph edge where the radius of the vein is
greater than or equal to the specified minimum value (MIN RADIUS SEED), representing CAR T-cell
trafficking through vasculature and preventing cells from spawning at locations with excessive damage.
Cells cannot spawn where there is no vasculature edge or there the radius is too small. This spawning
setup aims to replicate CAR T-cell trafficking to tumors through vasculature without explicitly modeling

transfer of the CAR T-cell from vasculature into the tissue.

A.4.7 Simulated experiments

A.4.7.1 Simulations of monoculture dish

We simulate in vitro monoculture experiments of cancer cells. Four different features (CAR T-cell dose,
CD4*:CD8" ratio, CAR affinity, and cancer antigens) were changed in this dataset, with 10 replicates for
each possible combination of parameter choices, one in each category. Supplementary Table A.2 shows
the set of simulated values per modified parameter. Simulated untreated cancer cells in dish (10

replicates) served as a negative control.
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At the start of each simulation, 2000 cancer cells are plated randomly across a simulation environment with
radius 34 and margin 6. Each cancer cell has the specified level of antigens (CANCER ANTIGENS,
CAR_ANTIGENS CANCER) for that combination of parameters. If treated, after a time delay of t = 10 min, a
specified CAR T-cell dose (CAR T-CELL DOSE) with a specified CD4*:CD8"* ratio (CD4*:CD8* RATIO) and
CAR-antigen affinity (CAR AFFINITY) is added into the simulation. Data were collected every half day (720
time steps). In both treated and untreated simulations, the simulations lasted 7 days (10,080 time steps).

Input files to create the simulations are shown in Supplementary Table A.7.

A.4.7.2 Simulations of ideal and realistic co-culture dish

This simulation setup aims to most closely replicate in vitro co-culture experiments with a mix of cancer and
healthy cells. Four different axes (CAR T-cell dose, CD4*:CD8" ratio, CAR affinity, cancer antigens) were
changed to create both the ideal (antigen-negative healthy cells) and realistic (antigen-expressing healthy
cells), with 10 replicates for each possible combination of parameter choices, one in each category.
Supplementary Table A.3 shows the set of simulated values per modified parameter. Simulated untreated

cancer cells in dish (10 replicates) served as a negative control.

At the start of each simulation, 2000 total cells (1000 cancer cells and 1000 healthy cells) are plated
randomly across a 2D simulation with radius 34 and margin 6. Each cancer and healthy cell have the
specified level of antigens (CANCER ANTIGENS/CAR ANTIGENS CANCER and HEALTHY
ANTIGENS/CAR ANTIGENS HEALTHY, respectively) for that combination of parameters. If treated, after a
time delay of t = 10 min, a specified CAR T-cell dose (CAR T-CELL DOSE) with a specified CD4*:CD8*
ratio (CD4*:CD8" RATIO) and CAR-antigen affinity (CAR AFFINITY) is added into the simulation. Data
were collected every half day (720 time steps). In both treated and untreated simulations, the simulations
lasted 7 days (10,080 time steps). Input files to create the simulations are shown in Supplementary Table

8.
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A.4.7.3 Simulations of tissue with cancer and healthy cells

This simulation setup aims to most closely replicate in vivo experiments in which a tumor exists in a bed of
healthy cells amongst a dynamic vasculature. We simulated the set of conditions described in
Supplementary Table 5, co-culture dish conditions deemed as effective treatment conditions, in tissue.

A set of 10 replicates of untreated cancer cells within a bed of healthy cells served as the control experiment.

At the start of each simulation, healthy cells are plated at one cell per location across the entire simulation
with radius 34 and margin 6. The simulation environment uses the S22 vasculature setup, where there are
two arteries and two veins total, each one starting from a different side of the simulation and alternating
between veins and arteries, described in the ARCADE vasculature study [49]. A population of cancer cells
is then inoculated into the model t = 1 d (1,440 time steps) into the simulation at the center out to a radius
bounds of 0.05 (radii 1 and 2). Each cancer and healthy cell have the specified level of antigens
(CAR_ANTIGENS CANCER and CAR ANTIGENS HEALTHY, respectively) for that combination of
parameters. The tumor is then allowed to grow until t = 31 d (44,640 time steps). If treated, the treatment
begins att = 22 d (31,680 time steps). A specified CAR T-cell dose (CAR T-CELL DOSE) with a specified
CD4*:.CD8* ratio (CD4*:CD8* RATIO) and CAR-antigen affinity (CAR AFFINITY) is added into the
simulation. Data were collected every half day (720 time steps). To minimize variation as a result of the
vasculature, all simulations use the same vasculature structure. Input files to create the simulations are

shown in Supplementary Table 9.

A.4.8 Data analysis

A.4.8.1 Analysis of experimental data

Data from published studies of percent lysis at given antigen densities from various CARs, detailed in
Supplementary Table A.4 and Supplementary Data A.1, were estimated from plots included within each
paper’s results and processed for use in Figure 2.2F for the purpose of model validation. To ensure all the
data could be viewed on plots with the same scaling, each percent lysis value was normalized to the

maximum percent lysis for that CAR, and antigen values were normalized to the maximum value tested
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within a given dataset. The normalized values of the percent lysis or antigen values (N,) plotted in Figure

2.2B were calculated as follows:

where:

e x is the percent lysis or antigen value for a given data point within a dataset

e X is the maximum percent lysis or antigen value within that given dataset
The error bars for both percent lysis and antigen value were also used, but they were normalized using the
following error propagation formula using standard deviation for divided values (such as our normalized

values) to calculate the error of the normalized percent lysis or normalized antigen value (N, ):

where

e N, is the error of the normalized percent lysis or normalized antigen value

x is the percent lysis or antigen value for a given data point within a dataset

o, is the error for the percent lysis or antigen value for that given data point within a dataset

X is the maximum percent lysis or antigen value within that given data set

X is the error for the maximum percent lysis or maximum antigen value for that given data point
within that dataset

When estimating data values from published plots, not all of the papers provided equivalent data, and some
assumptions had to be made. Chmielewski et. al. recorded antigen levels in MFI and provided viability data
rather than percent lysis [128], so the data were converted to percent lysis (P,;) using the following

formula:

Piysis = 1 = Pyiabitity

where P,qpiity is the percent viability. Liu et. al. recorded antigen level in terms of ErbB2 RNA ug [24].
Given that values were all normalized, this RNA quantity was used as a proxy for antigen expression level.
Each of calculated value, assumptions, and notes associated with each published study are listed in

Supplementary Table A.4 and Supplementary Data A.1.
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A.4.8.2 Normalized cell counts

To compare outcomes between in silico experiments, we used normalized values of live cancer and healthy

counts. Each normalized live cell metric (N,) is calculated as follows:

ng
Np =
nr

where

e ny is the total number of live and cancer cell counts at the final time point (t=7 d for dish and t =
30 d for tissue)
e 1y is the total number of live cancer or healthy cells at the start of treatment timepoint (t = 0 d for
dish and t= 21 for tissue)
To make a comparable metric to compare simulated monoculture dish outcomes to percent lysis values

from experimental studies for use in Figure 2.2B, we calculated the percent lysis of simulated experiments

(Piysis) as follows:
Plysis =1- N

where

e N, is the normalized live cancer cell metric

A.4.8.3 Difference metric

To compare the outcomes of simulations with both cancer and healthy cells in a way that accounts for the
tradeoff of cancer cell killing with healthy cell killing, we used a difference metric. The difference metric (D)

is as follows:

where

e Ny is the normalized live healthy cell metric

e N is the normalized live cancer cell metric

e ¢y is the number of live cancer cells at the start of treatment (t = 0 d for dish and t = 21 d for
tissue)
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e hy is the number of live healthy cells at the start of the treatment (t = 0 d for dish and t = 21 d for
tissue)

The normalized live healthy cell metric is normalized by the ratio of initial live cancer to healthy cells at
treatment start to account for differences in initial cell counts and ensure ratio components are equally

weighted.
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B Supplementary Information for Chapter 3

B.1 Supplementary Workshop Content

The content presented constitutes the information, provided in order, of the asynchronous pre-work portion
of the ARDEI-Question Writing Workshop for Faculty. While videos were also made to accompany each
section, these videos are not included here. All of this content was developed by ChBE ARDEI Committee
Undergraduate Education Subcommittee: Dr. Jennifer Cole, Ayinoluwa Abegunde, Lauren Simitz, Kenzie

Sanroman Gutierrez, Alex Prybutok, and Chloé Archuleta.
B.1.1 Definitions and establishing community guidelines
B.1.1.1 Definitions

In order to bring everyone to the same level of understanding, we are providing a series of definitions core
to understanding anti-racism, diversity, equity, and inclusion (ARDEI) broadly and in the context of

education.

e BIPOC: Black, Indigenous, and People of Color, meant to unite all POC in the work for liberation
while acknowledging that not all POC face the same levels of injustice

o White privilege: the implicit or systemic advantages that people who are perceived as white have
relative to people who are not deemed white

¢ Racism: Discrimination based on race, racial prejudice, and oppression of racial groups

¢ Individual racism: the beliefs, attitudes, and actions of individuals that support or perpetuate
racism in conscious and unconscious ways

e Systemic racism: the ways in which policies and practices of organizations or parts of systems
create different outcomes for different racial groups

e Ableism: discrimination of and social prejudice against people with disabilities and chronic
conditions, which includes the full spectrum of disability from physical to cognitive disabilities and

mental illnesses, based on the belief that typical abilities are superior
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e Bias: a particular tendency, trend, inclination, feeling, or opinion, especially one that is
preconceived or unreasoned

¢ Unconscious bias: having and/or acting on biases without realizing they exist or acknowledging
how they might be affecting others

e Allyship: the practice of emphasizing social justice, inclusion, anti-racism, and human rights to
advance the interests of an oppressed or marginalized out-group

¢ Positionality: the social and political context that creates your identity in terms of race, class,
gender, sexuality, and ability status. Positionality also describes how your identity influences, and
potentially biases, your understanding of and outlook on the world.

e Anti-racism: an active and conscious effort to work against multidimensional aspects of racism

o Diversity: having a people of different backgrounds, ethnicities/races, genders, sexualities,
perspectives, and mental and physical ability present; note that the presence of a diverse group
does not necessarily mean each member is being treated equitably or being supported as needed

o Equity: providing support to people on an individual basis to ensure that each member of a group
or community can participate equally

¢ Inclusion: the active, intentional, and ongoing engagement with diversity (in the classroom or
broader communities) in ways that increase awareness, knowledge, and understanding of the
complex ways individuals interact within systems and institutions.
**This is a more traditional definition of inclusion, but we want to incorporate the idea that we are
trying to create an environment and culture where members who have historically been excluded
or marginalized are welcomed and accommodated within an organization or group.

¢ Inclusive teaching: teaching in such a way that all students are able to succeed and learn; this is
often accomplished by including active learning, diverse ways of communicating and assessing

information, and connecting course content to student interests and world experiences

B.1.1.2 Community guidelines

When discussing ARDEI in a classroom setting, we need to prepare students, TAs, and instructors to

engage in that conversation in a safe and productive way. Setting up ground rules or communal guidelines
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around discussion and collaboration helps ensure that in both full group discussions and small

group/partnered work without the instructor present that there are ways for students to communicate

respectfully with one another. Additionally, these communal guidelines help to prevent the reinforcing

inequities and hierarchies that can exist among students. These ground rules can be developed by the

instructor, or preferably as a discussion between the instructor and the students together, and can become

part of the syllabus, thus setting the tone of empathy, understanding, and listening. We provide an example

of community guidelines below; this list specifically was used during the Contextualizing Your Research

Workshop hosted in Summer 2020.

Sample Community Guidelines

1.

Avoid Assumptions: Avoid assumptions about any member of the class or generalizations about

social groups. Do not ask individuals to speak for their (perceived) social group.
Use “I” Lanquage: Understand that others will come to these discussions with different
experiences from yours. Be careful about assumptions and generalizations you make based only

on your own experience. When speaking about your own experiences, use “I” statements to clarify
for whom you are speaking for--yourself.

Treat Others How They Ask to Be Treated: Speak with care. If you learn that something you've

said was experienced as disrespectful or marginalizing, listen carefully and try to understand that
perspective. Learn how you can do better in the future.

Be Curious and Ask Respectfully: Don't interrupt, turn to technology, or engage in private

conversations while others are speaking. Use attentive, courteous body language. Comments that
you make (whether asking for clarification, sharing critiques, or expanding on a point) should reflect
that you have paid attention to the previous speakers’ comments.

Listen Actively: Listen actively and with an ear to understanding others' views. (Don'’t just think
about what you are going to say while someone else is talking.)

Ideas, Not Individuals: Speak to an individual’s ideas, not their entire person.


http://crlt.umich.edu/examples-discussion-guidelines
http://crlt.umich.edu/examples-discussion-guidelines
http://crlt.umich.edu/examples-discussion-guidelines
http://crlt.umich.edu/publinks/generalguidelines
http://crlt.umich.edu/publinks/generalguidelines#base
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7. Encourage Learning: Be open to changing your perspectives based on what you learn from

others. Try to explore new ideas and possibilities. Think critically about the factors that have shaped
your perspectives. Seriously consider points-of-view that differ from your current thinking.

8. Acknowledge and Apologize for Mistakes: Understand that we are bound to make mistakes in

this space, as anyone does when approaching complex tasks or learning new skills. Strive to see
your mistakes and others’ as valuable elements of the learning process. If you make a mistake,
just acknowledge it, apologize for it, and learn from it.

9. Make Space for Everyone to Speak: Share responsibility for including all voices in the

conversation. If you tend to have a lot to say, make sure you leave sufficient space to hear from
others. In this case, consider the “you-then-two” rule: let at least two other people speak after you
before you speak again. This prevents any one person from dominating the conversation and gives
everybody a chance to be heard and to listen. If you tend to stay quiet in group discussions,

challenge yourself to contribute so others can learn from you.

B.1.1.3 Leaving space for discomfort and reflection

It is important to acknowledge that some students and instructors will not be comfortable interrogating
inequitable practices, particularly if they think they do not need to, or worse, if they think that doing so will
displace their own power and positionality. We need to help those students and instructors to sit in their
discomfort, and frame this reflective process as a crucial aspect of their humanity (i.e. what does it mean

to be human if you allow others to be dehumanized).

Developing the community guidelines is the first place to start in this process. During a class discussion,
don’t stop the discussion to move to the next topic simply because the discussion becomes uncomfortable
(which we note is different than harmful, as harm needs to be directly addressed). Let the discussion push
through the discomfort and come to a conclusion. Additionally, it is important to encourage student
reflection. Consider giving students a minute or two to think, and maybe even have them jot down some of
their thoughts, before answering a question or participating in a discussion. Another way to encourage

reflection is to explicitly ask self-reflection questions on homework assignments. However, instructors may


http://crlt.umich.edu/examples-discussion-guidelines
http://crlt.umich.edu/examples-discussion-guidelines?fbclid=IwAR2slXU6X8p138hptRrN2dENavvazOigvptaiEpAk5zn0_0_k7SQFoO9g3I
http://crlt.umich.edu/examples-discussion-guidelines?fbclid=IwAR2slXU6X8p138hptRrN2dENavvazOigvptaiEpAk5zn0_0_k7SQFoO9g3I
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want to consider grading these only for completion rather than content, and potentially even abstain from
reading them should there be potential for students to not be as open if instructors are reading their

responses to deeply personal questions.

B.1.1.4 Workshop reflection

How might you approach the idea of creating community guidelines for safe, productive discussion in your

class?

B.1.2 Reading: incorporating ARDEI into Class Homework and Examples

B.1.2.1 Reading assignment

Northwestern’s Chemical and Biological Engineering Department are not the first or only department
tackling these important topics through the use of homework questions. Please read the Hirshfield and
Mayes paper titled “Incorporating Inclusivity and Ethical Awareness into Chemical Reaction Engineering”
(provided here on Canvas and linked below), published in AIChE’s Chemical Engineering Education in Fall
2019, to see some examples of problems for a Kinetics class that addresses similar issues. The article also
describes how providing example problems with a variety of contexts that are of interest students as well
as those with contexts directly related to real-world problems and social justice can help create inclusive
classroom that openly discusses and addresses engineering ethics. Our goal is to take this a step further
and explicitly include anti-racism as well as social justice, but this article provides some good introductory

context, rationale, and examples for what we are trying to achieve.

B.1.2.2 During and post-reading questions

As you read the paper, please think about the following questions:

o How does incorporating real-world, and specifically ARDEI, topics into course content and example
problems contribute to an inclusive teaching environment?
e What is the potential impact of incorporating real-world, and specifically ARDEI, topics into course

content and example problems on student engineering ethics?
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o With what frequency do you think you need to implement these problems within a course to see
the impact on students and course climate?

o Did this paper give you any ideas for ARDEI topics you could use as the context for your own

course problems?

B.1.2.3 References

Hirshfield, L. J., & Mayes, H. B. (Fall 2019). Incorporating Inclusivity and Ethical Awareness into Chemical

Reaction Engineering. Chemical Engineering Education, 53(4), 215-219.

B.1.3 Example problem from separations

B.1.3.1 Introduction

Here we will highlight example ARDEI questions we have written, some of which were written from scratch
and some of which were adapted from context-less textbook problems, to give you some inspiration and
example for how you can incorporate ARDEI contexts into your own course. Below is a video explanation
of Lauren Simitz walking through the Separations ARDEI problem she wrote (Supplementary Document
B.2.1.3). Further down we linked additional ARDEI example problems written for Fluids (by Ayinoluwa
Abegunde) and Kinetics (by Alex Prybutok). If you choose to use these problems in future courses directly,
please cite those who created the problem. But most importantly we encourage you to go through the
process of writing problems for yourself as not only will you learn something in the process about the ARDEI
topic the problem is contextualized in, but you will gain practice and become more comfortable with this

over time.

Additionally, it is important to note the difference in type of problem you might write for a lower vs upper-
level course. Students will build skills in analyzing these types of questions over time if all courses
incorporate them. So students in lower division courses might be provided and asked to use resources, but
students may be asked to find these resources in upper division courses. However, students at all level

should be asked to engage with and reflect on this material.
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B.1.3.2 Other example problems

B.1.3.2.1 Example kinetics problem

This problem (Supplementary Document B.2.1.2) focuses on how SIR (susceptible, infected, recovered)
ordinary differential equation models are used to understand the spread of disease. The problem walks
through the kinetic equations describing the basic SIR model, and subsequently asks students to
interrogate how population dynamics change as a function of changing transmission and recovery rates.
Finally, to incorporate the ARDEI component, students are asked to think about these models in the context
of the COVID-19 pandemic, where disease spread and treatment were not equitably distributed among
populations, and factors such as socioeconomic status, race, environmental conditions, access to health
care, and underlying health conditions caused differences in disease dynamics, often most negatively

impacting marginalized groups.

B.1.3.2.2 Example fluid dynamics problem

This problem (Supplementary Document B.2.1.1) focuses on how simple fluid dynamics concepts can
be used to estimate the speed of a river current. The question is modified to incorporate ARDEI concepts
by asking students to estimate the speed of the current of a contaminated river, specifically in Navajo rivers
facilitated by uranium mining on Navajo Nation and Lakota Nation lands. Then, students are asked to think
about the negative effects of Uranium mining on the Navajo community as well as what safeguards could
have been implemented to prevent such impact on communities. This should help students think beyond

the financial benefit of chemical engineering projects and consider the social impact of their decisions.

B.1.3.3 Assessing your ARDEI-focused problem

Additionally, you will find a ARDEI Post-Question Review Sheet (Supplementary Document B.2.2.1) with
questions to ask yourself about the problem you’ve written as a filtering mechanism to prevent harm. Below,
is a video walk through of the review sheet. Additionally, we have an example worksheet that has been

filled out for the separations example problem you saw before (Supplementary Document B.2.2.2). You
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will eventually also be using this same worksheet to assess problems written by your fellow colleagues

during the in-person workshop.

B.1.4 Understanding and preventing harm

B.1.4.1 Introduction

The purpose of this section is to introduce the concept of positionality, bias, and harm, specifically how we
can prevent harm upfront and address it should it occur. Please watch the video and read the information

below for a more detailed description.

B.1.4.2 Understanding positionality and bias

Understanding your positionality and unconscious bias is important when discussing ARDEI topics, as
these influence your perspective, personal experiences, and actions. It is important to learn to be
empathetic to the experiences of those with differing identity regardless of your own. The first step to this

is to reflect on your identities and how these identities have impacted your own experiences and

perspectives. You might consider participating in the Social Identity Wheel activity yourself (linked) to

undergo this reflection process.

Itis also important to understand the power dynamics between faculty, TAs, and students and how that can
make TAs and students hesitant to speak up if they witness or experience inequity, microaggressions,
harassment, or even harm. It may benefit instructors to address this directly in class and invite students

and TAs to speak up should any harm occur.

B.1.4.3 Understanding and preventing harm

While we want to address ARDEI topics in course, we want to ensure we do so in such a way that does not
cause harm to students, TAs, instructors, or others. The first step to preventing harm is understanding the
types of harm that can be caused. Dr. Susanna Calkins at the Searle Center explains that there are two

types of harm:


https://sites.lsa.umich.edu/inclusive-teaching/social-identity-wheel/
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e Some students in the classroom may hold marginalized identities and/or for some of whom these

type of problems/discussions/cases studies may not be just an academic exercise—this may be a
part of their lived experience, identities or backgrounds. These exercises may be triggering.

e There is significant harm caused when oppressive systems and systemic inequities are not

interrogated and explored, but are allowed to remain in place, sustaining systematic oppressive

thinking and activities. This larger harm can happen when assumptions and biases are allowed to

remain unchecked, and in place.

Ideally, we are addressing the second type of harm by going through this exercise, writing these homework
problems, and discussing these topics in the classroom. Those discussions must still be done with care,

which the community guidelines ideally facilitate.

By asking instructors to first understand their positionality and bias before writing problems, rely on
resources and research to write the problems, and asking a series of questions about the problem
afterward, we are ideally addressing the first type of harm. Please take care when writing your problems to
consider which community’s voice and position is being uplifted and what information is strictly necessary
to explain the problem without digging up excessive trauma. Consider running your example problem by a
colleague or a few colleagues; other pairs of eyes may help catch potential harm before it happens. You
can use the checklist we developed for the purpose of this workshop (which you will be expected to
complete for your own problem, and complete when reviewing others’ problems during the course of the

workshop) for all future problems you develop!

Harm may still occur despite best attempts. If it happens, be honest with students that, like them, you
continue to learn. Apologize and seek to understand how this harm arose, and consequently how to avoid
such harm in the future. As you may not be aware you instigated harm when it happens, we encourage
faculty to create an environment where students feel comfortable bringing forward harm if felt so an open-

minded discussion can be had.
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B.1.5 Inclusive teaching

B.1.5.1 Introduction

The purpose of this section is to learn about the definition and importance of inclusive teaching. We will

discuss each of these, as well as some example practices, in the video and literature readings below.

B.1.5.2 Inclusive teaching: definition, scholarship, and practices

As stated before, inclusive teaching broadly involves teaching in such a way that all students are able to
succeed and learn; this is often accomplished by including active learning, diverse ways of communicating
and assessing information, and connecting course content to student interests and world experiences. By
adapting questions that address inequities and force developing engineers to tackle these challenges while

considering affected communities, we are taking steps towards this goal (Hirshfield, 2019).

We must also acknowledge that teaching is not neutral (hooks, 1994). The knowledge and work that is
taught today is a function of whose voices and experiments were and are valued in the past. We must work
to elevate the science and contributions of marginalized voices and communities. This can be done in

course discussion or homework assignments. This practice can help work towards an inclusive classroom.

Other strategies for developing inclusive classes involve stating class/assignment expectations explicitly,
establishing a welcoming space, humanizing yourself and asking students to do the same, promoting
thoughtful participation, and embracing an asset-based approach such that all students are viewed as
bringing strengths to the table (Johnson, 2019). We have uploaded a variety of materials on Canvas that
discuss strategies for fostering inclusive classrooms. We hope you will look into them and implement these

strategies in your courses.

B.1.5.3 Reading and activity

If you have the time, please look into the readings referenced above (linked below) and answer the following

questions:

o What are the benefits of inclusive teaching on student learning and success?
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e Are you already implementing some inclusive teaching practices into your courses? If so, which
and why those? If not, why not?

o What are three specific inclusive teaching practices you haven't yet but could implement the next

time you teach a course and why is each example you choose useful/how does it promote inclusive

teaching?

B.1.5.4 References

Hirshfield, L. J., & Mayes, H. B. (Fall 2019). Incorporating Inclusivity and Ethical Awareness into Chemical

Reaction Engineering. Chemical Engineering Education, 53(4), 215-219.

The goal of this article was to provide concrete examples of In Class Problems (ICPs) to be used
in the undergraduate chemical engineering Chemical Reaction Engineering course that
incorporated engineering ethics, such as social and environmental considerations, and/or real-
world applications to provide students with contexts for the material they learn in class.
Incorporating diverse topics, especially those related to showing how chemical engineering can be
used to solve issues of equity and human healthy and safety, helps increase student participation
via active learning as well as inclusivity by instilling the importance of considering ethics and helping

marginalized communities, which may be of direct relevance/interest to some in the course.

hooks, b. (1994). Chapter 3: Embracing Change: Teaching in a Multicultural World. In Teaching to

Transgress: Education as the Practice of Freedom (pp. 35-44). New York: Routlege.

In this chapter, hooks (her name is intentionally lowercase) discusses how education is inherently
not neutral, and how we must work to embrace students of all backgrounds and discusses the

challenges of multicultural education.

Johnson, K. M. S. (2019). Implementing inclusive practices in an active learning STEM classroom. Adv

Physiol Educ, 43(2), 207-210. doi:10.1152/advan.00045.2019

This article lays out recommendations for instructors to make their classes more inclusive and asks

the reader to reflect on their practices and perspectives through writing prompts. Some of the
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inclusive practices suggested in this article include stating expectations clearly, establishing a
welcome space, humanizing yourself and asking students to do the same, embracing an asset-based

approach, and promoting thoughtful participation.

B.1.5.5 Additional reading and resources on inclusive teaching

Chavez, A. F., & Longerbeam, S. D. (2016). Chapter 5: Strengths-Based Teaching in Cultural Context. In
Teaching Across Cultural Strengths: A Guide to Balancing Integrated and Individuated Cultural Frameworks

in College Teaching (1st ed.). Serling, VA: Sylus Publishing

In this chapter, Chavez and Longerbeam discuss how student cultural backgrounds, learning
processes, and personalities influence their experience in the classroom. Thus, they stress the
importance of developing a course that spans many cultural frameworks, such as having both
individual and collective activities, theory and examples, problem solving and critical thinking, silent
reflection and classroom discussion, and mixed modes of taking in information such as lectures,
case studies, imagery, and others. Designing courses in this way and adopting associated teaching

pedagogies ensures that all students can benefit and learn in the classroom.

Killpack, T. L., & Melon, L. C. (Fall 2016). Toward Inclusive STEM Classrooms: What Personal Role Do

Faculty Play? CBE Life Sci Educ, 15(es3), 1-9. doi:10.1187/cbe.16-01-0020

Taken from the abstract: "In this essay, we present a set of social science concepts that we can
extend to our STEM courses to inform our efforts at inclusive excellence. We have recommended
strategies for meaningful reflection and professional development with respect to diversity and
inclusion, and aim to empower faculty to be change agents in their classrooms as a means to

broadening participation in STEM fields."

Inclusive Teaching at Northwestern

This link provides information on the Northwestern Principles of Inclusive Teaching as well as

information on the Inclusive Teaching Practicum.


https://www.northwestern.edu/searle/initiatives/diversity-equity-inclusion/inclusive-teaching/index.html
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Information about the Northwestern Principles of Inclusive Teaching is linked below.

Published in summer 2021, Northwestern Principles of Inclusive Teaching represents the
University’s ongoing commitment to excellence and equity in teaching its students. The
resource provides broad strategies that instructors can use to implement the eight key
principles in their course preparation and teaching, and examples of how each principle
can be applied in class. It also includes references to scholarly publications, a glossary and

a list of helpful University resources.

This resource was developed for Northwestern instructors by partners in the Searle Center for

Advancing Learning and Teaching, the Office of Institutional Diversity and Inclusion, the Office of

Equity and the Office of the Provost.

View the Principles.

B.1.6 Additional resources

B.1.6.1 Additional resources

Here we link a series of additional resources on topics related to incorporating ARDEI and social justice
into your courses. Some of these resources involve on campus resources (such as exhibits at the Block
Museum, ChBE ARDEI website, Searle NU Resources handout) or other education resources. Some of
these resources pertain to where you could find content or inspiration for future ARDEI questions, where
you could find resources to support students or groups your students might be interested (and feel free to
advertise these groups and their work in your course, especially if you use their content for your questions
or reach out to them to collaborate with them on this content), and where you can find other ways to
implement anti-racism in your course. We encourage that if you collaborate with student groups on campus,
you cite them and their work in your course! But these groups could be good sources of information and
generally good work being done on campus in the area of ARDEI, social justice, advocacy, and supporting

students.


https://www.northwestern.edu/searle/initiatives/diversity-equity-inclusion/inclusive-teaching/index.html
https://www.northwestern.edu/searle/initiatives/diversity-equity-inclusion/inclusive-teaching/index.html
https://www.northwestern.edu/diversity/
https://www.northwestern.edu/equity/
https://www.northwestern.edu/equity/
https://www.northwestern.edu/provost/
https://www.northwestern.edu/searle/initiatives/diversity-equity-inclusion/inclusive-teaching/index.html
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B.1.6.2 ChBE department and NU resources

The Use of Visual Art in Teaching Engineering

This document (Supplementary Document B.2.3.1) that Ayinoluwa compiled discusses how to
use visual art to further communicate the gravity or impact of a situation or context. There is
information on related Block Museum exhibits and collections by the artist exhibited. Specifically,

the example shown could be directly linked to the Fluid Dynamics example question.

ChBE Anti-Racism, Diversity, Equity, and Inclusion Committee Website

This website also includes a list of information on student groups, including those doing social
justice and advocacy work, who could be good sources of information or who might be of interest

to students in your class.

NU Resources for Supporting Students Handout

Searle compiled a list of on campus resources for supporting students. Resources fall in the category

of the following:

General University Resources

e Academic Support Resources

e Pedagogical Support

e Support and Resources for Under-Represented Minority (URM) Students
e Wellness Resources

e Financial & Material Resources

e Resources for Student Organizations & Participants in Student Orgs


https://www.mccormick.northwestern.edu/chemical-biological/about/ardei.html
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B.1.6.3 General STEM education resources

Social Justice Content in Math Courses

Kettering University in Michigan is creating new math courses combining math with writing

exploring topics of racial justice, climate change, elections and voting, and human trafficking.

Toward an Anti-Racist Engineering Classroom for 2020 and Beyond: A Starter Kit

This Advances in Engineering Education article lists 20 action items to implement in your classroom
and within your role as a faculty in the areas of culture, pedagogy, curriculum, and personnel to
practice anti-racism. The link above links to the cite. The pdf of the article itself can be found on the

webpage linked, but can also be found directly here.

Imagining the Future of Undergraduate STEM Education Symposium Summary and Materials

The National Academies Conference was held in November 2020. A summary of their conference,
pulled from this site, and two papers they produced, are copied below. They also link video playlists

from the conference on the site linked above. We directly linked the PDFs to the two papers below.

With sponsorship from the National Science Foundation, the National Academies of Sciences,
Engineering, and Medicine is exploring ambitions for the future of undergraduate STEM education,
including how we can transform undergraduate STEM education to meet the needs of students,

science, and society.

The symposium brought together innovators from a diverse range of colleges and universities
together with policy makers, funders, and representatives from associations and
industry. Participants were able to share their own ideas about the future of undergraduate STEM
education. You can read some of the stories they wrote about 2040 in the attachments below. Two

commissioned papers prepared in advance of the symposium are also available here.

e Transformation in the U.S. Higher Education System: Implications for Racial Equity by Lindsey

Malcom-Piqueux



https://www.insidehighered.com/news/2021/07/14/movement-focuses-integrating-social-justice-content-math-courses
https://advances.asee.org/toward-an-anti-racist-engineering-classroom-for-2020-and-beyond-a-starter-kit/
https://www.nationalacademies.org/event/10-21-2020/imagining-the-future-of-undergraduate-stem-education-symposium#sl-three-columns-f142a803-9a84-43b8-9e9a-a0933dd1ba55
https://canvas.northwestern.edu/courses/146262/files/11752983?wrap=1
https://canvas.northwestern.edu/courses/146262/files/11752983?wrap=1
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e Current Innovations in STEM Education and Equity Needs for the Future by Sanjay Sarma

and Aikaterini Bagiati

A proceedings of the symposium will be published in 2021 and will be available for free download

from National Academies Press.

B.2 Supplementary Workshop Documents

B.2.1 Example ARDEI-context questions

B.2.1.1 Example fluid dynamics question

This question was a textbook problem adapted by Ayinoluwa Abegunde.

B.2.1.1.1 Original textbook problem

A 0.30m diameter cork ball (SG=0.21) is tied to an object on the bottom of a river as shown below. Estimate

the speed of the river current. Neglect the weight of the cable, and the drag on it.

Source: Fundamentals of Fluid Mechanics, 7th edition. Munson, Okiishi, Huebsch & Rothmayer Wiley, 2013

(Used in problem for Week 5 Discussion Section — Fluid Dynamics Fall 2020).

B.2.1.1.2 Modified problem containing ARDEI-context

Uranium mining under the U.S military's Manhattan Project began on Navajo Nation and Lakota Nation
lands. A few years late, widespread uranium mining began on Navajo and Lakota lands in a nuclear arms

race with the Soviet Union during the Cold War, with little to no environmental regulation. The mining


https://canvas.northwestern.edu/courses/146262/files/11752984?wrap=1
https://canvas.northwestern.edu/courses/146262/files/11752984?wrap=1
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endangered thousands of Navajo workers, as well as producing contamination that has persisted in

adversely affecting air and water quality, and contamination Navajo lands.

If one wanted to measure the level of contamination in Navajo rivers, an experiment could be conducted.
A 0.50m diameter cork ball (Density = 210 kg/m3), is tied to an object on the bottom of the Puerco River as
shown below. The dimensions of the river can be approximated to be 50m X 25m X 3m and an estimated
average minimum of 20 pg/L of uranium was found in the river. Estimate the speed of the river current.

Neglect the weight of the cable, and the drag on it.

a. Estimate the speed of the river current.

b. The average speed of rivers in New Mexico before uranium mining began was 6 m/s. Compare this
value to that which you calculated in part a. What might have caused this change? [Hint: Church
Rock Uranium Mill Spill]

c. Uranium not only contaminated the water bodies but also affected the health of uranium miners
which included members of the Navajo community. Studies were conducted to evaluate the health
conditions of uranium miners. What are the adverse health effects that were found among them?

d. As chemical engineers, the irreparable damage caused by uranium mining and government
negligence teaches us how our decisions can have significantly negative effects on different
communities. Consider what safeguards could have been put in place to avoid what occurred in

this case.

CITATIONS

1. https://www.who.int/water sanitation health/dwg/chemicals/uranium290605.pdf



https://www.who.int/water_sanitation_health/dwq/chemicals/uranium290605.pdf
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https://www.npr.org/sections/health-shots/2016/04/10/473547227 [for-the-navajo-nation-uranium-

minings-deadly-legacy-lingers

https://en.wikipedia.org/wiki/Uranium_ mining and the Navajo people

https://www.epa.gov/navajo-nation-uranium-cleanup/abandoned-mines-cleanup

B.2.1.2 Example kinetics question

This is an original homework question written by Alexis Prybutok.

QUESTION. Modeling disease spread over time.

The concepts of kinetics can be used in many fields, often modeling, including epidemiology. A common

model, called the S-I-R model, is used to model the spread of disease." This simplified model tracks three

disease states, as if they were species—susceptible (S), infectious (1), and removed (R). The most common

forms of these models state the following:

Transmission of disease, and thus transition from a susceptible (S) to an infectious state (),
happens when those who are susceptible come into contact with those who are infectious. Thus,
the rate of transition from a susceptible state to an infectious state is proportional to the product of
the number of people in each state and a transmission rate constant (B).

The rate at which infectious (1) individuals transition into the removed state (R) is dependent on
how long the disease state lasts and is equal to the recovery rate constant (y) times the number of
infected individuals.

The ratio of the transition rates characterizes the overall spread of the disease.

When converted into equations, these take the following forms:

ds SI i _ S, R _
a- FPw a Py a7

Where N is the total number of individuals. The ratio that characterizes the disease spread is equal to:


https://www.npr.org/sections/health-shots/2016/04/10/473547227/for-the-navajo-nation-uranium-minings-deadly-legacy-lingers
https://www.npr.org/sections/health-shots/2016/04/10/473547227/for-the-navajo-nation-uranium-minings-deadly-legacy-lingers
https://en.wikipedia.org/wiki/Uranium_mining_and_the_Navajo_people
https://www.epa.gov/navajo-nation-uranium-cleanup/abandoned-mines-cleanup
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c=2
14
When G = 0 the disease does not spread. When G < 1, on average one infected person infects less than
one susceptible person and the disease is in decline. When G = 1, on average one infected person infects
one susceptible person and the disease is stable. When G > 1, on average one infected person infects

more than one susceptible person and the disease is spreading.

Models like this can be used to analyze the spread of disease and severity pandemics, such COVID-19
crisis we are amidst today. Imagine that we have parameters for the transition rates for COVID, starting

with one infected person in a population of 100,000 total:
B=5

y = 0.2 (corresponds to an infection period of 5 days)

Sy = 99,999
10 = 1
RO =0

a. IfS, I, and R are each in units of number of people, what are the units on 3 and y?

b. Prove using the symbols and equations provided that the total number of people N is not changing
over time.

c. Plot S, I, and R with the parameters given.

d. Apply a treatment to the base case model in part c—this will effectively increase y to 0.5 such that
individuals recover in 2 days instead of 5. Plot S, |, and R. Describe some differences between
these plots and those in part c.

e. Apply a preventative measure, such as social distancing and masking, to the base case model in
part c—this will effectively lower  to 1 such that individuals are infected at a slower rate. Plot S, |,

and R. Describe some differences between these plots and those in part c.
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Apply both the measures in parts d and e to the base case model. Plot S, |, and R. Describe some
differences between these plots and those in part c.

If you were to apply both the measures in parts d and e, how would the disease spread G change
compared to the base case model in part c?

If you were to treat individuals with a vaccination, how might this affect parameters 8 and/or y?
Please explain your reasoning.

Note, this model goes straight from susceptible individuals to actively infected individuals, but skips
over those who are carriers of the latent virus prior to infection. How would you incorporate those
individuals into the model?

The model also assumes that once you are recovered, you are no longer susceptible and cannot
get re-infected. How would the model change if you could become re-infected?

In world-wide pandemics, such as the COVID-19 pandemic, systemic inequities related to access
to healthcare, occupation, discrimination, environmental conditions, housing, and educational,
income, and wealth gaps can cause dramatic downstream impacts on disease spread and
ultimately human health and survival.? Even pre-existing conditions can be related to external
inequities such as environmental injustice. These factors can also make access to interventions,
such as vaccines, highly inequitable. During the global COVID-19 pandemic, marginalized groups,
such as racial and ethnic minorities, faced increased risk of COVID-related disease contraction,
hospitalization, and death as a result of the compounded systemic inequalities listed above. When
developing disease interventions, preventions, and treatments, it is important to consider those
most vulnerable in a population. The rate at which marginalized communities contracted COVID
differed from that of more privileged groups. Thus, understanding spread and treatment in a
community might not be as simple as modeling disease spread in a single population that assumes
all individuals are equally susceptible. Please write out how you might approach modeling multiple
but interacting populations that contract the disease at different rates and may also not have equal
access to treatment and thus recovery. Please also list what factors you might need to consider

when modeling these multiple populations. You do not need to write out or solve equations, just
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describe a potential approach and important factors. You may look up examples in literature and

reference their approach, citing sources you find.

CITATIONS

a. https://en.wikipedia.org/wiki/Compartmental models in epidemiology#The SIR model

b. https://www.cdc.gov/coronavirus/2019-ncov/community/health-equity/race-ethnicity.html

c. https://towardsdatascience.com/extending-the-basic-sir-model-b6b32b833d76

B.2.1.3 Example phase equilibrium and separations question

This question was a textbook problem adapted by Lauren Simitz.

B.2.1.3.1 Original textbook problem

You are creating a process to remove hydrogen sulfide (H2S) from a feed gas. To safely remove the HS,
you will absorb it into water at 15 degrees C. The water entering for absorption is pure (e.g. mole fraction
H20 = 1) and is at a flow rate of 2,000 kmol/hr. The feed gas being cleaned initially contains 0.12 mol% H2S
and has a flow rate of 10.0 kmol/hr. You can assume both the gas and liquid flow rates remain constant

throughout absorption. The total pressure is 2.5 atm. Your goal is to recover 97% of the H2S in the water.

a. Calculate the outlet gas and liquid mole fractions of H2S.

b. Calculate the number of equilibrium stages needed using a McCabe Thiele Diagram.

Source: Wankat 12.D2

B.2.1.3.2 Modified problem containing ARDEI-context

QUESTION. Hydrogen Sulfide (H2S) Separation

Parts a and b are modified from Wankat 12.D2. with additional context on H-S.

You are creating a process to remove hydrogen sulfide (H2S) from a feed gas. H2S is a gas commonly
found during the drilling and production of crude oil and natural gas, as well as in wastewater treatment and

utility facilities and sewers [1].


https://en.wikipedia.org/wiki/Compartmental_models_in_epidemiology#The_SIR_model
https://www.cdc.gov/coronavirus/2019-ncov/community/health-equity/race-ethnicity.html
https://towardsdatascience.com/extending-the-basic-sir-model-b6b32b833d76
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Not only is H2S considered a pollutant, lowering the value of the product stream, but is hazardous to human
health; it is classified by OSHA as both “an irritant and chemical asphyxiant with effects on both oxygen
utilization and the central nervous system” [1]. Dosages above 100 ppm can kill a person within a few
breaths [1]. For these reasons, the Bureau of Labor Statistics (BLS) cites it as the leading cause of

workplace gas inhalation deaths in the United States [2].

To safely remove the H2S, you will absorb it into water at 15 degrees C. The water entering for absorption
is pure (e.g. mole fraction H20 = 1) and is at a flow rate of 2,000 kmol/hr. The feed gas being cleaned
initially contains 0.12 mol% H2S and has a flow rate of 10.0 kmol/hr. You can assume both the gas and
liquid flow rates remain constant throughout absorption. The total pressure is 2.5 atm. Your goal is to

recover 97% of the H2S in the water.

c. Calculate the outlet gas and liquid mole fractions of H2S.

d. Calculate the number of equilibrium stages needed using a McCabe Thiele Diagram.

Parts c, d, and e will require you to research using outside sources and explore demographic data

on Social Explorer. You can access content on Social Explorer by creating a free (e.g. Northwestern-

sponsored account) using your Northwestern email.

e. Based on the mole fraction of H2S now in the feed gas, if this stream leaked into the environment,
would you be in violation of the Clean Air Act? What limits, if any, exist for H2S release into ambient

air? This review paper, specifically “H2S Regulation in the US” may be helpful [3].

f. Read about what has been happening regarding hydrogen sulfide exposure in Mon Valley, PA.
Briefly describe (one paragraph of 3-5 sentences) what you learned. Consider including:
i.  What is happening with hydrogen sulfide there?
ii. Where is the H2S coming from?
ii.  What steps have been taken so far in response?
g. Now that you know the context for Mon Valley, let’'s look more specifically at the demographics of

the area. To do this, we will use an interactive mapping software linked to census data called Social


https://www.socialexplorer.com/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5777517/#S10title
https://www.socialexplorer.com/
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Explorer. Once logged in to your free account, click “Explore” under the United States map. In the

search bar at the top, type in “Clairton, PA” to put you inside the Mon Valley area.

United States

Explore over 500,000 data indicators and over 220 years of data for the United States from present to 1790, including
all Decennial Censuses, American Community Surveys and many other datasets.

Explore > Use old version >

Q. Clairton, PA

Q Clairton, PA Pt X

U’ Save to my places b Add as annotation

Create an analysis

o = £ oo

Radius  Drivetime  Walking  Cycling

Note: Analysis is created from the center of selected geography.

H Su(ii:i: Explorer,

A showtooltipon | Hover | Click 20mi  Zoom: 114

Rather than look at population density (the default), we want to change the data to look at race and income.

Note that there are dozens of other datasets, and by no means are race and income comprehensive


https://www.socialexplorer.com/
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demographics of an area with complex communities and identities present. For the sake of our analysis,

these areas will provide additional insight.

Q, Clairton, PA Compare 2 Save as...

Population Density (Per Sq. Mile)

¥ @  ACS2019(5Year Estimates)

How has it changed over time? 3yrpast  Syrpast

by Tract v a5 Shaded Area v

Showtooltipon |~ Hover  Click 20mi  Zoom: 11.4

Change data Q X

Categories  All data (by source)  Saved

2012 2013 2014 2015 2016 2017 2018 @ 2020 2021 2022

Show all years

a

g Population N Age
o,

g Sex ﬁ“ Race

0 .
9 Income ﬂ Family Structure
@ Marital Status ﬂ Group Quarters
D-@. Unmarried Partners =| Education
@ Housing @ House Value

Explore Mon Valley using the Race and Income data for 2019. Compare the racial and economic status of
Clairton, PA (Allegheny County, Census Tract 4927, 4928, 4929) where the US Steel Mill is versus West
Mifflin, PA (Allegheny County, Census Tract 3102, 4883, 4885) upwind. What may this indicate about the

relationship between chemical plants, pollution, and marginalized communities more broadly?
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h. What process may you recommend to a company that is producing H2S that is over the threshold,

rather than emitting or burning it? (Hint: What process produces the most elemental sulfur?)
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B.2.2 ARDEI-question post-question review list

B.2.2.1 Template review list

GENERAL TOPIC/CONTENT

1. What is the technical content of the question?
2. What is the ARDEI content of the question?

3. What are students being asked to do?


https://www.osha.gov/hydrogen-sulfide
https://www.bls.gov/iif/oshcfoi1.htm
https://doi.org/10.1016/j.niox.2017.09.011
https://gasp-pgh.org/2021/04/19/another-weekend-another-h2s-air-quality-exceedance-for-mon-valley/?utm_source=rss&amp;utm_medium=rss&amp;utm_campaign=another-weekend-another-h2s-air-quality-exceedance-for-mon-valley.
https://gasp-pgh.org/2021/04/19/another-weekend-another-h2s-air-quality-exceedance-for-mon-valley/?utm_source=rss&amp;utm_medium=rss&amp;utm_campaign=another-weekend-another-h2s-air-quality-exceedance-for-mon-valley.
https://gasp-pgh.org/2021/04/19/another-weekend-another-h2s-air-quality-exceedance-for-mon-valley/?utm_source=rss&amp;utm_medium=rss&amp;utm_campaign=another-weekend-another-h2s-air-quality-exceedance-for-mon-valley.
https://gasp-pgh.org/2021/04/19/another-weekend-another-h2s-air-quality-exceedance-for-mon-valley/?utm_source=rss&amp;utm_medium=rss&amp;utm_campaign=another-weekend-another-h2s-air-quality-exceedance-for-mon-valley.
https://dced.pa.gov/housing-and-development/weatherization/income-eligibility/
https://netl.doe.gov/research/coal/energy-systems/gasification/gasifipedia/claus-process

182
4. Are the students being asked to do something related to the ARDEI content, or is the ARDEI content

simply providing context/background but not related to answering the question?

RESOURCES

1. What technical resources is this question based on?
a. Are those resources cited?
b. Do students have easy and free access to those resources if needed?
2. What ARDEI resources is this question based on?
a. What did you need to learn about or find to create this question?
b. Where did you find those resources/what or who created that content?
i. Are the resources from those are affected by the issue being described?
ii. Or are the resources from those who study and publish on the issue being
described?
c. Are those resources cited?
d. Do students have easy and free access to those resources if they were curious, wanted
more information, or if needed for the question?
3. What technical resources do students need to answer the question?
a. Are those resources explicitly stated or do students need to find them themselves?
b. Do students have easy and free access to those resources?
4. What ARDEI resources do students need to answer the question?
a. Are those resources explicitly stated or do students need to find them themselves?

b. Do students have easy and free access to those resources?

ARDEI POSITIONALITY AND PREVENTING HARM

1. Whose (as in what community’s) position is being explained/uplifted?
2. How does your identity relate to those of the community in question?

3. What is the potential of this question to cause harm to students reading it?



183

4. What is the potential of this question to cause harm to students (to themselves, instructor, or other
students) through answering it?

5. What is the purpose of the question/discussion/exercise?

6. Are you confirming (or pushing back against) stereotypical attitudes and beliefs?

7. Are there places for students to confront their own assumptions and biases prior to working with
others?

8. Does the choice of problem/exercise and related reading materials and resources uphold, affirm,
sustain (or reject) systemic inequities?

9. Does the choice of technology for solving/working on the exercise uphold, affirm, sustain (or reject)
systemic inequities?

10. Does the assessment of the work uphold, affirm, sustain (or reject) systemic inequities?

B.2.2.2 Example review list completed for example separations question

This example review sheet was completed by Chloé Archuleta. Responses are listed below the question

and colored in blue.

GENERAL TOPIC/CONTENT

1. What is the technical content of the question?
The technical content provided to the student includes information on H2S, technical OSHA
requirements, and mass balance and VLE data.

2. What is the ARDEI content of the question?
The student will be provided content about the worker hazards, environmental and health impacts,
and regulations of H2S and demographic data for chemical plant locations.

3. What are students being asked to do?
The student will perform separations calculations and analyze how the relationship between
chemical plant locations and demographics disproportionately affects surrounding marginalized

communities.
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4. Are the students being asked to do something related to the ARDEI content, or is the ARDEI content
simply providing context/background but not related to answering the question?

The student is explicitly being asked to analyze the relationship between their solved technical data

(H2S removal) to current demographic data.

RESOURCES

1. What technical resources is this question based on?
This problem is modified from Wankat 12.D2., with references from OSHA and Bureau of Labor
Statistic
a. Are those resources cited?
Yes
b. Do students have easy and free access to those resources if needed?
Yes — this is a required textbook and copies are available in the library, and the other links
are free
2. What ARDEI resources is this question based on?
Review on H2S regulation and census data (Social Explorer)
a. What did you need to learn about or find to create this question?
Required a review article, news article, census data, and chemical plant locations
b. Where did you find those resources/what or who created that content?
Websites and journal articles based on national and local data
i. Are the resources from those are affected by the issue being described?
Yes — the review article and Social Explorer link are included, and instructions to
use the census data tool
i. Or are the resources from those who study and publish on the issue being
described?
c. Are those resources cited?

Yes
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d. Do students have easy and free access to those resources if they were curious, wanted
more information, or if needed for the question?
Yes
3. What technical resources do students need to answer the question?
Students require mass balance equations, vapor-liquid equilibrium data and regulation statistics.
a. Are those resources explicitly stated or do students need to find them themselves?
The McCabe-Thiele Diagram is provided, equations will be found in the textbook or class
notes, and relevant statistics are given.
b. Do students have easy and free access to those resources?
Yes, the resources are given and the links are free
4. What ARDEI resources do students need to answer the question?
Review article and Social Explorer
a. Are those resources explicitly stated or do students need to find them themselves?
Yes, the review article and census data are linked
b. Do students have easy and free access to those resources?

Yes, Northwestern provides access to both resources

ARDEI POSITIONALITY AND PREVENTING HARM

1. Whose (as in what community’s) position is being explained/uplifted?
Marginalized communities affected by chemical plant environmental consequences — specifically
for Black, Indigenous, People of Color and LatinX.

2. How does your identity relate to those of the community in quesion?
As a personal exercise, it is important understand your positionality and bias when writing these
problems and what systemic inequities you may be reinforcing as a result. If your background is
not that of the POC affected by the issue, this is a good opportunity when with the class to
acknowledge your positionality and explain that these problems are an effort to encourage ARDEI
discussion in context of their work, as you are with your own.

3. What is the potential of this question to cause harm to students reading it?
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Aspects of this problem (locations, consequences) may be triggering for a student based on
individual experiences, so this problem provides only information that is strictly necessary to explain
the problem. The problem does not include information related to violent or personal experiences
that may become triggering.
What is the potential of this question to cause harm to students (to themselves, instructor, or other
students) through answering it?
Students are mostly asked specific questions about technical data and processes not likely to
cause harm, however, the context of part (e) can be a potential source of harm to the student
answering. For example, answering this problem could be a reminder for a family member who has
had negative health consequences as a result of chemical plant emission violations and may find
the exercise triggering. While you cannot predict your students’ personal experiences, you can
encourage an understanding culture for students that may have difficulty completing this problem,
such as with a rubric adapted for these potential situations.
Additionally, this question could also prompt discussion that leads to harm of a student studying
with peers. In this situation, an open communication line can be helpful to address these situations
confidentially in a safe environment for the student.
The open-ended nature of part (e) can also be an opportunity of harm to the instructors and TAs
grading the work. For example, a student may perpetuate stereotypes of community members living
near chemical plants. Should this situation arise in a written assignment such as this, you should
check with your TAs that may have been harmed as a result of reading the response. It is also
recommended to address the situation with the student by going over community guidelines and
explaining the potential for harm. To prevent additional harm, instructors and TAs should never
share homework grades or answers between students, per FERPA regulations.
What is the purpose of the question/discussion/exercise?
The purpose of this problem is to use chemical engineering fundamentals to solve an
environmentally relevant separations problem and to contextualize hazardous wastes with
surrounding demographics.

Are you confirming (or pushing back against) stereotypical attitudes and beliefs?
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This problem pushes back against the stereotypical belief that chemical engineering education
must be only technical without understanding the impacts of hazardous waste on the surrounding
demographics. This problem as written does not introduce or reinforce any stereotypes about
community members of the surrounding chemical plant.

7. Are there places for students to confront their own assumptions and biases prior to working with
others?
This problem does not require any group work, but it is important to be mindful that these
discussions may be brought up in peer study groups. Creating a classroom culture following ARDEI
community guidelines includes making space for student self-reflection prior to assigning these
problems.

8. Does the choice of problem/exercise and related reading materials and resources uphold, affirm,
sustain (or reject) systemic inequities?
The choice of problem and related materials rejects systemic inequities by amplifying experiences
from marginalized communities.

9. Does the choice of technology for solving/working on the exercise uphold, affirm, sustain (or reject)
systemic inequities?
The chosen technologies reject systemic inequities through independent correlation between racial
and economic demographics and chemical plant geographical locations.

10. Does the assessment of the work uphold, affirm, sustain (or reject) systemic inequities?
The assessment of the work rejects systemic inequities by accommodating various acceptable

answers for open-ended questions.

B.2.3 Additional supplementary documents

B.2.3.1 The use of visual art in teaching engineering

This resource was compiled by Ayinoluwa Abegunde.

The Use of Visual Art in Teaching Chemical Engineering
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Visual stimuli can be very impactful in communicating the gravity of the situation. Below are works of Will
Willson which could be used in conjunction with the fluid dynamics example problem. The first, a drone
picture of Church Rock Uranium Mill Spill referred to in this modified problem and the second showing the

impact of the toxic environment he inhabits as a Najavo man due to the environmental damage.

The Block Museum at Northwestern is extremely open to collaboration for using art in teaching (see more

after images below).

Church Rock Uranium Mill Spill Drone: https://willwilson.photoshelter.com/gallery-image/Connecting-the-

Dots/G0000 E930SBnsNk/10000zsIKJJFRNIOQ [Series: Connecting the Dots by Will Wilson]



https://willwilson.photoshelter.com/gallery-image/Connecting-the-Dots/G0000_E93oSBnsNk/I0000zslKJJFRNi0
https://willwilson.photoshelter.com/gallery-image/Connecting-the-Dots/G0000_E93oSBnsNk/I0000zslKJJFRNi0
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Will Wilson Auto Immune Response (AIR) series. Wilson describes the series’ subject as “the
quixotic relationship between a post-apocalyptic Diné (Navajo) man and the devastatingly

beautiful, but toxic environment he inhabits.”

Browse Wilson’s collection:

https://www.extractionart.org/mocna

https://willwilson.photoshelter.com/gallery/Connecting-the-Dots/G0000 E930SBnsNk

Collaboration with the Block Museum at Northwestern

“The Block supports teaching with visual art across Northwestern campuses. Through our work with
exhibitions, collections, and programming we aspire to connect with every department and school at
Northwestern and to make The Block meaningful to your work and to your students. Faculty who have
worked with The Block come from departments as diverse as Anthropology, Art History, English, and Music,

and Schools as diverse as Engineering, Law, and Journalism. Connect with us to develop projects and


https://www.extractionart.org/mocna
https://willwilson.photoshelter.com/gallery/Connecting-the-Dots/G0000_E93oSBnsNk
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exchange ideas on how to incorporate museum experiences into teaching and research. “ - The Block

Museum

Link to Block Museum: https://www.blockmuseum.northwestern.edu/teaching-learning/index.html



https://www.blockmuseum.northwestern.edu/teaching-learning/index.html
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