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Model Structure & Assumptions

Description of the OSP model

We develop a quantitative systems pharmacology (QSP) model to simulate the dynamic profiles
of various T cell phenotypes during cell therapy treatments. The model is constructed to be
consistent with underlying, theoretically relevant, biological mechanisms. The QSP model
represents fundamental mechanisms of T cell biology across multiple physiologically relevant
compartments for both endogenous and TCR-engineered T cells. These compartments include a
central blood compartment, healthy tissues, tumor and tumor-draining lymph node
compartments. The model includes biological mechanisms such as antigen-driven proliferation,
antigen-driven differentiation, cell migration/trafficking, and homeostatic proliferation and
apoptosis. The model is composed of ordinary differential equations that describe and predict the
in vivo dynamics of T cell phenotypes including stem-like memory T cells (Tsem), central
memory T cells (Tem), effector memory T cells (Tem), and effector T cells (Tetr) from the TCR-
engineered T cell therapy and endogenous T cells (Tendo) present in a patient during treatment.
See sections below for greater details on biological mechanisms included in the model, as well as

representation of tumor antigen, and lymphodepletion.

Biological mechanisms in QSP model



The following equations govern the general dynamics of TCR-engineered T cell subpopulations
in the model. Briefly, these include homeostatic proliferation and apoptosis,
trafficking/migration between compartments, antigen-driven proliferation and antigen-driven
differentiation. The details and general equations for the T cells in each compartment are shown

below.

Dynamics of TCR-engineered T cells in the blood
As an example, we display the general ordinary differential equation (ODE) for TCR-engineered

T cells in the blood.

dTblood
dt

= Gen — Apop — Traf fickToTiss(Tpipoa < Ttiss)

—TraffickToTumor(Tyi00a = Ttumor) (1)

—TraffickToTDLN (Ty100qa < Ttiss)

Where Tp;004 represents the number of TCR-engineered T cells (of a given T cell phenotype) in
the blood with population kinetic terms for generation (Gen), apoptosis (Apop), and
intercompartmental trafficking to other tissue types. Generation of T cells is modeled only to

account for homeostatic expansion when the number of T cells is below homeostatic levels:

totTcellsp1o0d

Gen = kproiif * Thiooa * (max (0,1 — %)) , where ki Tepresents the

VpB

proliferation rate for a given T cell phenotype (this value differs between T cell phenotypes, but

Tcellmax

does not change depending on the compartment this cell resides within) and represents

PB



max capacity of T cells in the blood, as a concentration. Similarly, apoptosis of T cells is

modeled to occur only when total T cell numbers exceed homeostatic levels. Apop = kgpop *

totTcellsp1o0d

Tcellmin 2
Thi00a * (max (0,1 SR ) E— )) , where kapop represents the rate constant for apoptosis for
VpB

each T cell phenotype and

Tcellmin .. .
represents the minimum amount of T cells in the blood, as a
P

Vpp

Tcellmax

concentration. The max and minimum values of T cells in tissues are the same values as
PB

nd Teetmin , scaled by the partition coefficient for that tissue. In this way, TCR-engineered T
PB

cells and Tendo cells compete with one another as Tendo expand following lymphodepletion and
TCR-engineered T cells expand following infusion and encounter with antigen. Additionally,
effector T cells do not undergo homeostatic proliferation, as they are a terminal T cell

population.
Trafficking of T cells

As shown in the kinetic terms above, trafficking can be unidirectional or bidirectional, depending
on the compartment and T cell phenotype. As an example of trafficking dynamics, we display a
general trafficking kinetic term for TCR-engineered T cells from the blood to the healthy tissue

compartment. All cells can traffic in and out of the healthy tissue compartment.

, , Tbl d Tt'
TraffleTOTlss(Tblood - Ttiss) = ktraffick * VPB < VOO * kp - % lSS) (2)
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The rate of trafficking for T cells to other tissues, takes a similar mathematical form, with the
appropriate use of a tissue-specific partition coefficient (k,,). The partition coefficient is
informed by baseline values of T cells in various tissues in healthy patients for each T cell
phenotype (see parameter Table — Supplementary Table 1). This assumes that partitioning to
tissue types will not differ due to TCR-engineering, however, the model has the flexibility to
account for altered trafficking, should there be evidence for this behavior in cell therapies. The
trafficking rate constant (K¢qffici ) differs across cell subpopulations (i.e. Tsem cells and Tem cells
will migrate at different rate constants), but does not differ for entry into the TDLN vs healthy
tissues. However, we use a separate rate constant for tumor infiltration, as this rate should differ
due to chemokines and inflammatory signals that may be present at the site of the tumor.

Once cells enter the tumor compartment, they do not migrate away from the tumor site. Only
Tem and Tesr cells traffic to the tumor, whereas Tem and Tesr cells do not traffic into the tumor
draining lymph node (i.e. only Tsem and Tem cells can enter the lymph node), due to biological

differences across these cell phenotypes.

Dynamics of TCR-engineered T cells in the tumor draining lymph node

As an example, we display the general ordinary differential equation (ODE) for TCR-engineered
T cells in the tumor-draining lymph node (TDLN).

dT7pLn

pranie Gen — Apop + Prolif — dif f(T¥on = Ty

+ dif f (T%D_LlN - Tipin) ()

+ TraffiCkTOTDLN(leclood « ’I)'Cissue)



Where T7},,y 1s a general TCR-engineered T cell in the tumor draining lymph node. In the
presence of antigen (as is the case in tumor draining lymph nodes), all but one of the TCR-
engineered T cell phenotypes in the model (Tsecm, Tem, and Tem) undergo antigen-driven
proliferation (Prolif) and differentiation (dif f) within the tumor-draining lymph node.

Antigen-driven proliferation is captured with the following michaelis-menten kinetics: Prolif =

tumor

x . .
kproti fatg * TTDLN * T where tumor represents the tumor antigen that is present
proli

(see Tumor & Antigen Representation section below) and ECs, . represents the cell’s
prolif

responsiveness to that antigen in the form of a half-saturation term. Antigen-driven proliferation

is similarly captured as a unidirectional reaction rate: dif f (T#pn = Tiain) = Keonvx *

tumor

Tipin * P where k.., x represents the differentiation rate constant of TCR-
50conv

engineered T cell x to TCR-engineered T cell x+1 (e.g. Tem cells to Tem cells) and ECsq
represents the T cell (T7p, ) likelihood of differentiation in the presence of antigen, formulated

as a half-saturation term.

As a terminal T cell subpopulation, Tefr cells do not proliferate nor differentiate into another T
cell phenotype. Tendo cells do not exhibit antigen-dependent proliferation or differentiation. As
previously stated in the trafficking section above, only Tsem and Tem cells have bidirectional

trafficking in the TDLN, whereas Tem and Tesr cells do not migrate into the TDLN.

Tumor & antigen representation



We have modeled a theoretical ‘effective antigen load’ (referred to as tumor in the above
sections and following equations) to represent tumor antigen in the tumor draining lymph node
and tumor across time. Antigen load drives antigen-driven proliferation and differentiation
mechanisms in the model. Consistent with other models of antigen load [1-3], this antigen
decreases relatively quickly across time (see Supplementary Figure 6) and is modeled to decay
exponentially to represent various biologically processes that might reduce the immune response
as time progresses following treatment. These include, but are not limited to, tumor burden size,
T -cell exhaustion, poor antigen presentation, or immune escape. Instead of independently and
mechanistically capturing these phenomena within our model, our empirical representation
implicitly captures the combined effects of each process. tumor growth and decay are captured

with the following differential equation:

dtumor ]

EPTEE tumorGrowth — tumorKill (4)
where
_ tumory\?
tumorGrowth = kprolif;mor * tumor * max (0,1 S ) (5)
Ttumor + Ttumor
tumorKill = kinhib;yyor * tumor * tumoerm tumoerf 4 -

(T&wmer + TEFT) + killsg ©

Where kprolifiymor and kinhibg, ., represent growth and decay rate constants for the
tumor/antigen, accounting for nutrient availability and other immune pressures that have not

been directly modeled at this time. Additionally, we include the model structure for the relative



number of Tem and Tesr at the site of the tumor to influence the killing of tumor cells, formulated
as a Michaelis Menten term, but at this time, these cells have very little impact due to lack of
clinical data to inform the mechanistic relationship between cell numbers and relative cell killing

(we set kills, to a small value for cells/mL, see Supplementary Table 1).

With quantitative data on T cell gene expression or exhaustion markers in a tumor draining
lymph node, the model could include more mechanism on the relationship between cellular
kinetics and antigen load. Further still, counts of TCR-engineered T cells at the site of the tumor
post-treatment, as well as tumor burden at treatment would be valuable for linking cellular

kinetics to tumor killing and representing the tumor size more appropriately within the model.

Dosing & lymphodepletion

In the model, we simulate dosing by changing the initial conditions of each of TCR-engineered T
cell phenotypes in blood according to the exact dose that was provided in each of the clinical
trials (HPV-16 E7 clinical trial and KRAS G12D in pancreatic cancer patients). All digital twins
are simulated with the same dose amount for the clinical patient whose cellular kinetics they best
match. See sections below for details on the exact dose amount and dose composition for each
clinical trial. We simulate lymphodepletion by lowering the count of endogenous T cells within
the model at the start of the simulation to levels that are typically observed following
lymphodepletion chemotherapy regimens (approximately 10 cells/uL for cells in the circulation

and ~90% cell depletion for cells in other tissues [4]). Homeostatic proliferation mechanisms



within the model drive Tendo cell counts back up toward the original baseline as TCR-engineered

T cells expand, leading to competition dynamics between these cell types.

Dose-dependent expansion

During initial model calibration, digital twin generation and analysis, we identified a relationship
between dose amount and two terms in the model. First, the total capacity of T cells in the
system appeared to depend on the dose provided in that high dose patients received a total
number of TCR-engineered T cells that is greater than the typically assigned baseline values for
T cell capacity in the blood (10° cells). We model the dose dependence with an initial
assignment formulated as a Vmax model to change the total capacity of T cells in the blood

(Tcellmax) based on total dose (tot ,se):

tot
Tcellmax = base, * <1 + Vipse dose ) 7)

*
totpse + EC504,60

Where base,, is a constant set to 10° cells and V. is maximum contribution of dose to carrying
capacity to represent the biological point at which cells can no longer proliferate, even in
situations of even higher dosing. As Tcellmax is scaled by a tissue-specific partition coefficient
and then used in other tissues to drive homeostatic proliferation and apoptosis, we only need to
do this single initial assignment to account for homeostatic mechanisms that might exhibit dose-

dependence across the system.



Secondly, the expansion of Ts.m cells appear to be dose dependent (see Supplementary Figure
1A) and the model was unable to reproduce expansion of this cell population across multiple
dose groups (data/figures not shown) without including a dose dependent term. Therefore, we
alter the antigen-driven proliferation term that is used for all other TCR-engineered T cell

phenotypes (as shown in above sections) in the following manner:

tumor

tumor + EC50,.0) ¢

tOtdose (8)
1+ Voo
- < dose * tot,,se + EC505™ )

dose

: — scm
Prouf:s'cm - kprolifatgscm * TTDLN *

Where the dose dependence of antigen-driven Tsem cell proliferation is formulated similarly to
the initial assignment for Tcellmax, with Tsem cell specific parameters: Voo and EC5057 e, .
Once we implemented these dose-dependencies within the model framework, we were able to

capture data across multiple dose group and multiple T cell phenotypes with a single reference

virtual patient (Supplementary Figure 1B; see sections below for details.)

Clinical Data

HPV-16 E7 TCR-engineered T cell therapy clinical data

For model calibration and digital twin generation, we used previously published data [5]. Briefly,

in a first-in-human, phase 1 clinical trial, 12 patients were treated with T cells engineered with a



TCR targeting HPV-16 E7 for the treatment of metastatic human papilloma virus-associated
epithelial cancers. Patients were grouped into 3 separate cohorts, wherein patients received 107 ,
10'°, or 10! engineered T cells in the low, medium and high dose cohorts, respectively. All
patients were dosed a single time, at day 0 via intravenous infusion. Seven days prior to
administration of the TCR-engineered T cell therapy, patients underwent a lymphocyte depletion
regimen of cyclophosphamide (half of all patients received 60 mg/kg, the other six patients
received a reduced dose of 30 mg/kg). All patients had received previous systemic anti-cancer

treatments.

For the purposes of this study, two patients (patient IDs 2 and 11) were removed from the dataset
due to lack of observed measurements. Reported measurements for the other 10 patients include
cell concentrations (cell/mL) of Tsem, Tem, Tem, and Tefr TCR-engineered T cells, as well as Tendo
cell concentration across time. The timepoints of measurement differ from patient to patient.
When running patient-specific simulations, we simulated dosing with the reported dose amount
as well as the reported dose composition of TCR-engineered T cell phenotypes for that

individual patient.

KRAS G12D TCR-engineered T cell therapy clinical data

To validate the model and show the utility of the digital twin methodology for another TCR-
engineered T cell therapy, we used clinical data described previously in a study of two pancreatic
cancer patients who received KRAS G12D TCR-engineered T cell therapy [6]. Both patients

received doses of CD8+ TCR-engineered T cells that were comparable in total count to the



middle dose cohort in the HPV-16 E7 clinical trial. One patient received a dose of 14.8 x 10°
cells and the other patient received a dose of 29.6 x 10° cells. Both doses contained a majority of
effector memory T cells, and patient #2 received more central memory T cells than patient #1
(see Supplementary Table 2). For both patients, total TCR-engineered T cell kinetics data is

reported as a percentage of the total number of T cells in the blood.

Model calibration, digital twin generation, & analyses

OSP model calibration: identifying a “reference virtual patient”

Successful model calibration is defined as the identification of a single mathematical structure
and associated parameter estimates that reasonably describe both the underlying biological
processes and observed measurements of cells in the blood following TCR-engineered T cell
therapies. Following model construction, we calibrated our QSP model simultaneously to each
of the three dose cohorts in the HPV-16 E7 clinical trial. We calibrated our QSP model (Figure
1) using gQSPSim, a graphical user interface MATLAB application that performs key steps in
the QSP model development process including model calibration using global optimization

methods [7].

We defined a “reference virtual patient” that reasonably describes the cellular kinetics in the
blood following treatment with TCR-engineered T cells. Specifically, we calibrated to median
values for each TCR-engineered T cell phenotype and endogenous T cell phenotype across time.

Due to variation in sampling timepoints across the patients, we selected median cell



concentration values at days 0, 75, 150, and 250 post-infusion for the low dose cohort, days 0, 8,
44, and 200 post-infusion for the middle dose cohort, and days 0, 8, 34, 100, and 250 for the high
dose cohort. Once we identified the reference virtual patient, we then re-simulated this patient
for each of the dose compositions that were provided to each patient across all the dose cohorts.
Supplementary Figure 1 displays the reference virtual patient simulations overlayed on clinical

data.

We developed a representative “reference virtual patient” that recapitulates the overall
quantitative data on multiphasic cellular kinetics after therapy with T cells engineered to target
HPV-16 E7 in epithelial cancer patients (Supplementary Figure 1B). Across three dose cohorts
(low dose - 10° cells, middle dose - 100 cells, high dose - 10'! cells), simulation of the reference
patient at each dose reproduces the cellular kinetics from patients in the corresponding dose
cohort. For the low dose group, Tsecm, Tem, Tem, and Tetr cell populations all traffic quickly out of
the blood, a process generally referred to as margination, after which blood cell concentrations
continue to wane over time. In the low dose group, neither the observed data nor the reference
virtual patient suggests expansion of the therapy in the blood. Additionally, both the observed
and simulated data show an endogenous T cell population that expands quickly following
lymphocyte depletion and then rebounds to a steady state. For the middle dose group, clinical
and simulated profiles show that while Tcm and Tem cell populations exhibit similar dynamics
with initial margination and a subsequent decline over time, Tsem and Tefr cells exhibit cellular
expansion following margination. Finally, at the high dose, both the clinical and simulated

profiles exhibit similar dynamics to the middle dose group, but with an apparently greater



relative expansion of the Tsem cell population. Together, these results verify that simulation of
the reference patient captures the dynamics of each TCR-engineered T cell subset measured, as

well as the endogenous T cells, as a function of T cell dose (Supplementary Figure 1B).

Digital twin generation

Using the reference virtual patient alone, it can be difficult to capture the individual patient
profiles and explain the heterogeneity present within the HPV E7 clinical trial. The small trial
size and large heterogeneity of cellular responses between patients pose some unique challenges.
The size of each dose cohort is very small, with only two patients in the low dose group, three
patients in the middle dose group, and five patients in the high dose group. Additionally, there is
notable interpatient variability in the cellular kinetics within and across dose cohorts. This
heterogeneity is most pronounced in the middle dose cohort, but is observed across all dose
cohorts (Supplementary Figure 1A).

The digital twin workflow is shown in Supplementary Figure 2. Digital twins were generated for
the patients in the HPV-16 E7 clinical trial, using the TCR-engineered T cell memory
phenotypes and endogenous T cell observations for each patient. In total, 10 digital twins were
selected for each of the 10 patients, generating a digital twin population of 100 simulations that
represent the cellular kinetics of the patients across the phase 1 clinical trial. The general

workflow for generating and utilizing digital twins follows three main steps:

1. Generate a set of digital twins for each clinical patient.



The first step of the digital twin generation workflow contains two main sub-components.
First, we generate many digital twin candidates, then filter through those candidate digital
twins to find the simulations that best match each patient. Each individual sub-step is
outlined below.
a. Generate numerous candidate digital twins. We simulated the QSP model
with 10,000 parameter combinations within the original parameter space for
calibration. We varied 13 parameters representing proliferation, differentiation
and trafficking for each of the cell populations.
b. For each patient, select the n=10 best simulations that match the data.
Looping through the total set of candidate digital twins, choose n=10 simulations
according to an objective function evaluation. In this case, our objective function
was specified as the sum of the squared logarithmic error for each observation, for
each T cell phenotype. Our total set of 100 digital twins consists of 10 digital
twins for each of the 10 patients. See Supplementary Table 1 for the baseline

parameter values across the digital twins.

2. Compare digital twins with an additional dataset

The next step in a digital twin generation workflow is to compare predictions with these
digital twins to an additional dataset. We compare the digital twins that were generated
based on HPV-16 E7 clinical trial data against KRAS G12D clinical trial data. We
compare the predictive digital twin simulations against TCR-engineered T cell kinetics

data in Figure 7. The comparison of the digital twins provides increased confidence for



further predictive simulations using these parameter sets in future virtual clinical trials or

other analysis.

3. Perform various analysis with digital twins

Unlike other stratification-based or virtual cohort approaches, once digital twins have
been generated, subsequent analysis at an individual level can be performed. In our
work, we utilize the digital twin simulations to predict the impact of patient-specific
variability on cellular kinetics, and isolate differences in parameter space from patient to
patient. Like virtual cohort approaches, we additionally analyze differences between the
different dose cohorts, using our set of digital twins that match patients within a single
cohort to act as a ‘virtual cohort’ to be compared against the digital twins of another dose
cohort. Finally, we predict the impact of changing the dose composition on the cellular

kinetics by re-simulating patients with different dose amounts and dose compositions.

Model environment and analysis

Model code, digital twin generation, calibration, preliminary data analysis, and figure generation
is written in MATLAB (R2020b). Model structure was created in SimBiology. ODEs are solved
using MATLAB’s ode45 solver. Initial model calibration was performed using the gQSPSim

application [7]. Parameter space analysis, including density plot generation, principal



component analysis, and global sensitivity analysis was implemented in R (v 4.1.0), using

tidyverse, ggridges, epiR and ggpubr packages.

PCA analysis to identify drivers of variability across dose groups

To identify drivers of the variable cellular kinetics across dose groups, we performed principal
component analysis (PCA) on the parameter space of the digital twin simulations. As PCA
identifies combinations of underlying parameters that best explain the variability across the
digital twins, this method provides an opportunity to explore mechanistic differences driving

differing kinetics in the different dose cohorts.

As Figure 4 shows, there is a slight delineation across dose groups in the parameter space of the
digital twins, with minimal overlap along the first principal component (PC1) between the low
and high dose groups (tan vs. orange dots, Figure 4) and the mid-dose group overlapping both in
the intermediate range. To examine the biology driving these differences, we examined the
parameters with the strongest contributions to the first two principal components, PC1 and PC2
(Supplementary Figure 3). Parameters that govern proliferation and trafficking of T cells with an
early memory phenotype (Tsem or Tem cells) were important contributors to PC1, and thus to the
differential kinetics between dose cohorts. Parameters driving PC2, specifically effector T cell
(Tetr) apoptosis rates and parameters governing endogenous T cell (Tendo) behavior further
contributed to differences between the cohorts. Note, dose amount and dose compositions were

not provided as a feature for the PCA although consistent differences between cohorts in key



biological parameter values could reflect indirect effects of dose (e.g., dose-dependence of
proliferation rate). Finally, the lack of dense clustering within each dose group in PCA space (as

shown in Figure 4) suggests potential differences among patients, even within the same dose

group.

Global Sensitivity Analysis

Mathematical modeling approaches that employ a single parameterization or utilize local
sensitivity analyses typically suffer from an inability to accurately capture the full range of
variability that might be present in experimental datasets. By sampling across a multi-
dimensional parameter space, modelers can find multiple parameterizations that can explain the
variability within the data (i.e., digital twin generation — as described above — is one such
approach). Further, by varying parameter values across reasonable ranges, one can employ
statistical techniques to assess the sensitivity of model outcomes to various parameterizations
and therefore predict the relative importance of different biological mechanisms for both
simulated and observed outcomes. These statistical techniques are generally referred to as

sensitivity analyses [8,9].

We quantify the importance of each biological mechanism involved in cellular kinetics (and
more specifically, persistence in our persister vs non-persister analysis) by finding correlations
between model parameters and outputs. Correlations between specific model outputs (such as
persistence, total T cell counts, or other model outputs) and parameters were determined by using
Partial Rank Correlation Coefficient (PRCC), where a value of -1 denotes a perfect negative

correlation between model output and a parameter and a value of +1 denotes a perfect positive



correlation between the two. For more information on these techniques, Marino et al. completed
a review of various statistical tests available to assess significance of PRCC [8] and Renardy et

al. performed a review of sampling schemes that can be paired with global sensitivity analyses

[9].
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Supplementary Figure 1: Reference virtual patient captures clinical data on circulating T cell
concentrations from the E7 T cell therapy clinical trial. (4) Clinical observations, with each
trajectory and circle markers representing one patient from the clinical trial across 3 dose
groups (separate rows — 10°, 10'°, 10" infused T cells per group). (B) Reference virtual patient

captures the observed data for Tsem, Tem, Tem, Tef; and Tenao cells across 3 dose groups (separate



rows — 10°, 10", 10'" infused T cells per group). Each separate line represents the reference

virtual patient simulated with the dose composition for each clinical patient in that dose group.



Generate a set of digital twins for each clinical patient:

a. Generate numerous candidate VPs:

V. Patient 1 o I r b
v. Patient 2 W )
v.patient 3

v. patient ) Sy acree

b. For each patient, select N best simulations that match the data

Selection Criteria:

Choose N simulations
according to obj. fn evaluation

If no matches, return to a.

Set of digital twins:

3
VP 2

VP N

Supplementary Figure 2: Sample workflow for digital twin generation prior to downstream

analysis. A) Generate numerous candidate virtual patients via simulations of unique parameter

combinations across parameter space. B) In an iterative manner, select the best simulations that

match individual patient data thereby creating a set of digital twins for each patient.
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Supplementary Fig 4: Bivariate plot for comparison of parameter space for persisters vs non-
persisters. Along the x axis, the sampled parameter space for trafficking of Tscm cells is
displayed and the parameter space for antigen-driven proliferation of Tscm cells is displayed

along the y axis. Teal represent parameter combinations whose digital twins were persisters and

peach represents non-persisters.
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Supplementary Figure 6: Reference virtual patient antigen load across time.
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