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ABSTRACT

Background Immune checkpoint blockade therapy

has clearly shown clinical activity in patients with triple-
negative breast cancer, but less than half of the patients
benefit from the treatments. While a number of ongoing
clinical trials are investigating different combinations

of checkpoint inhibitors and chemotherapeutic agents,
predictive biomarkers that identify patients most likely

to benefit remains one of the major challenges. Here we
present a modular quantitative systems pharmacology
(QSP) platform for immuno-oncology that incorporates
detailed mechanisms of immune—cancer cell interactions
to make efficacy predictions and identify predictive
biomarkers for treatments using atezolizumab and nab-
paclitaxel.

Methods A QSP model was developed based on
published data of triple-negative breast cancer. With the
model, we generated a virtual patient cohort to conduct in
silico virtual clinical trials and make retrospective analyses
of the pivotal IMpassion130 trial that led to the accelerated
approval of atezolizumab and nab-paclitaxel for patients
with programmed death-ligand 1 (PD-L1) positive triple-
negative breast cancer. Available data from clinical trials
were used for model calibration and validation.

Results With the calibrated virtual patient cohort based
on clinical data from the placebo comparator arm of

the IMpassion130 trial, we made efficacy predictions

and identified potential predictive biomarkers for the
experimental arm of the trial using the proposed QSP
model. The model predictions are consistent with clinically
reported efficacy endpoints and correlated immune
biomarkers. We further performed a series of virtual
clinical trials to compare different doses and schedules of
the two drugs for simulated therapeutic optimization.
Conclusions This study provides a QSP platform, which
can be used to generate virtual patient cohorts and
conduct virtual clinical trials. Our findings demonstrate

its potential for making efficacy predictions for
immunotherapies and chemotherapies, identifying
predictive biomarkers, and guiding future clinical trial
designs.

BACKGROUND
Triple-negative breast cancer (TNBC) is an
aggressive subtype of breast cancer that lacks

" Richard J Sové," Leisha A Emens,?

expression of estrogen receptor, proges-
terone receptor, and human epidermal
growth factor receptor-2 (HER-2).' In the
past decade, immune checkpoint blockade
therapies have shown promising efficacy in
patients with melanoma and non-small cell
lung cancer, but there have been no approved
immunotherapy strategies for patients with
TNBC until recently.” In 2019, the combina-
tion of a monoclonal anti-PD-L1 antibody,
atezolizumab, and a chemotherapeutic
agent, nanoparticle albumin-bound (nab)-
paclitaxel, received accelerated approval
from the US Food and Drug Administra-
tion as firstline treatment for patients with
unresectable locally advanced or metastatic
TNBC that is PD-L1 immune cell positive,
based on results from the IMpassion130 trial
(NCT02425891).° * Whereas response rates
for patients with advanced TNBC ranged from
0% to 24% with single-agent atezolizumab,
the IMpassionl30 trial reported a response
rate of 55% with the combination of atezoli-
zumab and nab—paclitaxel.5 Importantly, the
trial showed clinically meaningful improve-
ments in median progression-free and overall
survival in PD-L1 immune cell (IC)-positive
patients with the addition of atezolizumab to
nab-paclitaxel, identifying PD-L1 expression
on tumor-infiltrating ICs as a clinically rele-
vant biomarker associated with benefit from
this combination regimen.”* While the results
of IMpassion130 established immunotherapy
as a treatment option for some patients with
advanced TNBC, it is critical to investigate
additional cytotoxic agents to be combined
with atezolizumab and other immunothera-
pies, and further evaluate biomarkers in both
PD-Ll-positive and PD-Ll-negative patient
cohorts.’

Nab-paclitaxel is a taxane-based chemo-
therapeutic agent, which is commonly used
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as a firstline treatment for patients with metastatic breast
cancer.” The addition of albumin facilitates the transport
of nab-paclitaxel into the tumor interstitium through
albondin (gp60), an albumin receptor, on endothelial
cells. Furthermore, the overexpression of osteonectin
(SPARC) on TNBC cells, which has a high affinity with
albumin, enhances the uptake of nab-paclitaxel and
the release of paclitaxel near the cancer cells.®? These
mechanisms are thought to contribute to the higher
intratumoral concentration of nab-paclitaxel compared
with paclitaxel and its other derivatives in TNBC, which
was confirmed by population pharmacokinetic (PK)
models and preclinical studies.'” "' Various pharmacody-
namic (PD) effects of nab-paclitaxel on TNBC have been
observed in preclinical studies, including its cytotoxicity
towards cancer and endothelial cells, and upregulation
of vascular endothelial growth factor A (VEGF-A) expres-
sion, which provides a rationale for combination thera-
pies with anti-VEGF agents such as bevacizumab.'*™" In
IMpassion130, a dose of 100 mg/m? nab-paclitaxel was
administered days 1, 8 and 15 every 28 days along with 840
mg atezolizumab or placebo days 1 and 15 to 902 patients
with advanced TNBC.”* This combination was supported
by the following rationale: the cytotoxic activity of nab-
paclitaxel enhances tumor-specific antigen release, with
and uptake by and subsequent maturation of antigen-
presenting cells (APCs) in the tumor and tumor-draining
lymph nodes (TDLNs), and atezolizumab reverses T cell
suppression by selectively blocking interactions between
PD-L1 and programmed death 1 (PD-1) on ICs and
cancer cells, as PD-L1 can be expressed in TNBC.'®

To accompany clinical efforts to develop thera-
pies and informative biomarkers that improve clinical
outcomes, multiple quantitative systems pharmacology
(QSP) models have been developed using various
approaches.'”™? Hardiansyah et al'’ proposed a model to
simulate cellular kinetics and cytokine profiles in patients
with chronic lymphocytic leukemia receiving chimeric
antigen receptor T cell therapy, which was trained by
patientlevel data. Betts ¢t al® presented a model to
predict the efficacy of CD3-bispecific antibody therapy
using in silico, in vivo and in vitro data across species.
Gong et al'” built a spatial model to simulate interactions
between cancer cells and stromal cells and predict the effi-
cacy and biomarkers of immunotherapy based on digital
pathology data. In our previous studies, we developed
an ordinary differential equation-based QSP platform to
predict results of a clinical trial in HER-2 negative breast
cancer using anti-PD-1 and anti-CTLA-4 antibodies with
an epigenetic modulator, using in vitro and in vivo data
from preclinical studies.*’ By expanding our previous
model,20 we conducted a virtual clinical trial of nab-
paclitaxel and atezolizumab and compared our simulated
results with published population-level data from IMpas-
sion130. The virtual clinical trial aims to generate a virtual
patient cohort that can be mapped to a clinical cohort in
a specific trial. While there exist various methodologies in
the virtual patient generation, the optimization of these

algorithms is under active investigation.”’ ™ In this study,
we aim to determine the relationship between our QSP
platform and the virtual cohort with the patient cohort
and results of the clinical trial. We discuss the limitations
related to our choice of methodology, which need to be
taken into account while interpreting the present numer-
ical results and comparisons.

METHODS

Model overview

The present model is adapted from our previously
published QSP platform® using the SimBiology toolbox
in MATLAB (MathWorks, Natick, Massachusetts, USA),
which comprises four compartments: central, periph-
eral, tumor, and TDLNs. As a modular model, it was
introduced with eight modules that describe the kinetics
and dynamics of effector T cells (Teff), regulatory T
cells (Treg), cancer cells, APCs, tumor-specific neoanti-
gens and tumor-associated self-antigens, immune check-
points, myeloid-derived suppressor cells (MDSCs), and
therapeutic agents.”” In this study, we added a chemo-
therapeutic module for nab-paclitaxel, modified tumor
growth and PD-L1 dynamics, and further expanded the
T cell module for naive T cell kinetics in this study. The
dynamics of the major species in the model are illus-
trated in figure 1A, including: immune activation of naive
CD8" and CD4" T cells in the TDLNs by tumor-specific
neoantigens and tumor-associated self-antigens; T cell
trafficking throughout the body; immune evasion medi-
ated by immune checkpoints, Treg, MDSCs, and anti-
inflammatory cytokines; and PK/PD of drugs of interest.
The modules were written using MATLAB scripts and
incorporated 271 parameters, 140 ODEs, and 54 alge-
braic equations in total. Details of all the modules are
elaborated in the online supplemental methods, and full
lists of model parameters, reactions, algebraic equations,
and cellular and molecular species are presented in the
online supplemental tables S1-S6).

Model initiation and simulation settings

The model workflow is illustrated in figure 1B with five
steps: (1) load baseline parameters into the MATLAB
workspace and initialize the SimBiology model with initial
compartments and simulation settings; (2) add modules
that include model species, rules, and events by calling
the corresponding MATLAB functions; (3) simulate to
find the initial condition with baseline parameters and
a desired initial tumor diameter; (4) create SimBiology
dose objects for drugs of interest and simulate therapy;
and (5) generate a number of parameter sets to perform
virtual clinical trials and subsequent analyses. The base-
line parameters are estimated or fitted based on in vitro
and in vivo experimental data generated using TNBC cell
lines from literature (online supplemental methods).
After model initialization with baseline parameters and
required modules, a simulation is performed with a
small number of cancer cells and a desired initial tumor
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diameter. The desired initial tumor diameter corre-
sponds to the pretreatment tumor size of a patient in the
clinical trial. Once the initial tumor diameter is reached,
the amount of model species and parameter values are
saved as the initial condition, which corresponds to the
pretreatment condition of the patient in the clinical trial.
The model is then reinitialized with the previously saved
initial condition and simulated with drugs of interest. A
sample of model outputs is presented in online supple-
mental figure S1.

Virtual patient generation and virtual clinical trial

The virtual clinical trial, or in silico clinical trial, aims to
predict the efficacy of drugs of interest in patients with
particular conditions (eg, melanoma and TNBC) using
the virtual patient cohort.”** To generate a virtual patient
cohort that resembles the clinical population, a subset of
model parameters is selected to be varied, while others
are kept at the baseline level. The selected parameters,
such as antigen binding affinity, the number of tumor-
specific T cell clones, initial tumor diameter, and PK/PD
parameters of nab-paclitaxel aim to capture the interin-
dividual variabilities in real patients. The distributions

of these parameters are estimated based on available
literature data on TNBC. With the majority of the model
parameter values estimated based on in vitro and in vivo
data, we use data from clinical trials to further calibrate
the distribution of varied model parameters. Specifically,
the published clinical results from NCT01375842 and
the placebo comparator arm of the IMpassion130 trial
are used for model calibration, and the results from the
experimental arm of the IMpassionl30 trial are used for
model validation.

To perform a virtual clinical trial, the model is first
initialized as described by steps 1-2. The values of selected
parameters are randomly generated based on the cali-
brated parameter distributions using Latin Hypercube
Sampling (LHS), with each parameter set representing
a potential virtual patient. Each randomly assigned
parameter set is then plugged into the model to simulate
tumor response to the therapy following steps 3-4. For
postprocessing after the simulation, the potential virtual
patients are filtered by the acceptance criteria based on
their pretreatment T cell densities so that their values fall
into the physiologically plausible range in patients with
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TNBC,?' which are reported by clinical measurements.?” %

For comparison purpose, the two-dimensional (2-D) T
cell density reported by the clinical measurements are
converted to three-dimensional (3-D) density using the
equation from Mi et al* In this study, the total number of
900 virtual patients are generated on calibration for effi-
cacy predictions and statistical analyses. The study serves
as the first retrospective analysis of the IMpassion130
trial using virtual patient cohorts.* To match the clinical
settings, the simulation time is set to be 400 days, which
corresponds approximately to the median follow-up time
of 12.9 months in the IMpassion130 trial.* Addition-
ally, the simulated tumor diameters are recorded every
8 weeks, which corresponds to the frequency of tumor
measurements in the clinical trial.

Statistical analysis

Global uncertainty and sensitivity analysis are performed
with  LHS and Partial Rank Correlation Coefficient
methods to examine the impact of varied parameters on
model observations.*® The objective response rate (ORR)
and duration of response (DOR) are predicted based on
RECIST V.1.1,"" and the 95 percentile bootstrap Cls are
calculated for comparison between model predictions
and clinical results. In subgroup analysis, 95% Agresti-
Coull CIs are estimated for the ORR predictions based
on the normal approximation for the binomial distribu-
tion. For comparison of model observations in subgroups
of different response status and treatment regimens, the
Wilcoxon test is performed using ggpubr package in
RStudio V.1.2.%

RESULTS

Efficacy predictions of the PD-L1 inhibitor

In the previous study, we made prospective predictions
of response rates for PD-1 and CTLA-4 inhibitors, and an
epigenetic modulator, using the same dose regimens of
an ongoing clinical trial in patients with HER-2 negative
breast cancer at the time.*” Our predicted response rate
of anti-PD-1 monotherapy fell into the range reported
by multiple clinical trials of PD-1 inhibitors, such as
nivolumab and pembrolizumab, in patients with breast
cancer.’” To calibrate our modifications made in this
study, we first conduct a virtual clinical trial using a PD-L1
inhibitor, atezolizumab, in virtual patients with TNBC
and compare with the results from a phase I clinical trial
reported by Emens et al® In this phase I trial, 116 patients
with metastatic TNBC were enrolled and received atezoli-
zumab treatment. Among the 116 patients, 93 patients
received 15 mg/kg atezolizumab, 1 patient received 20
mg/kg atezolizumab and 22 patients received 1200 mg
atezolizumab, every 3 weeks. One hundred fifteen of the
116 patients had evaluable disease and were included to
calculate the ORR by RECIST V.1.1.% In summary, 11
patients had partial or complete response, 15 patients had
stable disease, 73 patients had progressive disease and 16
patients died within 6 weeks after treatment started. The

results correspond to an ORR of 10%, a percentage of
stable disease of 13%, and a percentage of progressive
disease of 77%.

To perform avirtual clinical trial thatis comparable with
the phase I trial, we aim to reproduce the clinical settings
in our model simulations. Since most of the patients
received 15 mg/kg or 1200 mg atezolizumab, we use 1200
mg atezolizumab every 3 weeks in the virtual clinical trial
due to alack of information of patients’ body weights. On
calibration of the parameter distributions in the virtual
patient generation, we generate 900 virtual patients based
on our filter criteria specified in the Methods. To match
the number of patients enrolled in the clinical trial, we
perform 1000 bootstrap resampling of 99 virtual patients
from the virtual patient cohort and calculate the boot-
strap medians and the 95 percentile bootstrap CIs for
efficacy predictions. The resulting median ORR is 13.1%
with a CI from 6.1% to 20.2%; the median percentage of
stable disease is 64.7% with a CI from 52.5% to 73.7%;
and the median percentage of progressive disease is
23.2% with a CI from 14.1% to 32.3%. By comparison,
the clinically observed ORR from the phase I trial falls
into the bootstrap CI reported by the model predic-
tion. However, the model overestimates the percentage
of stable disease and underestimates the percentage of
progressive disease when compared with clinical obser-
vations. This shift of model prediction from progressive
disease to stable disease is, at least partially, due to the
lack of model prediction for metastasis. As reported by
Emens et al,”” a number of patients are considered to
have progressive disease due to newly detected lesions
(ie, newly detected metastases), even with a reduction of
overall tumor burden.

To better virtualize the difference between the model
predictions and the clinical results, we plot the rate of
response and the best overall response as the spider plot
and waterfall plot, respectively, in figure 2A. The figure
demonstrates the capability of virtual clinical trials to
capture the interindividual variabilities, as the tumor
dynamics of the virtual patient cohort resemble those
reported by the clinical trial. To further explore the
results, we plot the distributions of potential predictive
biomarkers in figure 3 and compare their differences
between responders and non-responders. As shown in
the figure, the number of tumor-specific T cell clones,
binding affinity (K ) of neoantigens, CD8" and CD4"
T cell densities, CD8"/Treg and CD4"/Treg ratios are
significantly higher in responders, which shows consis-
tency with our previous model predictions and clinical
evidence.®* ¥

Virtual clinical trial of atezolizumab and nab-paclitaxel

To specifically calibrate the parameters related to chemo-
therapy, we performed another virtual clinical trial using
the treatment regimens from the IMpassionl30 trial.
The trial contains two treatment arms: placebo plus nab-
paclitaxel (placebo comparator) arm and the atezoli-
zumab plus nab-paclitaxel (experimental) arm. In the
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placebo comparator arm, 100 mg/m?* dose is administered
days 1, 8, and 15 every 28 days (Q3/4W), and in the exper-
imental arm, a placebo or 840 mg atezolizumab is admin-
istered days 1 and 15 every 28 days (Q2W). As reported
by Schmid et al,* the ORRs of nab-paclitaxel with placebo
and nab-paclitaxel in combination with atezolizumab are
45.9% and 56.0%, and the DOR for the two regimens are
5.6 and 7.4 months, respectively. To simulate the efficacy
of nab-paclitaxel, we introduce a new module to the QSP
platform, which incorporates the current knowledge of
mechanisms of action of nab-paclitaxel. In summary,
the nab-paclitaxel PK is adapted from the published PK
model by Chen et al,'’ and its PD is calibrated to experi-
mental and clinical data (online supplemental figure S2).
By varying the PK/PD parameters in the virtual patient

generation, we are able to account for the interindividual
variabilities in the drug delivery and resistance.

Similar to the atezolizumab monotherapy, the virtual
patient cohort is generated on calibration to perform the
virtual clinical trial. As shown in figure 2B and C, the rate
of response and the best overall response of the randomly
selected virtual patients are plotted. The tumor dynamics
and the shape of the waterfall plots also resemble those
reported by clinical trials of atezolizumab and nab-
paclitaxel.?ﬁ_39 To better compare the model predictions
of ORR and DOR with clinical results, we generate an
efficacy prediction table using a similar format to that
reported by Schmid et al* In table 1, we perform 1000
bootstrap resampling of 450 virtual patients from the
whole virtual cohort (900 virtual patients in total) and
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Table 1 Efficacy prediction for the virtual patient cohort generated based on calibrated parameter distribution

Variable

Nab-paclitaxel

Atezolizumab/
nab-paclitaxel

Response

Number of virtual patients

Obijective response

No. of patients (median)

% of patient (95 bootstrap percentile)
Complete response

No. of patients (median)

% of patient (95 bootstrap percentile)
Partial response

No. of patients (median)

% of patient (95 bootstrap percentile)
Stable disease

No. of patients (median)

% of patient (95 bootstrap percentile)
Progressive disease

No. of patients (median)

% of patient (95 bootstrap percentile)
Duration of response

Number of virtual patients

Median duration of response in months

(95 bootstrap percentile)

No. of virtual patients with ongoing response after 400 days of
treatment in model simulations (%)

450

209
46.4 (41.0-52.0)

9
2.0 (0.7-3.9)

200
44.4 (38.9-50.7)

138
30.7 (25.7-36.2)

103
22.9 (18.2-27.6)

209
5.6 (5.6-7.5)

69 (33.2)

450

266
59.1 (53.2-64.7)

11
2.4 (0.9-4.4)

255
56.7 (50.6-62.2)

106
23.6 (18.7-28.2)

78
17.3 (13.1-21.6)

266
7.5 (5.6-9.3)

87 (32.7)

Bootstrap median and Cls are reported.

calculate the bootstrap medians and the 95 percentile
bootstrap CIs for the endpoint predictions in each treat-
ment regimen. While most of the efficacy predictions
overlap with the ranges reported by the clinical trial
(table 1; online supplemental figure S2), the complete
response rate is underestimated. Although we predict
a tumor smaller than 2 mm as a complete response by
assuming limited detectability by imaging modalities,
a tumor that is smaller than 2 mm can be detected in
some cases. ™ Additionally, the inhibitory effect of MDSC,
Treg, immune checkpoints, and cytokines on Teff may be
overestimated by the model, which together lead to the
underestimation of complete tumor eradication.

As shown in figure 3, the distributions of potential
predictive biomarkers show different trends in the three
treatment regimens. Unlike atezolizumab monotherapy,
the pretreatment MDSC density, the number of tumor-
specific T cell clones, neoantigen K, and CD4'/Treg
ratio are not significantly affected by the response status.
This prediction suggests that the efficacy of chemotherapy
may not depend on the reversal of the inhibition on pre-
existing Teffs, but on the therapy-induced activation of
immune response by newly released tumor antigens.
Interestingly, figure 3 shows that the pretreatment CD8"/

Treg ratio is significantly lower in the responders of nab-
paclitaxel monotherapy, which does not match our expec-
tation. In figure 4, we divide the virtual patient cohort
into subgroups by their pretreatment values of selected
biomarkers and calculate the corresponding ORR with
the 95% Agresti-Coull CI. The CIs for subgroups based
on the CD8" and CD4" T cell levels show significant differ-
ences in the corresponding response rates, while those
for other subgroups overlap. These results suggest that
the response to combination therapy of PD-LI inhibi-
tors and nab-paclitaxel correlates with high T cell levels,
although this was not observed for CD8" T cells in IMpas-
sion 130.*" ** In addition, subgroups with high PD-L1
expression and CD4"/Treg ratio in the tumor also corre-
spond to notably higher ORRs than those with low PD-L1
expression and CD4"/Treg ratio.

Performance of potential predictive biomarkers

The performance of the predictive biomarkers iden-
tified previously is investigated using a binary classifi-
cation model. As shown in figure 5, the sensitivity and
l-specificity values from each cut-off were plotted as
receiver operating characteristic (ROC) curves. CD8"
and CD4" T cell densities have higher areas under curves
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(AUGs) (0.631 and 0.659, respectively) than PD-LI
expression and CD8"/Treg and CD4"/Treg ratios (0.570,
0.507, and 0.554, respectively), further implicating their
potential to be predictive biomarkers for this double
combination regimen. However, the model-predicted
AUCGs are not as high as those reported in our previous
simulations and clinical analyses for anti-PD-1/PD-L1
monotherapy.®’ ** Furthermore, the dynamics of selected
biomarkers are investigated under the three treatment
regimens in online supplemental figure S3. The post-
treatment (week 8) to pretreatment ratios suggest that

either atezolizumab or nab-paclitaxel alone is able to
significantly reduce tumor volume and increase both
CD8" and CD4" densities in tumor within 8 weeks on drug
administration. The addition of atezolizumab to nab-
paclitaxel further significantly increases tumor volume
reduction and T cell levels, which shows an additive
effect of the double combination therapy. Interestingly,
the CD8"/Treg ratio in the tumor is significantly lowered
by nab-paclitaxel at week 8, which agrees with the in vivo
observations and needs to be validated by future experi-
mental or clinical results.**
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To further explore the effect of the biomarkers on
model predictions, we perform the global uncertainty
and sensitivity analysis using the calibrated virtual patient
distribution. As shown in online supplemental figure 54,
26 parameters are varied in the virtual patient generation,
including parameters with fitted range to experimental
data and those with estimated range that are then cali-
brated by the clinical results. Additionally, for a subset of
parameters varied in the virtual patient generation, we
sort the virtual patients by each parameter in ascending
orders and evenly divide them into multiple subgroups.
The ORR of each subgroup in the double combination
therapy is plotted against the median parameter values
in figure 6. As a result, predicted ORRs show a trend
of increase as PD-L1 expression, CD8" and CD4" T cell
densities increase, while ORRs decrease as tumor growth
rate and pretreatment tumor size increase.

Sequential therapy simulation

Now that the present QSP platform is validated by its
prediction of the additive effect of atezolizumab to nab-
paclitaxel on ORR and DOR (table 1; online supple-
mental figure S2), we aim to explore its potential for
dose optimization. To this end, we perform a series of
virtual clinical trials using various doses and schedules

of nab-paclitaxel and atezolizumab. Specifically, 840 mg
atezolizumab is administered every 2 weeks starting on day
1, week 2, or week 4 on reaching the initial tumor diam-
eter, in combination with nab-paclitaxel, and 100 mg/m?
(on days 1, 8, and 15 of a 28-day cycle), 125 mg/m2 (on
days 1 and 8 of a 21-day cycle), or 260 mg/m” (every 3
weeks) of nab-paclitaxel is administered staring on day
1, week 2, or week 4 (figure 7A-C, online supplemental
S5A-C). These selected dose schedules have been used in
clinical trials of combination therapies of nab-paclitaxel
and other therapeutic agents, which are adopted here
to avoid potential toxicity concerns.” The median tumor
volume, CD8" T cell level, and Treg density, CDS8*'/ Treg,
and CD4"/Treg ratios in the tumor at week 8 are reported
with the ORR for each combination of the treatment
regimens in figure 7 and online supplemental figure
S5. Although 260 mg/ m? nab-paclitaxel results in the
highest predicted ORR in the concurrent therapy (online
supplemental figure S5), more frequent dosing with
100 mg/m* nab-paclitaxel leads to the highest median
tumor volume reduction and CD8" T cell level at week 8
(figure 7). Notably, simulating concurrent therapy with
atezolizumab and 260 mg/m® nab-paclitaxel shows high
Treg density in the tumor (figure 7), which corresponds
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to the lowest CD8"/Treg and CD4'/Treg ratios among
the combination regimens (online supplemental figure
S5). This upregulation of Treg density was also observed
in a preclinical in vivo study of murine TNBC treated with
paclitaxel.** Overall, the virtual clinical trials suggest that
concurrent therapies of atezolizumab and nab-paclitaxel
lead to better response than sequential therapies, and the
model predictions agree with the clinical observation that
weekly 100 mg/m? nab-paclitaxel shows similar efficacy
to 300 mg/m2 every 3 weeks dosing but with reduced
toxicity.45

DISCUSSION

In this study, we introduce multiple modifications to our
previously developed QSP platform, including a new
nab-paclitaxel module and modified cancer, T cell, and

checkpoint modules.” ***” The addition of nab-paclitaxel
begins our attempt to make efficacy prediction for combi-
nation therapies involving checkpoint inhibitors and
chemotherapeutic agents. While nab-paclitaxel has been
approved for the treatment of metastatic breast cancer, its
efficacy when combined with other types of therapeutic
agents is still under investigation. Here, we implement all
the known effects of nab-paclitaxel on TNBC cell lines,
including its cytotoxic, angiogenic, and antiangiogenic
activities, as reported by in vivo preclinical and clinical
observations.”* ™™ As we incorporate all the mechanisms
of action into the model, we are able to investigate the
overall effect of nab-paclitaxel on tumor dynamics. In
addition to the new module, the available clinical data of
T cell levels in patients with TNBC allow us to expand the
T cell module to better describe the dynamics of naive T
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Figure 7 Model simulation of sequential therapies using various nab-paclitaxel doses and schedules. Top row (A-C) represents
the median tumor volume after 8 weeks of each dose regimen; middle row (D-F) represents the median CD8" T cell density at
week 8; and bottom row (G-I) represents the median Treg density in the tumor at week 8. Administration of nab-paclitaxel starts
on day 1 (A,D,G), week 2 (B,E,H), and week 4 (C,F|l) on reaching initial tumor diameter.

cells, CD4" helper T cells, and the interactions within the
T cell subsets, such as Th to Treg transdifferentiation. As
shown in figure 3, CD8', CD4", and Treg densities in the
tumor all fall within the physiologically realistic ranges
reported by clinical measurements.”*’ Furthermore, the
upregulation of PD-L1 expression by interferon gamma
(IFN-y) in the tumor is implemented into the checkpoint
module to account for the negative feedback mechanism
that follows the tumor infiltration of lymphocytes.*® This
mechanism allows us to better predict the dynamics of
PD-L1 expression during the therapy and how it is associ-
ated with the response to the combination therapy.

In this retrospective clinical trial analysis using our
proposed QSP platform, we demonstrate its potential

for making efficacy predictions of checkpoint inhibitors
and chemotherapeutic agents by conducting virtual clin-
ical trials. When the distributions of model parameters
are calibrated by data from the two monotherapies, the
model-predicted efficacy of atezolizumab in combination
with nab-paclitaxel overlaps with the experimental arm
of the IMpassion130 trial.* However, the comparisons
between our model predictions and the clinical results
also reflect the limitations of the present model. Partic-
ularly, the efficacy prediction for atezolizumab mono-
therapy shows a shift from progressive disease to stable
disease. This discrepancy is due to the complexity of the
immune system and the clinical settings that cannot be
entirely captured or reproduced by model simulations.
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Using model simulations, we identify the objective
response status of the virtual patients by their best overall
response assuming a spherical tumor. In other words,
virtual patients with a reduction of tumor size more than
30% at any time point of the simulation are considered
as partial or complete responders; those with an increase
of tumor size more than 20% within 8 weeks on the dose
administration are considered to have progressive disease;
and the rest are considered to have stable disease.”’ In
reality, the characterization of response status is also
impacted by other conditions, such as patients’ survival,
new metastatic lesions, the definition of tumor burden
as the sum of largest diameters, and resolution of the
imaging modalities, all of which are likely to cause a devi-
ation from model predictions.

In the biomarker analysis, the model first confirms that
the number of tumor-specific T cell clones (as a measure
of tumor mutational burden) and T cell densities in the
tumor are associated with response status in single-agent
PD-L1 blockade therapies.® ** For the combination of
atezolizumab and nab-paclitaxel, the model confirms that
subgroups with high PD-L1 expression have higher ORRs,
even though the increase is not as significant as reported
by the trial. Besides, the model identifies that CDS8" and
CD4' T cell levels are the best two predictive biomarkers
due to their significantly higher medians in responders
and the significantly higher ORR in subgroups with
high levels of T cells (figures 3 and 4). Although similar
correlations are observed in neoadjuvant chemotherapies
using other cytotoxic agents,*' * the performance of these
biomarkers needs to be explored in combination treat-
ments. Nonetheless, there exist discrepancies between
model-predicted biomarkers and clinical observations in
chemotherapy. As shown in figure 3, the pretreatment
CDS8'/Treg ratio is significantly lower in the responders
of nab-paclitaxel monotherapy, but this correlation has
not been confirmed by clinical studies. In fact, patholog-
ical complete response rate is reported to be significantly
higher in patients with early-stage TNBC in high-CD8"/
FoxP3' ratio group during FEC100 treatment.* Although
this discrepancy is possibly due to the differences in treat-
ment regimens and immunobiology between early-stage
and metastatic TNBC, the relationship between CD8"/
Treg ratio and response status in nab-paclitaxel treatment
remains to be confirmed by clinical studies.

Furthermore, due to the promising synergistic effect
of sequential therapies using checkpoint inhibitors and
other therapeutic agents in multiple cancer types, we
performed a series of in silico clinical trials to investi-
gate the optimal dose schedule of atezolizumab and nab-
paclitaxel for TNBC. The results suggest that concurrent
therapies result in higher ORRs and T cell densities than
sequential therapies. In addition, although 260 mg/m?
every 3 weeks nab-paclitaxel corresponds to the highest
ORR, more frequent doses with 100 mg/mg Q3/4W (on
days 1, 8, and 15 of a 28-day cycle) have similar ORR and
higher CD8" T cell levels with potentially less toxicity.”
Clinical data from other trials involving checkpoint

inhibitors and chemotherapy in TNBC would be valu-
able for model calibration and validation, such as IMpas-
sion132 and KEYNOTE-355. Notably, the simulated
dose regimens are adopted from the existing clinical
trial protocols whose safety has been tested clinically
to avoid potential toxicity concerns. Future incorpo-
ration of toxicity prediction into the QSP platform will
allow optimization of dose intensity and frequency for
atezolizumab. In a recently published study, Ma et alP'
suggest cytokine release syndrome, which is a common
dose-dependent adverse event caused by cancer immu-
notherapy, to be predicted by mechanistic modeling of
interleukin-6 expression. However, this method requires
mechanistic understandings of immune-related adverse
effects and patientlevel data from clinical trials for
model implementation, which is currently unavailable for
atezolizumab.

Overall, the predictive power of virtual clinical trials
depends on three factors: translation of molecular and
cellular mechanisms into model reactions, parameter
estimation using experimental data, and calibration of
the virtual patient distribution. First, the QSP model aims
to incorporate the current knowledge of molecular and
cellular mechanisms to make accurate predictions based
on preclinical observations. However, the phenotypic
observations may not reflect the true mechanisms behind
them. In many cases, hypotheses have to be made to incor-
porate the observed dynamics into the model. In addition,
the degrees of mechanistic detail are limited by the scope
of the model. For example, the development of chemo-
resistance is known to be related to cytokines, membrane
proteins, gene expression changes, and many other path-
ways in cancer cells.” Since it is not pragmatic to incorpo-
rate all known mechanisms into the model in every detail,
a constant effort to optimize the level of model complexity
is essential. Second, the parameter estimation remains
one of the major challenges when building QSP models,
given their high levels of complexity. In this study, most of
the parameters are estimated using experimental data of
breast cancer, as our goal is to simulate tumor dynamics
in patients with advanced TNBC. However, a number of
issues remain to be explored: how to adjust parameters
for spatial heterogeneity or for the tumor that metasta-
sized from its primary tumor site? How are parameters
derived from animal data translated to humans? How
to account for potential covariance between the model
parameters in the virtual patient generation (eg, between
body surface area and PK parameters)? Third, the distri-
butions of parameters varied in the virtual patient genera-
tion are calibrated by clinical results, which can be biased
toward the inclusion criteria of the trial. Notably, there are
a number of methods for the virtual patient generation
with different algorithms to address potential biases.*' ™
Here, we use the methods that are similar to the recently
published studies.”® ** The optimal techniques for virtual
patient generation based on the availability of clinical
data is an active area of research that is undergoing rapid
development.
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