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Phase T oncology clinical trials often comprise a limited number of patients
Correspondence . . . e . ..
. . representing different disease subtypes who are divided into cohorts receiving
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Way, San Francisco, CA 94080, USA. treatment(s) at different dosing levels and schedules. Here, we leverage a previ-
Email: hosseini@gene.com ously developed quantitative systems pharmacology model of the anti-CD20/CD3

T-cell engaging bispecific antibody, mosunetuzumab, to account for different
dosing regimens and patient heterogeneity in the phase I study to inform clini-
cal dose/exposure-response relationships and to identify biological determinants
of clinical response. We developed a novel workflow to generate digital twins
for each patient, which together form a virtual population (VPOP) that repre-
sented variability in biological, pharmacological, and tumor-related parameters
from the phase I trial. Simulations based on the VPOP predict that an increase in
mosunetuzumab exposure increases the proportion of digital twins with at least
a 50% reduction in tumor size by day 42. Simulations also predict a left-shift of
the exposure-response in patients diagnosed with indolent compared to aggres-
sive non-Hodgkin's lymphoma (NHL) subtype; this increased sensitivity in in-
dolent NHL was attributed to the lower inferred values of tumor proliferation
rate and baseline T-cell infiltration in the corresponding digital twins. Notably,
the inferred digital twin parameters from clinical responders and nonresponders
show that the potential biological difference that can influence response include
tumor parameters (tumor size, proliferation rate, and baseline T-cell infiltration)
and parameters defining the effect of mosunetuzumab on T-cell activation and
B-cell killing. Finally, the model simulations suggest intratumor expansion of
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pre-existing T-cells, rather than an influx of systemically expanded T-cells, un-
derlies the antitumor activity of mosunetuzumab.

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?

The complex pharmacology of T-cell engaging bispecifics like mosunetuzumab
presents unique challenges to early clinical development, which can be addressed
by leveraging a mechanistic quantitative systems pharmacology (QSP) model. A
mosunetuzumab QSP model was previously developed and used to support the
identification of an appropriate dosing regimen to mitigate the acute safety risk
associated with T-cell engaging bispecifics. Another key challenge is the charac-
terization of dose/exposure-response relationship given the limited number of
patients, high patient heterogeneity, and variation in dosing regimen in phase I
dose escalation clinical trials in oncology.

WHAT QUESTION DID THIS STUDY ADDRESS?

This study applied a QSP digital twin approach to characterize the dose/exposure-
response during dose escalation and identify potential pretreatment biomarkers
predictive of response.

WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?

We share a novel approach to leveraging limited phase I clinical data by creating
a virtual population of digital twins using a mechanistic QSP model. We show
how we have used the virtual population (VPOP) to assess exposure response for
different clinical indications. Furthermore, based on exploration in the VPOP,
we propose potential baseline tumor characteristics as predictive biomarkers of
patient response.

HOW MIGHT THIS CHANGE CLINICAL PHARMACOLOGY OR
TRANSLATIONAL SCIENCE?

In the absence of a large sample size from the clinical trial, the dose/exposure-
response predicted by the QSP model identified using the QSP digital twin VPOP
can supplement empirical modeling approaches during dose escalation to inform
dose optimization or dose justification. The robust analysis of dose level/regi-
men enabled by the complementary approaches is of particular value given the
increased attention on dose-optimization in oncology. Finally, the use of digital
twins based on mechanistic QSP models provides a powerful approach to under-
standing the biological underpinnings of response and related biomarkers.

INTRODUCTION

Non-Hodgkin's lymphoma (NHL) is one of the leading
causes of cancer death in the United States and Europe.'
Whereas lymphomas may originate in either B-cells or
T-cells, those of B-cell origin constitute ~80%-85% of all
NHL cases. Among the B-cell NHLs, diffuse large B-cell
lymphoma (DLBCL) and follicular lymphoma (FL) are
the most common types.>* FL is considered an indolent
disease and the histological transformation of FL can lead
to more aggressive diseases, such as DLBCL, with poor
clinical outcomes.”

Mosunetuzumab, a full-length IgG bispecific antibody
targeting both CD3 (on the surface of T cells) and CD20
(on the surface of B-cells), belongs to the class of T-cell
engaging bispecific antibodies that are emerging as novel
and important therapeutic modalities in oncology. In this
regard, mosunetuzumab is a conditional agonist that re-
directs patients' endogenous T-cells to kill malignant
B-cells only upon simultaneous binding to both targets.’
Simultaneous engagement of both arms of mosunetu-
zumab results in the formation of an immunologic synapse
between a target B-cell and a cytotoxic T-cell resulting in
T-cell activation in a target- and dose-dependent manner.’
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The complex pharmacology of T-cell engaging bispecif-
ics like mosunetuzumab presents many unique challenges
to early clinical development, some of which can be ad-
dressed by leveraging a mechanistic quantitative systems
pharmacology (QSP) modeling to supplement data-driven
pharmacometric approaches:

One key challenge for early clinical drug develop-
ment of mosunetuzumab was the identification of an
appropriate dosing regimen that could improve the ther-
apeutic window, given the known acute safety risks of
cytokine release syndrome (CRS).>” We previously de-
veloped and validated a QSP model for mosunetuzumab
in NHL, integrating a diverse set of in vitro, in vivo pre-
clinical, and clinical blinatumomab data to capture the
critical interactions related to the drug mechanism of
action for both target cell killing (efficacy) and cytokine
production (CRS risk).® The model was then used to in-
form the phase Ia/Ib dose escalation design by proposing
pharmacologically plausible step-up dosing regimens to
reduce the risk of CRS by balancing efficacy consider-
ations. This model-based evaluation of the step-up dos-
ing regimen was used to support the initiation of step-up
dosing regimen cohorts in study GO29781 in patients
with relapsing/refractory (r/r) NHL (ClinicalTrials.
gov ID: NCT02500407). Clinical data generated from
G029781 (NCT02500407) has since confirmed the CRS
mitigation of the QSP model-informed step-up dosing
regimen.” !

In general, another key challenge of early clinical devel-
opment is the characterization of dose/exposure-response
relationships. During the early-stage of dose escalation,
data are evolving with limited sample size. Further com-
plicating the case for mosunetuzumab, different dosing
regimens were used across cohorts (fixed and step-up dos-
ing administration of mosunetuzumab). Interpretation of
potential signals of clinical efficacy with such low number
of subjects is further complicated due to patient heteroge-
neity inherent to phase I trial settings (i.e., variability in
disease type, baseline characteristics, and treatment his-
tory; e.g., use of prior CD20-targeting drugs).

The present work applies the concept of “digital twin
using the aforementioned mosunetuzumab QSP model to
characterize clinical dose-response relationships and to
explore potential underlying biomarkers of mosunetu-
zumab treatment response. Here, the term digital twin
refers to a virtual representation of a mosunetuzumab-
treated clinical patient that integrates patient-specific
clinical data (i.e., pharmacokinetics [PKs], tumor size,
and biomarker data) alongside other in vitro/in vivo data
within the established mosunetuzumab QSP model.® We
developed a workflow to generate digital twins, which we
refer to in more technical terms as individualized virtual
patients (iVPs), whereby the base QSP model was fitted to

»12

individual clinical measurements from a single patient in
the mosunetuzumab phase I clinical study. Each iVP thus
represented one digital twin that reproduced the clinical
measurement for the corresponding clinical patient. In
order to address biological uncertainty and underspecifi-
cation of the model, multiple digital twins with different
parameterizations of the model were identified for each
clinical patient. The collection of all digital twins to all
trial patients then forms a virtual population (VPOP) that
accounts for the patient heterogeneity from the phase I
trial encompassing variability in biological, pharmaco-
logical, and tumor-related parameters. This enabled us to
simulate the response of the VPOP to mosunetuzumab at
different dosing regimens to more robustly identify the
clinical dose-response and propose predictive biomarkers
to distinguish responders from nonresponders within the
VPOP.

Here, we present the novel QSP digital twin workflow,
and its application to (1) characterize the dose/exposure-
response relationship of mosunetuzumab in r/r NHL, (2)
assess the impact of tumor characteristics in different
subtypes of NHL, and (3) propose underlying factors in-
fluencing patient responsiveness to mosunetuzumab. The
model predictions for the VPOP were used in conjunction
with other modeling approaches, such as pharmacometric
exposure-response modeling, to increase confidence and
better inform clinical dose selection decisions.

METHODS
Clinical data

Study GO29781 (NCT02500407) is a first-in-human, mul-
ticenter, open-label, phase I/II dose-escalation and ex-
pansion study evaluating the efficacy, safety, tolerability,
and PKs of mosunetuzumab in patients with r/r NHL."
The study protocol was approved by institutional review
boards at each center. The trial was done in accordance
with the Declaration of Helsinki, International Conference
on Harmonization Guidelines for Good Clinical Practice,
and applicable laws and regulations. We obtained written
informed consent from all eligible patients.

In this work, iVPs were generated from clinical data
from 140 patients in dose escalation cohorts (clinical data
cutoff September 2019) who received mosunetuzumab
monotherapy (Table S1) in two dosing regimens speci-
fied in the Table S2. The dose/exposure-response were
assessed for the two most common subtypes: DLBCL
and transformed FL (N = 73), and FL (N = 50). Clinical
response in study GO29781 was determined using the
Cheson 2007 criteria for patients with NHL where par-
tial response is defined as greater than or equal to 50%


http://clinicaltrials.gov
http://clinicaltrials.gov

DIGITAL TWINS FOR MOSUNETUZUMAB PHASE I STUDY

| 1137

decrease in post-treatment tumor measurement (SPD) of
up to six largest dominant masses.

QSP model description

We utilized the mosunetuzumab QSP model developed by
Hosseini et al.® Briefly, this model describes the dynam-
ics of B-cells and CD8+ T-cells and their interactions with
mosunetuzumab or blinatumomab in multiple physi-
ological compartments (peripheral blood, tumor, and
lymphoid tissues including the spleen, lymph nodes, and
bone marrow). Physiological, mechanistic, PK, and phar-
macodynamic data were all integrated into the model,
including: (1) multiple activation states of CD8+ T-cells;
(2) CD19+CD20- (pro-B), and CD19+CD20+ (pre- to
mature-B) B-cells; and (3) the PKs of mosunetuzumab
and blinatumomab and their mechanistic effects (activa-
tion of CD8+ T-cells and consequent killing of CD20+ and
CD19+ B-cells, respectively). The model captures T-cell
activation, cytokine release, and target B-cell killing to en-
able concurrent prediction of efficacy- and safety-related
biomarkers. The QSP model parameters were calibrated
based on mosunetuzumab in vitro and cynomolgus mon-
keys (cyno)5 data (Figure 1la) and published blinatu-
momab clinical data (Figure 1b). The work presented here
provides novel insights that builds on the cyno virtual co-
hort generation in Hosseini et al.® through the integration
of patient-level clinical data from the mosunetuzumab
phase I study GO29781 (Figure 1c). The model was devel-
oped in SimBiology and Matlab (MathWorks).

Transient binding competition of
mosunetuzumab and rituximab

The majority of the enrolled patients with NHL in study
G029781 were previously treated with rituximab (RTX),
an anti-CD20 antibody, and were relapsed or refractory
(r/r) to the treatment. Thus, at the start of mosunetuzumab
treatment, the patients on the trial had varying levels of
residual circulating RTX, depending upon their treatment
history, dose, and the time elapsed since their last RTX
administration. Because mosunetuzumab and RTX bind
to overlapping epitopes on CD20, transient competition
of binding to CD20 can occur during mosunetuzumab
treatment in some patients until RTX washes out. In vitro,
the presence of effector-less RTX (i.e., a RTX variant that
binds to CD20 but cannot kill CD20+ B-cells) increases
the half-maximal effective concentration (EC50) of mo-
sunetuzumab® but does not reduce the maximum kill-
ing, suggesting that in the presence of RTX, similar target
cell killing can be achieved at a higher mosunetuzumab
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concentration. In the present QSP model, the effect of
competitive antagonist action of RTX on mosunetuzumab
activity was accounted for using the Schild method.* The
effective concentration, [M]. is defined as the adjusted
single-agent mosunetuzumab concentration where the
receptor occupancy of mosunetuzumab (RO,,) is equiva-
lent to the ROy, in the presence of RTX. The methodology
to account for competitive binding in the QSP model is
described in the Appendix S1.

Parameter estimation for each clinical
patient and generation of iVPs

The VPOP generation workflow is shown in Figure 2. The
iVPs, which is the technical terminology for digital twins
in this paper, were generated for any clinical patient that
had baseline and at least one post-treatment tumor meas-
urement (SPD). The model parameters for the candidate
iVPs can be classified into three categories: system param-
eters, patient-specific parameters, and tumor parameters.
The system parameters were translated from cyno calibra-
tion in Hosseini et al.® Refer to the Appendix S1 for de-
scriptions of each category.

For each clinical patient, 5000-20,000 candidate iVPs
were simulated with the patient's actual dose level and
schedule, and the goal was to select 25 iVPs out of all
simulated candidate iVPs (Figure 2, step 1). The objective
function, defined as the root mean square error between
the simulated tumor profiles and observed change from
baseline (CFBL) SPD longitudinal data, was computed for
each candidate iVP. Out of the candidate iVPs, 25 iVPs
with the lowest objective function were chosen. In cases
where there were numerous iVPs that produced low ob-
jective function (<0.05), 25 iVPs were randomly chosen
from this low objective function pool to represent the clin-
ical patient. The iVPs generated for all clinical patients
formed the phase I VPOP, allowing the prediction of the
VPOP response at a dose level/regimen (Figure 2, step 2).

The VPOP simulation procedure can be found in the
Appendix S1.

RESULTS
Generation of iVPs and VPOP

The r/r NHL VPOP consists of iVPs (i.e., digital twins)
calibrated to match 140 clinical patients from fixed dos-
ing and step-up dosing cohorts from the clinical study,
G029781. To address the underspecification of the model,
for each clinical patient, 25 iVPs were generated to explore
alternate parameterizations of the QSP model that could
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(@) Cyno calibration

(Hosseini et al. 2020)

The system parameters of cyno virtual cohort are
translated in the NHL iVP VPOP in the current study
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FIGURE 1 Model development workflow. The (a) cyno calibration and (b) clinical IL-6 calibration based on published blinatumomab
data was presented in Hosseini et al.® (c) The current study first translates biological variability from the virtual cynos to healthy individuals

and then generates a VPOP consisting of iVPs based on mosunetuzumab phase I clinical data. iVP, individualized virtual patient; Mosun,

mosunetuzumab; NHL, non-Hodgkin's lymphoma; Ph1, phase I; PK, pharmacokinetic; RTX—, baseline rituximab less than lower level of

quantification; RTX+, detectable baseline rituximab; VPOP, virtual population.

reasonably match the patient's tumor data. Because the
iVPs are generated from multiple sets of system param-
eters translated from virtual cynos, with patient-specific
parameters and additional variability in tumor superim-
posed (Appendix S1), they can yield different longitudinal
tumor predictions at other dose levels. The iVPs for two
clinical patients (one responder and one nonresponder)
are used to demonstrate the effect of alternate parameteri-
zation (Figure S2). In the two examples, all iVPs for each
clinical patient reasonably capture the patient's longitudi-
nal SPD and together yield a range of predictions for the
patient’s response across exposure levels (Figure S2C,I).
The number of SPD observations available per patient
was 3 ([2, 7]) ([10th, 90th percentile]). The three tumor

parameters in the VPOP appeared to be weakly correlated
(Pearson correlation coefficient < 0.4). The iVP generation
procedure produced at least 25 iVPs with objective func-
tion less than 0.1 for 73% of clinical patients. Fitting to
some clinical patients, especially those with an initial re-
sponse followed by a rebound resulted in higher objective
functions because the model does not include representa-
tion of potential emergent drug resistance. The iVPs for
all 140 clinical patients were included in the VPOP. Our
workflow involved generation of a data and fitting dash-
board for each patient to allow us to perform visual quali-
tative checks and monitor the goodness of fit from model
calibration. Examples of the dashboard can be found in
Figure S2.
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STEP 1. Generate multiple iVPs for each clinical study patient:
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FIGURE 2 Workflow for VPOP generation, simulation, and exposure-response analysis from phase I clinical data for the

mosunetuzumab QSP model described in Hosseini et al.® In step 1, candidate iVPs are generated using the baseline data for each study

patient and N final iVPs that best match the study patients’ longitudinal response are selected. In step 2, all iVPs for all N study patients

are used to create a VPOP that is simulated for each dose regimen, and the simulated data is used to determine the exposure-response

relationship. iVP, individualized virtual patient; Ph1, phase I; QSP, quantitative systems pharmacology; SPD, post-treatment tumor

measurement; VPOP, virtual population.

Characterization of the exposure-response
and dose-response of mosunetuzumab

in the DLBCL and FL patient populations
using iVPs

The QSP-based exposure-response plot in Figure 3 shows
the relationship between area under the curve (AUC) of
[M].¢ (AUC.p) from O to day 42 and the SPD reduction,
generated by simulating the VPOP response to a q3w dos-
ing regimen at different dose-levels. Over the range of
dose levels assessed at the time of datacut (target dose of
0.05-27mg), higher mosunetuzumab exposure leads to
a greater simulated decrease in SPD on day 42 for both
DLBCL and FL populations. The model simulations cap-
ture the variability of response in both populations as
highlighted by the 25th-75th and 10th-90th percentile
regions. In addition, the median of simulation profiles
captured the central tendency of the data. This agree-
ment provides additional confidence that the VPOP was
a reasonable representation of the phase I study popula-
tion. The central tendency of the FL VPOP (Figure 3b)
shifted to the left compared to DLBCL (Figure 3a), even
after accounting for the competition for CD20 between

mosunetuzumab against residual RTX. This trend is con-
sistent with the logistic regression exposure-response
evaluations from Li et al.,'* which found the EC50 of re-
ceptor occupancy of CD20 by mosunetuzumab required
for tumor response was lower in FL compared to DLBCL
for both overall response rate (partial response or better)
and for complete response rate. The difference between
the DLBCL and FL VPOP exposure-response relationship
results from: (1) differences in the model-estimated tumor
parameters in the iVPs from the two groups (Figure 3c—e),
and (2) the higher frequency of patients with measurable
baseline RTX concentration in the patients with DLBCL
(Figure 3f). In particular, the model estimated higher me-
dian tumor B-cell proliferation rate and higher median
tumor B:T-cell ratio (lower baseline T-cell infiltration) in
the DLBCL VPOP compared to FL VPOP.

Figures 4a and 4b show waterfall plots of the DLBCL
and FL VPOP, respectively, at different dose levels. Note that
in a clinical study with limited N per cohort, waterfall plots
may combine patient data from across several dose levels,
whereas, using iVPs, the model can generate a predicted
waterfall plot for all patients simulated under any given dos-
ing level/regimen at day 42. As the dose level increases, the
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FIGURE 3 Exposure (effective AUCp,_4,) — response (% change in SPD on day 42) for (a) DLBCL and (b) FL populations and the
distribution of model estimated tumor parameters, including (c) tumor cell proliferation rate, (d) tumor B:T cell ratio and (e) baseline SPD
for DLBCL (green) and FL (blue) populations. Note: (a, b) Red circles are the change from baseline SPD on day 42 for the clinical patients.
Black dash line, and dark and light gray shaded regions represent the median, 25th-75th percentile and 10th-90th percentile of the
VPOP, respectively. AUC,, area under the curve (AUC) of [M].¢; DLBCL, diffuse large B-cell lymphoma; FL, follicular lymphoma; iVPs,
individualized virtual patients; RTX, rituximab; trFL, transformed follicular lymphoma; SPD, post-treatment tumor measurement.

waterfall plot shifts to the left. To quantify the extent of the
shift, the proportion of iVPs with at least a 50% reduction in
SPD was calculated for each dose level and plotted against
the cumulative dose (Figure 4c,d). Although the model pre-
dicts a steep dose-response relationship at low doses, the
increase in the number of iVPs achieving at least 50% reduc-
tion in SPD by day 42 gradually diminishes at higher dose
levels for both DLBCL and FL populations.

Although both Figures 3 and 4 show a snapshot of
CFBL SPD at day 42, representing the early popula-
tion response, these results may not capture the maxi-
mum tumor reduction as some patients may achieve
deeper responses later. We thus evaluated the model-
simulated dose—/exposure-response at a later timepoint
(Figure S3). At day 84, more iVPs achieve at least a 50%
reduction in SPD.
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(a) VPOP Waterfall Plot Outlines
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(b) VPOP Waterfall Plot Outlines
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median, 25th-75th percentile and 10th-90th percentile of 500 bootstrap simulations, respectively. DLBCL, diffuse large B-cell lymphoma;
FL, follicular lymphoma; iVPs, individualized virtual patients; r/r, relapsing/refractory; SPD, post-treatment tumor measurement; trFL,

transformed follicular lymphoma; VPOP, virtual population.

Binding competition to CD20 from residual
RTX is transient and can be overcome with
higher mosunetuzumab exposure

At the beginning of mosunetuzumab treatment, 48%
(N = 67/140) of patients showed detectable residual RTX
concentration. Until RTX is sufficiently cleared, it low-
ers the effective concentration of mosunetuzumab due to
competitive binding to CD20 (Figure 5a). This transient
competition for CD20 between RTX and mosunetuzumab
contributes to the shift of the exposure-response of RTX+
iVPs (Figure 5b) to the right compared to RTX- iVPs
(Figure 5d) with AUC of [M] as the exposure metric. It
should be noted, however, that the presence of RTX at
baseline is not the lone contributor to this shift because
the majority of RTX- iVPs are from patients with FL
(Figure 3f), and therefore the higher number of FL iVPs in
RTX- subset and higher number of DLBCL iVPs in RTX+
subset also contributes to this shift. Because the [M].
is lower than [M] in the first 42days of treatment, the

AUCresponse (Figure 5¢) is shifted to the left compared
to the AUC-response curve shown in Figure 5b.

The extent of difference in tumor reduction dynamic is
dependent upon the initial RTX concentration of the VPOP
(Figure S4), where VPOP simulations were performed for
three scenarios: with no, low (5 pg/mL), and high baseline
RTX (42.5 pg/mL) at 1/2/13.5 mg of mosunetuzumab. In
the VPOP simulated with low and high baseline rituximab
(Figure S4E,F), the median % CFBL SPD reaches —50%
at later cycles (approximately cycle 5 and >6, respec-
tively) compared to the no RTX scenario (approximately
cycle 4; Figure S4D). When a higher dose of 1/2/27 mg is
simulated (Figure S41I), the rate of tumor depletion was
improved, bringing the low baseline rituximab case to
approximately cycle 3. For the high baseline rituximab,
1/2/60mg is needed for the median % CFBL SPD to reach
—50% around cycle 4 (Figure S4N). These simulation re-
sults suggest that the effect of the CD20 binding compe-
tition can be overcome by the administration of a higher
dose of mosunetuzumab.
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FIGURE 6 The time course of (a—c) percent change from baseline for tumor B-cells, (d-e) percent change from baseline for tumor
T-cells, (f-h) proportion of T cells as of total tumor cells and (i-k) percentage of activated T-cells in tumor for iVPs derived from clinical
responders (median: black dashed line; 90% CI: gray shaded region) and nonresponders (median: red dashed line; 90% CI: red shaded
region). CFBL, change from baseline; CI, confidence interval; iVPs, individualized virtual patients.

Dynamics of tumor cells and T-cells
in the tumor microenvironment
differ substantially between
responders and nonresponders

Having generated patient-matched iVPs, we sought to
examine their in silico characteristics to identify fea-
tures that might differentiate clinical responders from
nonresponders as defined by the Cheson 2007" criteria.
Figure 6 shows the simulated time course of the tumor
B-cells, T-cells, and the fraction of T- and activated T-cells
in the VPOP stratified by iVPs derived from clinical re-
sponders (partial response or complete response) and
nonresponders (stable disease or progression of disease)
for the combined NHL population. Three different dose
levels were simulated: low (0.4 mg fixed dosing regi-
men), medium (0.4/1.0/2.8 mg step-up dosing regimen),

and high dose (1.0/2.0/13.5 mg step-up dosing regimen).
At low dose level (Figure 6a), the simulated tumor B-cell
counts increase at a faster rate in nonresponders compared
to responders, whereas the average tumor T-cell fractions
return to baseline levels in both responder and nonre-
sponder subsets between dosing intervals (Figure 6d).
These suggest that neither responders nor nonresponders
can overcome the tumor growth at the low dose, and as
a result, the proportion of T-cells in the tumor decrease
(Figure 6g). In the medium and high dose simulations
(Figure 6b,c), the predicted tumor B-cells on average de-
cline in responders but increase in the nonresponders.
The tumor T-cell count in both populations increase over
time (Figure 6e,f), with the responder population having a
greater expansion of T-cells, likely due to T-cell activation
and proliferation in the presence of target B-cells at suf-
ficient mosunetuzumab exposure. Thus, the proportion of
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T-cells (Figure 6h,i) in the tumor increases in responders
due to declining B-cell count and increasing T-cell count;
the extent of increase is more apparent at the high dose
level (Figure 6i). The proportion of activated T-cells in
the tumor (Figure 6k,l) is higher in the responders com-
pared to nonresponders after the simulated target dose
administration on day 14. Subsequently, T-cell activation
diminishes in the tumor even though the same target dose
administration of 13.5 mg is simulated on days 21 and 42.
This is because T-cell activation by mosunetuzumab is
dependent on tumor B-cell count, for which the median
counts in the responders declines at this target dose level.

The simulated proportion of tumor T-cells was consis-
tent with the tumor biopsy analyses from patients treated
with mosunetuzumab, as reported in Hernandez et al.,
which showed that the extent of increase in the propor-
tion of tumor CD8+ T-cells post-treatment appear higher
in responders compared to nonresponders.'® Our simula-
tion results suggest that this trend may be explained by
both a reduction in B-cells in the tumor and the increase
of T-cell number in the tumor. This analysis suggests care
be taken in interpreting changes in fractional composition
when both populations may be changing.

Model-inferred baseline tumor
characteristics differ substantially between
responders and nonresponders

The simulated on-treatment behavior of the B- and T-cells
in the tumor is influenced by the tumor parameters (i.e.,
tumor B-cell proliferation rate, B:T-cell ratio, and baseline
SPD), the B-cell killing parameters of mosunetuzumab
(EC50 and maximum effect), T-cell activation param-
eters of mosunetuzumab (EC50 and maximum effect),
and baseline RTX concentration. Histograms of these
model parameters for iVPs derived from clinical respond-
ers and nonresponders reveal underlying differences in
model-inferred tumor properties between the two groups.
Specifically, the baseline B:T-cell ratio, tumor B-cell pro-
liferation rate, and baseline SPD, are generally higher in
iVPs derived from nonresponders (Figure 7).

The estimated maximum effect of B-cell killing rate
and T-cell activation rate were higher in responders com-
pared to nonresponders (Figure 7e,g), suggesting that
the response in patients could plausibly be attributable
to both increased number of activated T-cells as well as
improved killing of B-cells by the activated T-cells. In the
VPOP, the values and variability of drug-related parame-
ters from the virtual cyno cohort from Hosseini et al.® are
assumed to be conserved in patients. This assumption is
supported by in vitro data reported by Sun et al. where
the target cell killing EC50 for various B lymphoma cell

lines by mosunetuzumab was within the range of healthy
donor peripheral blood mononuclear cell.’

As previously discussed, CD20 binding competition to
residual RTX may also affect tumor reduction dynamics,
in addition to the tumor and drug properties. Figure 7h
shows that the responder subset has lower baseline RTX
level compared to the nonresponders.

DISCUSSION

In oncology drug development, clinical dose finding of
novel therapeutic agents in early phase I studies can be
challenging due to the patient heterogeneity, the small
sample size per cohort, and variation of dosing regimens.
Here, we have developed a digital twin-based QSP VPOP
approach to predict the dose/exposure-response relation-
ship for mosunetuzumab in patients with r/r NHL. Each
clinical patient from the early dose escalation cohorts of
study GO29781 is represented by a set of digital twins, and
simulation of digital twins over a range of dose regimens
synthetically enriches the limited and evolving clinical
data. These predictions have supplemented the total-
ity of clinical evidence, including other more empirical
and data-driven approaches, such as logistic regression
modeling and provided a complementary, mechanis-
tic interpretation of clinical dose-response relationship.
Furthermore, the mechanistic nature of the QSP model
allows the identification of potential biological differences
in patient subsets that influence response to therapy.

The model-predicted dose/exposure-response is gener-
ally consistent with the preliminary empirical exposure-
response analysis from Li et al."* The two complementary
approaches during the dose-escalation of mosunetu-
zumab supported and increased confidence in selection of
dose for pivotal clinical expansion cohorts. The bottom-up
approach of QSP modeling utilizes the totality of evidence
including mechanistic understanding, preclinical, clini-
cal, and competitor data. In the absence of a large sam-
ple size from the clinical trial, the QSP digital twin VPOP
represents a quantitative way to predict population-level
behaviors by accounting for the biological variability
that underlies differential target engagement and disease
modulation in the patient population. As the biological
underpinnings and response kinetics and are explicitly
described, the QSP model also enables extrapolation to
novel dose regimens or disease context in the absence of
clinical data. Conversely, a limitation of the QSP model is
that it does not include mechanisms that can lead to dose-
independent primary resistance or secondary, emergent
resistance. On that account, we have focused on predic-
tions for early tumor reduction (day 42), rather than the
best response throughout the duration of treatment. Thus,
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tumor measurement.

robust analysis of dose level/regimen enabled by comple-
mentary approaches is of particular value given the in-
creased attention on dose-optimization in oncology."’

The model provided useful insights for designing
treatment regimens across NHL histologies with ag-

gressive (e.g., DLBCL) versus indolent (e.g., FL) disease
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characteristics. Between the DLBCL and FL VPOPs, the
model predicts a shift of the exposure-response relation-
ship (Figures 3a,b and 4c,d), attributable to differences in
estimated tumor parameters; specifically the fitting pro-
cess yielded higher B-cell proliferation rate and higher
baseline tumor B:T-cell ratios in DLBCL digital twins
(Figure 3c-e) despite no a priori assumption of differ-
ences between the disease subtypes. The higher estimated
tumor proliferation rate in DLBCL digital twins compared
to FL (Figure 3c) appear consistent with clinical defini-
tion where aggressive NHL subtypes (e.g., DLBCL) prog-
ress rapidly compared to indolent subtypes (e.g., FL). The
contribution of the higher tumor proliferation rate to
lower response in DLBCL compared to FL (Figures 3a,b
and 4c,d) is also consistent with a meta-analysis from
NHL studies reported by He et al.,'® where the expression
of the cell proliferation marker, Ki67, in NHL negatively
correlates with disease-free survival and overall survival.
With respect to the relative abundance of target B-cells
and T-cells, the B:T-cell ratio has been demonstrated in
vitro'® and in vivo® to alter target cell killing by T-cell en-
gaging bispecific antibodies, although it is not currently
known whether there are clinical differences in baseline
T-cell infiltration between DLBCL and FL.

These same parameters of tumor B-cell proliferation
rate and baseline tumor B:T-cell ratio were also found
to differ between clinical responder and nonresponder
subsets of the VPOP (Figure 7). The B:T-cell ratio of the
digital twins is skewed to lower values in responders
(i.e., greater T-cell infiltration at baseline), suggesting a
potential diagnostic hypothesis that is supported by pre-
clinical® and clinical findings to date. Belmontes et al.*
observed that both the tumor to T-cell ratio and tumor
doubling time influenced the responsiveness of tumor xe-
nografts to T-cell engaging bispecifics. From the clinical
front, baseline %T-cell in the tumor derived from tumor
biopsy immunohistochemistry assessment from patients
receiving mosunetuzumab is trending lower in patients
with progressive disease compared to responders, com-
parable with the model-inferred values (Figure S5), even
though this was not enforced as a constraint in our model
calibration workflow. Besides the tumor parameters, the
maximum effect of B-cell killing rate and T-cell activation
rate were found to be higher in responders compared to
nonresponders. Given that our analysis showed that mul-
tiple independent factors influence the clinical response
to mosunetuzumab, a multifactor biomarker diagnostic
approach should be considered for further exploration
both in silico and in clinical biomarker data.

During treatment with sufficient mosunetuzumab ex-
posure, model-simulated tumor T-cell number increases
over time with responders having a greater extent of T-cell
growth (Figure 6d-f) and, consequently, improved tumor

killing (Figure 6a-c). Increases in on-treatment T-cell
number can result from either the in situ proliferation
of the existing T-cells in the tumor, or the trafficking of
T-cells from other sites into the tumor. To evaluate the
contribution of T-cell trafficking to tumor cell killing, we
simulated the VPOP at a high dose level with and without
allowing T-cell trafficking to/from the tumor (Figure S6).
Interestingly, artificial simulations without T-cell traf-
ficking predicted substantially greater increases in tumor
T-cells (Figure S6H) and faster tumor B-cell killing
(Figure S6L) compared to the physiologically relevant pre-
dictions which account for T-cell trafficking; this reflects
a substantial predicted efflux of expanded T-cells from the
tumor (Figure S6B). Systemic T-cell profiles in cyno, sim-
ulated and discussed in Hosseini et al.,® also highlighted
trafficking of tissue-expanded T-cells back into the blood.
These results suggest that the T-cell expansion observed in
Figure 6d—f was attributable to the proliferation of the pre-
existing T-cells in the tumor, rather than influx of systemic
T-cells into the tumor. These findings are also consistent
with observations by Belmontes et al.” that the depletion
of circulating T-cells in a syngeneic mouse tumor model
treated with a T-cell engaging bispecific did not affect an-
titumor efficacy, suggesting that tumor killing response
is not dependent upon influx of circulating T-cells in re-
sponse to T-cell engagers.

Even though the mosunetuzumab QSP model struc-
ture did not explicitly include CD20 receptors as modeled
in previous work,*"* the effect of binding competition be-
tween mosunetuzumab and RTX was evaluated using the
Schild method.'* The transient nature of the binding com-
petition (Figure 5a; Figure S5) delayed the median tumor
shrinkage of the VPOP (Figure S5) and partially contrib-
utes to the shift of exposure-response of RTX+ VPOP
on day 42 compared to the RTX- VPOP (Figure 5b,d).
However, this effect can be overcome by the administra-
tion of higher doses of mosunetuzumab, such that the
effective mosunetuzumab exposure is close to mosunetu-
zumab exposure without RTX (Figure S5).

A few VPOP generation methodologies have been pre-
viously published.”*™* Typically, the process begins with
an identification of a cohort of virtual subjects whose
simulated outputs meet certain prespecified acceptance
criteria, based on physiological bounds and observed
measurement ranges. The virtual cohort is then refined
to a VPOP by further selection or prevalence-weighting
to reproduce statistical features of the outputs/measure-
ments.”*** In the early stages of a phase I clinical trial,
however, statistical features of the clinical data can be
unreliable due to the small number of patients per dose
escalation cohort. We address this challenge by generat-
ing digital twins with alternate inferred model param-
eterizations that reproduce SPD measurements for each
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individual clinical patient. One limitation to this approach
is the underlying assumption that the clinical patients
from the dose escalation study are representative of the
overall population of interest. For populations with high
variability in treatment response, increasing the number
of clinical patients represented in the digital twin VPOP
improves the prediction interval (Figure S7).

The current approach to create the digital twin VPOP
for mosunetuzumab relies on the translation of system pa-
rameters from cyno virtual cohort,® population-level clini-
cal constraints based on the range of pretreatment tumor
lymphocyte infiltration observed in pretreatment biopsies
(Table S1), and individual data on mosunetuzumab PKs,
baseline RTX concentration, baseline circulating T and
B cell levels, and longitudinal tumor size measurement
from each patient. In the future, other individual patient
level biomarkers including pre- and/or post-treatment
tumor lymphocyte infiltration, tumor Ki67 expression, or
additional longitudinal data may also be used to create the
digital twins. In contrast to data-driven empirical creation
of digital twins that often requires rich individualized bio-
marker data, we suggest that the underlying mechanistic fi-
delity of the QSP model, biological constraints derived from
preclinical and clinical data, and the utilization of multi-
ple digital twins per individual clinical patients together
compensate for limited individualized biomarker data.
Furthermore, unlike empirical digital twins, the mechanis-
tic nature of the model allows individualized inference and
analysis of clinically unmeasured biomarkers in the digital
twins, enabling the biomarker analyses we have presented.

In this study and the prior work by Hosseini et al.,* we
have presented the use of the digital twin-based QSP VPOP
approach to evaluate efficacy of mosunetuzumab and to
support the identification of dosing regimen to mitigate
CRS risk. These demonstrate that a single mechanistic
QSP model can be applied to support the molecule's clin-
ical development for both efficacy and safety, as well as
the identification of potential biological determinants of
clinical response. Other potential applications of the QSP
model include the exploration of alternative routes of ad-
ministration, combination with other treatments, and
first-in-human dose selection for other novel indications or
treatment settings. Whereas the current study focuses on
using the digital twins to generate a VPOP for predicting re-
sponse and biomarker identification, the approach may be
further refined to generate digital twins with the capability
of forecasting an individual patient's disease trajectory for
optimization of personalized therapeutic intervention.'*
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