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Abstract

Immunotherapies have become a transformative therapeutic strategy for many
cancer types in recent years. Bispecific T-cell engagers (BiTEs) are one promising
immunotherapy that enhances cellular antitumour immunity by redirecting T cells
towards cancer cells. Recent evidence suggests that BIiTE efficacy can be aug-
mented by encoding BiTEs in oncolytic measles virus vectors (MV-BIiTE). Infection

of cancer cells with MV-BIiTE causes the local production of BiTEs and has shown
safety and efficacy in murine tumour models. However, whether the observed efficacy
of this treatment will translate to a heterogeneous human population is unknown. In
this work, we generate an in silico clinical trial of MV-BIiTE therapy using a system

of ordinary differential equations. We capture potential heterogeneity of individual
patients using variability in in vivo tumour volume and change in baseline (%) mea-
surements from a Phase Il clinical trial. In lieu of human MV-BIiTE data, we use the
oncolytic virus talimogene laherparepvec (T-VEC) as a surrogate oncolytic virus
carrying an immunostimulatory payload. Our predictions imply that the main drivers
of heterogeneity are the underlying effector T cell killing rate and BiTE pharmacoki-
netics. Furthermore, we find that if individuals are classified as non-responders to the
Phase Il T-VEC clinical protocol, they may respond to more frequent administration of
lower dosages. This work highlights how in silico clinical trials can provide predictions
for novel therapeutics to generate hypotheses and guide the design of treatment
schedules for clinical translation.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014533 July 30, 2026 1/24



http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1014533&domain=pdf&date_stamp=2026-08-06
https://doi.org/10.1371/journal.pcbi.1014533
https://doi.org/10.1371/journal.pcbi.1014533
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-9103-7092
https://orcid.org/0000-0002-3360-2214
https://orcid.org/0000-0003-2635-1426
mailto:adrianne.jenner@qut.edu.au

. Computational

PLOS }. Biology

and reproduction in any medium, provided the
original author and source are credited.

Data availability statement: The code
generated for this study can be found in
the https://github.com/AdrianneJennerQUT/
insilico-clinical-trial-MV-BiTEs.

Funding: ALJ acknowledges funding and
support from the Discovery Early Career
Award DE240100650 and the QUT Women

in STEM Writing Retreat. RPA acknowledg-

es funding and support from an Australian
Research Council (ARC) Discovery Project
(project no. DP230100485) from the Australian
Government. NLL acknowledges support from
the QUT Centre for Data Science First Byte
Scheme and the ANZIAM AF Pillow Award.
CEE acknowledges funding support from the
German National Science Foundation (DFG),
Grant EN-1119/2-2, Wilhelm Sander Foundation
Grant 2018.058.01. JPWH was supported

by a research grant from the “Stiftung fiir
Krebs- und Scharlachforschung” awarded by
the Medical Faculty Heidelberg, Heidelberg
University, and by a postdoctoral fellowship
from the Heidelberg School of Oncology (HSO)
at the National Center for Tumor Diseases
(NCT) Heidelberg. The funders had no role

in study design, data collection and analysis,
decision to publish, or preparation of the
manuscript.

Competing interests: | have read the journal’s
policy and the authors of this manuscript have
the following competing interests: Dr Engeland
is listed as inventor on patents filed by her for-
mer institution describing immunomodulatory
oncolytic viruses. G.U. is founder and current
CMO/CSO of CanVirex, Basel, Switzerland and
reports grants or contracts from DFG, German
Cancer Aid, and Wilhelm Sander Foundation
and consulting fees from Boehringer Ingelheim.
Apart from this, the authors declare that the
research was conducted in the absence of any
commercial or financial relationships that could
be construed as a potential conflict of interest.

Author summary

The immune system has the ability to kill cancer cells; however, cancer cells are
able to resist immune cell-mediated killing. A new therapy uses modified measles
viruses to activate the immune system against cancer. These viruses are modi-
fied with bispecific T-cell engagers (BiTEs) which assist immune cells in targeting
and removing cancer cells. While the potential success of this treatment has
been demonstrated in mouse models, it is yet to be verified in a human cohort.

In this work, we use mathematical and computational simulations to examine
how patient-to-patient variability might affect the success of this treatment. We
compare our model predictions to data from a clinical trial and find that virtual
individuals in the simulation that are classified as non-responders to the standard
protocol would likely respond better to more frequent administrations of lower
dosages. The work presented here generates hypotheses for how individuals

in a human cohort may respond, however, more work is required to verify these
results in humans.

Introduction

Over the past few decades, the treatment of cancer has significantly improved with
the introduction of immunotherapies [1]. Broadly speaking, immunotherapies work

by eliciting the activity of the patient’s own immune system to recognise and destroy
cancer cells. Within the field of immunotherapies, one treatment avenue has been

T cell retargeting [2,3] which aims to bring cytotoxic T lymphocytes into contact with
target tumour cells so that cytotoxic responses can be triggered. Bispecific T cell
engager’ (BiTE) molecules are a recently introduced class of immunotherapeutics
that mediate T cell retargeting [2,4,5]. Similar to chimeric antigen receptor (CAR) T
cell therapy [6], these molecules induce T cell binding to tumour cells by forming cyto-
lytic synapses between T cells and tumour cells, irrespective of T cell receptor speci-
ficity and independent of co-stimulation. Unlike standard antibodies, BiTEs have dual
antigen specificity, allowing them to bind to two unique antigens and thereby facilitate
targeted cell-to-cell interactions [2,3]. BiTEs are designed to target the T cell antigen
CD3 and a tumour-specific antigen simultaneously and promote the cytotoxicity of T
cells via crosslinking with tumour cells [4].

Bispecific T cell-recruiting antibodies have been approved for the treatment of
haematological malignancies, such as CD19-targeting blinatumomab, approved first-
in-class in 2014, while many more are in clinical trials [7—11]. Unfortunately, limited
bioavailability and severe toxicities have hampered broader clinical application,
especially against solid tumours [12]. Fortunately, oncolytic viruses (OVs) can serve
as vectors to deliver BiTEs to solid tumours [12—19], reducing systemic toxicity issues
(Fig 1). OVs are naturally occurring or genetically modified viruses which preferen-
tially infect and replicate in tumour cells. Following viral replication, the cell lyses
(bursts), releasing the newly generated virions. OVs stimulate an antiviral immune
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Fig 1. Oncolytic measles viruses encoding bispecific T cell engagers (MV-BIiTEs) in the treatment of cancer. MV-BiTEs are administered intratu-
mourally. In pre-clinical studies, due to the virus production method, the suspension may also contain free BiTEs. MV-BiTE-infected tumour cells express
and secrete BiTE antibodies. Infected cells ultimately die through tumour cell lysis. T cells are recruited by immune cells sensing the viral infection and
by the presence of BiTEs. Simultaneous association of BiTEs with T cells and tumour antigens mediates T cell cytotoxicity against non-infected tumour
cells as a bystander effect. Created in BioRender. Engeland, C. (2026). https://BioRender.com/5y7xc38.

https://doi.org/10.1371/journal.pcbi.1014533.g001

response as well as an antitumour immune response [20]. Potential synergistic effects of BiTE-encoding OVs (OV-BiTEs)
result from the inherent ability of the immune system to respond to viral infections, and in doing so, promote the recruit-
ment of T cells to the tumour site which allows for BiTE engagement. Efficacy of the OV-BIiTE approach against solid
tumours has been postulated by several groups [21—-24]. In particular, a recent review [12] highlighted that further demon-
stration of the applicability and efficacy of OV-BIiTEs in a clinical setting is needed as well as investigation of combination
therapies [15,24].

Mathematical modelling of novel cancer treatments has been a prominent resource in biomedical and cancer research
for some time [25,26]. In particular, a specific focus has been on using mathematics to improve oncolytic virotherapies and
immunotherapies [19,24,27-32]. Deterministic systems of ordinary differential equations (ODEs) have been employed to
investigate novel OV derivatives and the ways in which the resulting antiviral immune response can be harnessed
[28,33—-36]. The in vitro dose-response relationship of CD3-bispecific antibodies has been examined using a mathematical
model [37]. More recently, the first ordinary differential equation system capturing OV-BiTEs was created [27]. While deter-
ministic models are advantageous in their ability to capture mean-field dynamics of a given biological phenomenon, they
do not explicitly incorporate heterogeneity that may exist across a cancer patient cohort. To account for this variation in
patient characteristics, a virtual clinical trial (VCT) or in silico clinical trial can be used [38—40]. There are many examples
of VCTs applied to cancer therapies [33,41—44] and novel techniques are being developed that assist in virtual patient
generation and parameter estimation [40,45,46].

In this work, we develop an ODE system to represent the action of OV-BIiTEs injected intratumourally that sub-
sequently kill tumour cells and stimulate an antitumour immune response. We fit parameters in the model to in vitro
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and in vivo measurements for oncolytic measles virus (MV) encoding BiTEs (MV-BIiTE) [13]. As there is no human
clinical trial data available for MV-BIiTE, we generated populations of virtual patients and investigated the efficacy

of this therapy in a virtual clinical trial. We focus our attention on understanding whether an optimal dosage proto-
col exists for a cohort of heterogeneous individuals, or whether there are individual characteristics that will lead to a
more effective treatment. We show that with a simple, cost-effective mathematical simulation we can capture human
variations in response to treatment and predict the effectiveness of protocols, which could serve as a useful
pre-clinical trial step.

Materials and methods

Mathematical model

To better understand MV-BITE therapy, we generated a system of ordinary differential equations (ODEs) based on previ-
ous models for the immune response to immunostimulatory oncolytic viruses [47,48]. Our model captures a growing unin-
fected population of tumour cells, U(f), that become infected by MV-BIiTEs, V() and lyse. Inside infected tumour cells, the
virus replicates, leading to the production of BiTEs, B(f), which are released upon cell lysis. The presence of dead cells or
cell debris D(t) stimulates the recruitment of effector CD3* T cells T(f) to the tumour site. T cells can then induce apoptosis
in tumour cells. The presence of BiTEs increases the ability of effector T cells to induce apoptosis in tumour cells. These
dynamics are captured in Fig 2, Tables 1 and 2 and the system of ODEs below:

U _ (LY _BUV_KUT( . B
dt 9\U) U+, N \“TB*,)" )

dD _ BUV+kUT<€+ B )—dDD,

dt  U+n N B+~ (2)
TRt @

% = aBLﬁjL_'_\:] dgB, @

g =sD—drT, (5)

where tis time and N=U+D+ T. To keep the units consistent throughout the model, V' is in units cells which is converted to a
quantity of virions by V* = «,V, where ay has units virions/cell and V* has units virions. For further examples of mathemati-
cal models that capture the immune response to oncolytic virotherapy and the resulting antitumour effect, see [28,34].

In Eq. 1, tumour cells, U(t), grow under a Gompertzian tumour growth law [49], under which cells proliferate at rate r and the
population will grow until a certain carrying capacity L is reached. The carrying capacity is a representative of the tumour growth
trajectory and does not represent the termination criteria, which may be reached at a smaller value. Tumour cells become
infected and undergo lysis at a rate 3. These infected cells can form syncytia, which we have chosen not to explicitly model
here. Infection is modelled as proportional to the concentration of virus and a Michaelis-Menten function with the concentration
n giving 50% of the maximum infectivity, also known as the half-effect. We introduce this infection term to capture that virus pen-
etration into a tumour is often inhibited spatially either due to the microenvironment or otherwise [50]; see [35,41,51] for similar
uses of this infectivity formulation. Tumour cells undergo T cell-induced apoptosis at a frequency-dependent rate with constant
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Fig 2. Schematic for the mathematical model in Eqgs. 1-5 describing MV-BIiTEs. Viruses V(f), genetically engineered to encode BiTEs, are injected
into the system and infect uninfected tumour cells U(t). These cells eventually die, becoming dead cells, D(t) and release new viruses and BiTEs B(t) to
the tumour environment. The presence of dead cells activates and recruits CD3* T cells T(f). T cells induce apoptosis in cancer cells. The presence of
BiTEs increases the ability of T cells to induce apoptosis in uninfected tumour cells. Created in BioRender. Engeland, C. (2026). https://BioRender.com/
iabsdw3.

https://doi.org/10.1371/journal.pcbi.1014533.9002

Table 1. Summary of variables in Egs. 1-5.

Variable |Units | Description

U cells Not-productively infected (uninfected, eclipse — not secreting BiTEs/virus) pool of cells.
D cells Productively infected pool of cells producing BiTEs/virus that ultimately die.

v+ virions | Number of oncolytic measles virions, note V* = aV.
B

T

ng/ml | BiTE (Bispecific T cell engager) concentration.
cells CD3*T cells.

https://doi.org/10.1371/journal.pcbi.1014533.t001

k. For uses of frequency-dependent terms in OV modelling similar to this, see [47,48,52]. To model the effect of BiTEs on T cell
activity, we assume a baseline T cell apoptosis factor ¢, and that BiTE-mediated killing is an additional factor on top of this base-
line killing rate, modelled using a Michaelis-Menten term with half-effect .

We have removed the intermediate ‘infected’ population that is often present in models of viral infections
so that production of BiTEs is modelled continuously over time and not in discrete bursts. We found that introducing the
infected cell pool and its specific lysis rate introduced both structural and practical identifiability issues into the model. We
also assume infected cells do not replicate after infection, meaning the process of infection is terminal for a cell. In this
way, we capture the process of infection, lysis and immune cell recruitment through one population D(f).
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Table 2. Parameters for Eqgs. 1-5.Estimates were obtained through fitting to in vitro and in vivo data with parameters having different values
in vitro (top row) and in vivo (bottom row). Other measurements were estimated based on literature, with their reference given. For the anno-
tation of the experiments below they correspond to the following experiments detailed in the methods: “progeny” - Viral replication kinetics
(S1 Fig), “viability” - Virus-mediated (onco-)lysis:cell viability (S1 Fig), “lysis” — BiTE-mediated (T cell) cytotoxicity: specific lysis (S2 Fig),

“tumour volume” — in vivo tumour volume (Fig 4).

Parameter Units Description Value Reference Experiment
r 1/day proliferation rate of cancer cells 0.004 S1 Fig viability, progeny.
0.1321 Fig 4B tumour volume
L cells carrying capacity of tumour 2.73 x 10° Fig 4B tumour volume
B 1/day infectivity rate 270.8 S1 Fig viability, progeny.
25 S1 Fig viability, progeny.
n cells infection half-effect 9.04 x 10° S1 Fig viability, progeny.
k 1/day T cell killing rate 0.1973 S2 Fig lysis.
0.2567 Fig 4CH4E tumour volume
€ - basal T cell killing constant 0.1716 S2 Fig lysis.
0.98 Fig 4CH4E tumour volume
5 ng/ml BiTE half-effect 4.25 x 10-3 S2 Fig lysis.
dp 1/day dead cell disintegration 5.8 Fig 4CH4E tumour volume
dy 1/day virus decay 23.11 S1 Fig viability, progeny.
ay virions/cell viruses per cell 100.56 S1 Fig viability, progeny.
ag BiTEs/cell BiTE production 4.6 x 10* Fig 4CH4E tumour volume
dg 1/day decay rate of BiTEs 2.65 Fig 4CH4E tumour volume
s 1/day stimulation of T cells 28.7 Fig 4CH4E tumour volume
dr 1/day decay rate of T cells 0.35 [47]

https://doi.org/10.1371/journal.pcbi.1014533.t002

In Eq. 2, we track the accumulation of dead cells or dead cell debris, D(f), through the induction of lysis by an OV or
apoptosis by T cells. To promote the practical identifiability of our model, we chose not to explicitly capture the production
of tumour or viral antigens, subsequent activation of antigen-presenting cells, cytokine/chemokine production and then T

cell recruitment. As such, we use the accumulation of dead cells and debris as a proxy for this process. Dead cell debris is
produced at the same rate that tumour cells die and is removed (decays) from the system at a rate dp.

In Eq. 3, new viruses are produced through virus infection of tumour cells. These are assumed to decay due to factors
such as adaptive immune cell clearance, complement clearance, and sequestration, for example, by the reticuloendothe-
lial system at a rate d\,. As each cell produces ay virions, we scale the rate of production and decay of virions by ay to
obtain an estimate for the number of virions, V*(f).

In Eq. 4, through cell lysis, ag new BiTEs, B(t), are released. These BiTEs decay at a rate dg, i.e., a pharmacokinetic
parameter. We assume that these BiTEs consist of both T cell-bound and free BiTEs in the local tumour microenvironment
(TME). While BiTEs can be secreted throughout the lifetime of the cell, we found separating the number of BiTEs released
at lysis ag from the amount secreted up to lysis was not structurally identifiable with the given experimental measure-
ments. As such, we assume that any BiTEs released up to lysis are included in the amount secreted at lysis ag.

In Eq. 5, T cells, T(f), accumulate at the tumour site based on the presence of dead cell debris at a rate s. These cells
also decay at a rate dr. We assume T cells are recruited at a rate sD, which can be thought of as a proxy for antigen-
presenting cell activation by viral antigens or tumour antigens, downstream stimulation of T cells in the lymph nodes, and
tumour-directed T cell chemotaxis.

The model was simulated in MATLAB and solved numerically using ode45. Initial conditions are given below:

U(0) = Uy, D(0)=0, V(0)=V,, B(0)=B, T(0)=T,.
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The model was solved piecewise to simulate n injections of BiTEs B, and virus V, at time {;:

V(t) = V() +V,, B(t)=B(t)+B,
for I=1,...,n.

Structural and practical identifiability

Identifiability is an important component of mathematical modelling as it determines the capacity of a model to extract
parameter estimates from data [56-59]. This is particularly important in biology, where parameterised models are used to
make predictions about living systems [60,61]. We refined the model presented in Egs. 1-5 numerous times to minimise
identifiability issues. The model was found to be structurally identifiable using the open-source software DAISY [62,63].
Structural identifiability implies practical identifiability only for infinite data [56]. For finite data samples, there are numerous
ways to evaluate practical identifiability [64—66]; for our dataset and model, we have analysed practical identifiability with a
global and local sensitivity analysis.

Details of experimental and clinical measurements

To estimate parameters in Eqgs. 1-5, we use a range of in vitro and in vivo experiments from oncolytic measles virus (MV)
encoding and not encoding BiTEs [13], as well as a Phase Il clinical trial for talimogene laherparepvec (T-VEC) [67].
Vaccine-derived, live attenuated MV vectors were designed based on established reverse genetics systems and were
generated to encode BiTEs targeting murine CD3 and human CD20 [68]. For in vitro studies and the syngeneic subcu-
taneous tumour model in C57BI/6J mice, murine melanoma-derived B16-CD20-CD46 cells stably expressing the BiTE
target antigen human CD20 and human CD46 as entry receptor for oncolytic measles virus were used.

Viral replication kinetics. Replication kinetics of MV were captured by determining the viral progeny produced in
B16-CD20-CD46. 105 cells on 12-well plates were inoculated with the same dose (multiplicity of infection, MOI of 1) of cell
infectious units (ciu) of MV encoding mCD3xCD20-BiTE (with one scFv targeting murine CD3 expressed on mouse T cells
and the other recognizing the human CD20 antigen) for 12 hours. Inoculum was then replaced by medium. At designated time
points, supernatants were collected, samples were frozen and viral progeny was assessed via serial dilution titration assay.

Virus-mediated (onco-)lysis: Cell viability. Cytotoxic effects of MV were determined in B16-CD20-CD46 cells. The
cells were infected with unmodified MV at an MOI of 1 as for the replication assay and cell viability was determined by
metabolic XTT assay every 12 hours for 96 hours. Viability was calculated relative to mock-infected cells.

BiTE-mediated (T cell) cytotoxicity: Specific lysis. T cell cytotoxicity mediated by BiTEs was determined in B16-
CD20-CD46 tumour cells expressing the BiTE target antigen co-cultured with primary, unstimulated immune effector
cells obtained from mouse spleens at varying BiTE concentrations. Three experiments with independently produced
mCD3xCD20 BIiTE batches purified from the supernatant of MV-mCD3xCD20-infected (Vero producer) cells were
performed. LDH release was determined at 44h after setting up the co-cultures and specific tumour cell lysis was
calculated relative to chemically lysed maximum release controls following subtraction of background values taken from
target cell only and effector cell only controls, as described in Heidbuechel and Engeland [12] and Speck et al. [13].

In vivo tumour volume. For in vivo experiments, C57/BL6J mice were injected with 10® B16-CD20-CD46 cells s.c.
After tumour engraftment, mice were stratified to respective treatment groups according to tumour size and treated
with intratumoural injections. The experimenter was blinded to treatment groups. Treatment conditions included carrier
fluid only (mock), purified BITE (mCD3xCD20, as in the LDH release assay), unmodified measles virus (MV), and MV
encoding CD20-targeting BiTE (MV-mCD3xCDZ20). The injection protocol was 5 intratumoural injections administered on
consecutive days of 100uL volume each containing 108 cell infectious units (i.e., infectious virus as assessed by titration).
In the respective “BiTE only” treatment group, 2.17 11g of purified BiTE (in 100:L suspension) was injected 5x instead
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of virus, which corresponds to what was found to be present in 100uL of MV-BIiTE suspension via flow cytometry in a
quantitative binding assay. Note that the estimate of 2.17 ug would depend on the injection and tumour volume, however,
for simplicity we have assumed this as a fixed amount throughout our simulations.

Caliper measurements were performed every three days to determine tumour volume. Tumour volumes were calcu-
lated as [larger diameter x smaller diameter x smaller diameter]/2. All experiments were conducted with
non-immunocompromised wild-type C57BL/6 mice with endogenous CD3* T cells. Intratumoural T cell abundance is
known to be quite low in the B16 model [69] and increased upon treatment (more so in the MV-BIiTE vs MV experi-
ment as assessed by flow cytometry). If ulceration presented in the mice as the tumours formed, these mice were not
included in this study.

Phase Il Clinical Trial measurements for change from baseline (%). To evaluate the function of the model in a
clinical setting, data from a Phase Il T-VEC trial [67] was used. T-VEC is a herpes simplex virus type 1-derived oncolytic
immunotherapy designed to selectively replicate within tumours and encode granulocyte-macrophage colony-stimulating
factor (GM-CSF) to enhance systemic antitumour immune responses. Eligible patients were age > 18 years with
unresectable stage IlIB-IV melanoma. T-VEC was administered by intralesional injection following the dosing regimen
described in the registrational Phase Il OPTiM study [70], which was a first dose of T-VEC of 10° pfu/ml, followed by
T-VEC doses of 108 pfu/ml 3 weeks after the first dose and then once every 2 weeks. Treatment continued for > 6 months
from initial dosing provided treatment was tolerated.

Parameter estimation

To estimate parameters in the model, a series of hierarchical parameter fits were conducted to in vitro and in vivo
measurements using MATLAB’s inbuilt non-linear least squares optimisation algorithm Isqnonlin and the inbuilt multis-
tart algorithm muiltistart. The viral infection and replication parameters 3,7, dy and a were estimated using the in vitro
viral progeny and cell viability experiments, see in S1 Text and S1 Fig. The BiTE and T cell killing parameters ¢, k,
and v were obtained through fitting the specific lysis (%) data, S2 Fig. The in vivo tumour growth rate without treat-
ment, r and L, were obtained through fitting to the control data set, assuming that 10° cells were injected at day 0 and
1mm?3 = 108 cells [71].

Given the initial parameter estimates from the in vitro experiments, we then recalibrated parameters to the in vivo
measurements. We simultaneously fit the model to the purified BiTEs, MV and MV-BiTEs measurements to obtain
B8, k, ¢,dp,ag,dg, and s. The decay rate of T cells was taken from data fitting, dr = 0.35/day, [48]. The time from initiation
of cell apoptosis to completion can occur as quickly as 2—3 hours. If we assume that debris can remain for another 2
hours after this, this gives a dead cell clearance rate of dp= 4.8/day [72]. For fitting the in vivo data: B(0) = 2.17ug, and
V(0)=108 cells. Further details of each fit are provided in the Supplementary Material.

Sensitivity analysis

We evaluated the sensitivity of our model predictions to perturbations to the obtained parameter estimates through a local
and global sensitivity analysis. We conducted a pairwise local sensitivity analysis around the fitted parameter values, see
Supplementary Material and S3 Fig. We also conducted a global sensitivity analysis by running a Latin Hypercube Sam-
pling and calculating the Pearson’s Correlation Coefficient (PCC) for each parameter with the final tumour size. Other
sensitivity analysis methods, such as eFAST, MeFAST or Sobol, would also have been appropriate here [73].

In silico clinical trial

Virtual clinical trials (VCT), also known as virtual patient cohorts, phase i trials, digital twins, and in silico clinical trials
attempt to integrate the heterogeneity of actual patient responses and preclinical studies through a cohort of virtual
patients or individuals [33,38—44,74].
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Virtual patient generation from in vivo data. There are many ways to generate virtual patients [41,45,46] and
in this work, we created virtual cohorts using two different methods employed by previous works [41,44,45]. We first
created a cohort of patients that matched individual in vivo mouse tumour growth trajectories using acceptance-
rejection sampling (Fig 3: Method (1)). We sampled 250,000,000 parameter sets 6 = k, ¢, dg, dr, S, n, 8 from uniform
distributions centered around the fitted parameter p values with bounds [0.001, 5]. We took the 400 parameter sets
that gave the minimum residual to the individual tumour volume measurements, labelled “m1” to “m8”. The second
method we used to generate a virtual cohort, was a similar approach to that developed by Kim et al. [44]. We
converted the change from baseline measurements for the clinical trial data to a probability density function (PDF)
for the final tumour size x (Fig 3: Method (2)). We then sampled 400 patients from this PDF and optimised the set of
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Fig 3. lllustration of the two virtual clinical trial generation methods: Method (1) individualised growth cohort and Method (2) tumour burden
matching. Method (1) investigates heterogeneity arising in the in vivo measurements by matching the model to individual mouse tumour growth trajecto-
ries. Parameters are sampled from uniform multi-dimensional parameter distributions, and an acceptance-rejection algorithm is implemented, accepting
samples that align closest with the data. Once a cohort of N samples for each individual tumour growth trajectory have been sampled, the distribution for
these parameters, e.g., p,, can be compared across the different trajectories. Method (2) generates the virtual cohort through converting measurements
from a clinical trial measuring the change from baseline (CFB) to a probability density function (PDF) f(x) for the final tumour size x. From this PDF, N
individual final tumour sizes are sampled and a genetic algorithm is used to determine the optimal parameter combination for the model to match the

CFB (%) data.
https://doi.org/10.1371/journal.pcbi.1014533.g003
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parameters to obtain an estimate for the final model size that matched the sampled patient using a genetic algorithm
(MATLAB’s ga). This gave us a distribution of final tumour sizes and corresponding parameter values that matched
the PDF obtained from the clinical data.

Virtual patient generation from Phase Il clinical trial. In the Phase Il T-VEC clinical trial, patients were required
to have melanoma lesions appropriate for intralesional injection, defined as > 1 lesion with a diameter of > 10 mm
or multiple lesions with a combined diameter of > 10mm. Previous work by Dessinioti et al. [75] reported a median
melanoma diameter of 13mm, with quartiles 9-20mm, and 10.6% of tumours below 6mm. Using these statistical
summaries, we parameterised a gamma distribution and obtained a shape and scale parameter of 3.09 and 4.91
respectively (see Supplementary Information). To convert from tumour diameter to cell count, we assumed a spherical
tumour volume, which gives 1, 150.35mm?3. We then assumed that 1mm?3 = 108 cells which hl, for an initial tumour
diameter of 13mm, gives an initial cell count of U(0) = 1.15 x 10° cells. For the first virtual cohort investigation of
the clinical trial measurements, we sampled 400 tumour diameters from the parameterised gamma distribution and
converted them to cell counts which were used as initial conditions for the model. Following this, we fixed the initial cell
count to the median tumour diameter, i.e., 13mm, and obtain virtual patients using Method (2) described above.

At baseline, the mean intratumoural CD8 + T cell density was 460 cells/mm? (range 5-3,963) for patients in the clinical
trial [67]. If we assume the measurements were taken on 20um samples, then this would give the approximate density of
T cells in a 1mm?3 sample to be 4.6 x 10* cells/mm?®. As both L and n have cells as units and were estimated in vivo these
were rescaled to a human context using the new initial number of tumour cells, see the Supplementary Information for
explicit calculations. We have chosen to evaluate all patients at an equivalent final time to T=23 weeks, as all treatments
were continued for at least 6 months (unless they were not tolerated by the patient) [67]. To confirm the distribution for the
change from baseline of the Phase Il clinical trial cohort matched the virtual cohort, we used a Kolmogorov-Smirnov test
for similarity using Matlab’s function kstest2.

Results
Parameterisation and sensitivity of a mathematical representation for MV-BiTEs

To calibrate the model, we fit parameters from the system of ODEs in Egs. 1-5 to in vitro measurements for viral prog-
eny and cell viability (S1 Fig), and specific lysis (S2 Fig). We assumed the viral infectivity and CD3* T cell killing rate may
vary in vivo and refit these using the in vivo tumour volume experiments (Fig 4A — 4E). Estimates for parameters can be
found in Table 2 with more details in the Materials and Methods and Supplementary Information S1 Text. Qualitatively, we
observed good agreement between the data and the model, supported by goodness of fit statistics, Table 3. To investigate
the sensitivity of the parameterised model, we conducted a local (S3 Fig) and global (Fig 4F) parameter sensitivity anal-
ysis. The global sensitivity analysis suggested the immune-related parameters k, ¢, and s had a negative correlation with
the tumour size.

Table 3. Goodness of fit statistics for model fit to the data in Fig 4, with parameter values in Table 2.

Experiment Figure R-square Residual

in vivo control Fig 4D 0.9988 1.84 x 103
in vivo BiTEs Fig 4E 0.9892 1.06 x 10*
in vivo MV Fig 4F 0.9466 4.22 x 104
in vivo MV-BIiTE Fig 4G 0.9968 1.27 x 10*

https://doi.org/10.1371/journal.pcbi.1014533.t003
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https://doi.org/10.1371/journal.pcbi.1014533.9004

Capturing inherent in vivo variability in tumour responses

In the in vivo experiment, mice exhibited heterogeneous responses to MV-BITE treatment, with some mice experiencing
tumour progression and others experiencing regression (Fig 5). To examine the model’s ability to capture this heterogeneity,
we sampled a virtual cohort using Method (1) (Fig 3) for each individual mouse, m1-m8. We obtained 400 parameter sets
for each m1-m8 trajectory that gave the smallest residual to the data (Fig 5A — 5I, with example trajectories in S4 Fig). The
model was able to capture the heterogeneous range of tumour growths exhibited by the mice upon MV-BITE treatment.

Variability between the tumour growths is captured by the relative mean and standard deviation for each parameter
(Fig 5J, with full distributions in S5 Fig). Noticeable differences in the mean for § exist, suggesting that virus administra-
tion is largely driving the heterogeneous responses in the mice. Furthermore, changes in € and dg seem to correlate with
either tumour growth (m2, m3, and m7) or tumour decline (m1, m4-m6). This suggests that tumour growth or decline could
be linked to the efficacy of CD3* T cells and the pharmacokinetics of BiTEs.

Examining correlations between parameters, we found that all individual growths, except m2, had a positive correlation
between viral characteristics, n and 3 (S6 Fig), i.e., increasing one of these parameters resulted in an increase of the
other. Furthermore, m2 - m6 all had a negative correlation between k and ¢, i.e., increases in one parameter observed
a decrease in the other. This suggests a link between viral parameters n and 3, immune parameters k and ¢, and the
response to MV-BITEs.
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PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014533  July 30, 2026 12/24




N\ Computational
PLO\Sﬁ\\ Biology

Clustering individual responses into growth, delayed growth and remission

The responses to MV-BIiTEs treatment can be grouped into three cohorts: 1. regression (m1, m4, m5, m6), 2. growth (m2,
m3, m7,) and 3. delayed growth (m8). We generated data for these three virtual cohorts by sampling 400 parameter sets
equally split amongst the mice belonging to that cohort (Fig 6A — 6C). Clear separation between the response cohorts
can be seen in the final tumour size on day 48 (the final measurement across m1-m8) (Fig 6D). Not all trajectories in the
growth cohort (cohort 2) are expected to surpass the delayed growth cohort, with some exhibiting small tumour sizes at
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Fig 6. Analysing cohort characteristics. From the mice in Fig 5, three sub-cohorts were generated based on the dynamics in the data: regression
(cohort 1), growth (cohort 2), delayed growth (cohort 3). (A-C) Mean tumour volumes and standard deviations for the three cohort values. (D) Final
tumour cell number (as calculated for day 48) for each cohort. (E-F) For the three cohorts, the patterns within the parameter values are presented using
scatter plots for € vs k and dg vs . Points are coloured based on the cohort. (G-I) Histograms for the parameters dg, s, and S.

https://doi.org/10.1371/journal.pcbi.1014533.9006
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day 48. This suggests that while the delayed growth cohort may at first seem to fare better compared to the growth cohort,
some favourable trajectories are expected in the growth cohort.

Examining correlations between model parameters across the cohort we see distinctions in the clustering patterns for
k and e (Fig 6E). This suggests that the relationship between the killing rate and the basal killing efficacy are driving the
response to MV-BIiTE: low basal killing efficacy (¢) drives the growth cohort (cohort 2) and higher ratios of basal killing
efficacy, and killing rates, drive the recovery cohort (cohort 1). Interestingly, there seems to be a bimodal relationship
between these two parameters for the delayed growth cohort (cohort 3) suggesting that there are two possible explana-
tions for tumour growth in this cohort. Similarly, there is clustering in the relationship between dg and ¢ (Fig 6F), whereby
for small basal killing efficacy and values of BIiTE clearance, dg, between 2 and 7 gives rise to the growth cohort (cohort
2). Comparing single parameter distributions (Fig 6G — 61) the regression cohort (cohort 1) has very low dg and 8 and the
growth cohort (cohort 2) has very low 3 but slightly higher dg, suggesting again that BiTE clearance is a key determinant
of the response to MV-BITEs.

Efficacy of administration protocol on variable tumour growths

For the three response cohorts (regression, growth, and delayed growth), we next investigated the effect of varying the
MV-BIiTEs administration protocol. We varied the number of dosages, n, and days between dosages, 7 (Fig 7A) with the
total virus dose kept constant. Variations to the MV-BIiTEs protocol had a negligible effect on the regression cohort (cohort
1) (Fig 7B (top row) and S7 Fig), suggesting this cohort will always respond to MV-BIiTEs irrespective of the administration
protocol. A larger dependence on the protocol is seen for the growth cohort (cohort 2) and delayed growth cohort (cohort
3). The optimal protocol for these cohorts is more injections given further apart.

Taking the optimal protocol to be 7 injections 6 days apart, we found that there is clear separation between the best and
worst responses in the growth (cohort 2) and delayed growth (cohort 3) cohorts. For instance, in cohort 2, there is a clear
separation in the pair-wise relationships between dg and 3, and dg and k, respectively (Fig 7C — 7D). This suggests that
we can determine individuals who will respond best to this treatment protocol based on their BiTE pharmacokinetics, viral
infectivity and CD3 killing rates. Similarly, in the delayed growth cohort (cohort 3) (Fig 7E) individuals who respond best
have high CD3 killing and basal kill rates. We then examined whether this optimal protocol holds under the condition that
after treatment ends, we resect the tumour 7 days later (Fig 8B (bottom row)). In this scenario, all protocols are similar as
7 days after treatment, the model predicts all cohorts are responding to MV-BIiTEs. The rationale behind this metric is that
it helps to evaluate the efficacy of treatment in controlling tumour growth by examining the impact once the treatment is
halted and the tumour has time to regrow.

Case study: Virtual cohort representative of human responses

To examine the robustness of our model and its predictions for a clinical setting, we generated a virtual cohort using the
Phase Il clinical trial of T-VEC [67]. As no in-human data of MV-BIiTEs therapy exists, we used a study of an advanced
oncolytic virus encoding an immunostimulatory agent as a surrogate, here a herpes simplex type 1-derived OV encoding
GM-CSF, as a surrogate. Melanoma was the targeted tumour entity in both the pre-clinical MV-BIiTEs study and the T-VEC
trial. In this clinical trial, an intratumoural injection of V4 = 10® was administered initially, followed by fortnightly booster
injections of Vg = 108 starting 3 weeks after the initial T-VEC injection. The percentage change from baseline (CFB) for
98 patients was then recorded (Fig 8A). We assumed the same dosage size for MV-BIiTEs as used for T-VEC in the clini-
cal trial and included the addition of BiTEs in the injection to match our in vivo experiments. We fixed the final time of the
simulation as T=23 weeks (T=161 days) and measured the resulting tumour size U(T)=U(161).

We first examined whether heterogeneity in the initial tumour burden could explain the change from baseline (CFB)
measurements in the clinical trial. To do this, we parameterised a gamma distribution using summary statistics reported
by Dessinioti et al. [75] for the diameter of melanomas in 537 cases (see Methods and Supplementary Information for
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Fig 7. The impact of the treatment protocol on the three cohort responses: 1) regression, 2) growth, and 3) delayed growth. (A) Treatment

protocols considered varied the number of injections n and days between injections 7. (B) The effect of the protocol on the mean tumour size (in mm3)
for each cohort at either 48 days (top row) or 7 days after the final injection (bottom row). (C-D) Parameter correlations for cohort 2: (C) kvs 8 and (D) k
vs dg. (E) Parameter correlations for cohort 3 for k vs €. All scatter plots are based on 7 injections given 6 days apart with parameter pairs represented
as points coloured by the log tumour size at 48 days.

https://doi.org/10.1371/journal.pcbi.1014533.g007

details). We then sampled 400 virtual patient initial tumour diameters (Fig 8B) and converted these to initial cell counts
to feed into the model. The resulting CFB predicted from the model for heterogeneous initial tumour sizes was unable to
capture the range of the clinical trial measurements (Fig 8C). This suggests that changes to parameters, representing
patient-specific characteristics, are needed to capture clinical outcomes.

We next chose to follow Method (2), (Fig 3) to generate a cohort of 400 virtual patients (Method (2), Fig 3). We sampled
400 CFB to create a larger sample of human patients and ran a genetic algorithm to determine optimal parameter sets
that matched the sampled CFB (S8 Fig). We fixed the initial tumour size to the median melanoma diameter and chose
three parameters to optimise, k, dg, and r (Fig 8D), based on their sensitivity so far revealed in our analysis. The genetic
algorithm returned a close match between individual virtual patient samples and the model (Fig 8E — 8F). The distribu-
tions for the change from baseline of the real patient cohort and virtual patient cohort qualitatively match and passed the
Kolmogorov-Smirnov test for similarity. We then examined the correlations between patient parameters and their result-
ing change from baseline (Fig 8D, with all correlations in S8 Fig). We found a particularly strong correlation between
the tumour growth rate, r, and the T cell killing rate, k, with low growth rates and strong immune responses showing the
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Fig 8. Expanding a virtual patient cohort informed by the Phase Il T-VEC clinical trial [67]. (A) Change from baseline (%) for the Phase Il T-VEC
clinical trial digitized using WebPlotDigitiser [76]. (B) Distribution of initial tumour diameters for 400 virtual patients sampled from a gamma distribution
estimated from the summary statistics of Dessinioti et al. [75] overlaid as vertical lines: 10.6% (dashed orange), 25% and 75% (blue dotted), and median
(black dot dash). (C) Violin plots comparing the change from baseline for the clinical trial (CT) measurements and model simulations from the sampled
initial tumour diameters (IC). (D) Scatter plot for parameters r vs k obtained from optimising the model output to the CT measurements using a genetic
algorithm, i.e., Method (2). Each disk represents a patient with the colour representing the tumour cell count. (E) Plot showing the agreement between
the model (solid lines) and patient samples (open circles) for 7 virtual patients (colour matched). (F) The distribution for the total number of tumour cells
predicted by the model at T=23 weeks and those in the CT, the samples for the 400 virtual patients (VCT), and model predictions using a genetic algo-
rithm (GA).(G) Summary of the original clinical trial dosage protocol and the 10 hypothetical protocols considered (Table 4). Coloured bars represent the
strength of a dosage given in a particular week. (H) The final tumour cell counts for varying treatment protocols examined (s1-s5, e1-e5) compared to the
original protocol 0. (I) Kaplan-Meier survival curves corresponding to (E) for a threshold of a 120% CFB. Note the survival probability range is plotted on
[0.15 to 0.3].

https://doi.org/10.1371/journal.pcbi.1014533.g008
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Table 4. Summary of the standard clinical trial protocol and the 10 hypothetical protocols examined in Fig 8. Note that the frequency and total
doses are given from the booster dose onwards.

Label Booster Frequency Total doses
standard = 3 weeks, early = 1 week
0 standard 3 weekly 10
s1 standard 1 week 10
s2 standard 3 weeks
s3 standard 14 weeks 2
s4 standard 1 week 30
s5 standard 3.5 days 40
el early 2 weeks 10
e2 early 1 week 10
e3 early 3 weeks 5
e4 early 1 week 20
e5 early 3.5 days 40

https://doi.org/10.1371/journal.pcbi.1014533.t004

largest negative CFB. The clearance of BiTEs, dg, also seems to positively correlate with CFB suggesting that a faster
clearance of BIiTEs results in a larger tumour size.

Case study: Impact of alternate treatment protocols on in silico human clinical trial

Lastly, we chose to examine whether an alternate, more effective, protocol exists. We generated 10 hypothetical treatment
protocols that examined either the standard booster onset time (i.e., 3 weeks following the first V41 dose) or an earlier
booster onset time (i.e., 1 week following the first V3y dose) and then varying intervals between V,, doses and their multi-
plicity (Table 4 and Fig 8G). The total administered dose of MV-BITEs, i.e., V7or = 20 x V4, was fixed across all protocols
considered. Reduction in tumour size was largest under the standard booster onset (3 weeks after the first injection) with
more injections given more regularly (s4 and s5, Fig 8H). In contrast, intervals between consecutive doses larger than

the current standard fortnightly protocol, do not improve the average tumour burden (i.e., s1-s3, e1-e3). To examine the
relationship between final tumour size and hypothetical survival curves for our virtual cohort, we have plotted the Kaplan-
Meier survival curves under the 10 protocols for a survival threshold of 120% CFB (Fig 8l). These suggest that individuals
predicted to have large tumour sizes early on under the standard protocol will benefit in the short-term from the early
booster onset protocols with frequent smaller dosages (e4 and e5).

Discussion

The potential therapeutic efficacy of BiTEs delivered by oncolytic viral vectors is an exciting area of immunotherapy. In this
work, we develop a mathematical platform that can be used to simulate the efficacy of this novel therapeutic strategy. We
show how this model recapitulates the dynamics of MV-BITE in vitro and in vivo, as well as matches change from baseline
(%) measurements in a Phase Il clinical trial for T-VEC. Generating in silico clinical trials, we unravel the likely mecha-
nistic drivers of the heterogeneity in responses to MV-BIiTEs as well as propose potentially more effective protocols. This
hypothesis-generating platform serves to better inform future experiments and, hopefully, the translation into clinical trials.

An overarching theme of this research has been to understand the impact of alterations to the MV-BiTEs administration
protocol. Mathematical modelling is especially valuable to address this question, since it would be impossible (and unethi-
cal) to systemically test all conceivable perturbations in animal experiments. With our predictions, we can prioritise certain
protocols for in vivo validation.
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Despite good alignment of the model with our experimental data and despite delivering insightful simulations, this study
has some limitations. Importantly, we do not expect MV-BIiTEs therapy to yield the same results in a clinical trial as those
in the Phase Il T-VEC trial and instead use the results of this clinical trial as an example of heterogeneity that may be
seen in an MV-BIiTEs protocol. In the future, clinical data might be obtained from studies on BiTE-encoding OVs that more
closely recapitulate the interactions described by the ODEs developed in this work. One such example is an ongoing clin-
ical trial investigating an oncolytic adenovirus encoding several immunomodulatory transgenes including a FAP-targeting
T cell engager [NCT04053283, [77]; NCT05043714, [78]]. Another caveat is the low number of individual mice the cohort
simulation is based on, especially for the delayed tumour growth cohort 3 (n=1). Additional in vivo studies are expected
to generate a more robust basis for our simulations, while dedicated measurements of, e.g., phagocytosis and antigen
presentation can help to dissect additional aspects of immunological responses to OV-BiTEs therapy.

We found consistently throughout our simulations that lower-dosage injections given more frequently were predicted
to reduce the tumour size most significantly. In both the in silico clinical trials based on the in vivo tumour growth and the
Phase Il clinical trial data, we saw that more frequent injections were optimal. Furthermore, we found that an initial dosage
followed by a short delay in the following booster dosage (3 weeks) followed by frequent small doses was most effective.
This suggests that once the treatment effect has time to establish after the first dosage, frequent small dosages are more
effective than large bolus dosages given far apart. However, in experimental and clinical practice, this might pose a chal-
lenge due to tumour growth in the intervals between injections and, therefore, needs to be carefully evaluated in a well-
designed animal experiment beforehand. Another caveat to this is that our model predicted individuals who would respond
to MV-BIiTE, would likely respond irrespective of the administration protocol. By contrast, those classified as experiencing
tumour “growth” or having a large change from baseline (%) would benefit most from a change in protocol. This suggests
that if it were possible to pre-determine which classification an individual patient would fall into, it would be possible to
predict their potential success under treatment with MV-BIiTEs.

In both in silico clinical trials generated, CD3* T cell cytotoxicity and BiTE pharmacokinetic clearance were predicted to
determine whether the tumour regressed or grew. This is in line with previous clinical findings that identified pre-existing
T cell responses towards measles virus and tumour antigens to correlate with outcome of MV therapy [79]. In vivo exper-
iments [13] as well as the mathematical model showed that encoding BiTEs in the MV vector is crucial for therapeutic
effectiveness as compared to direct BiTE injections. Nevertheless, simulations indicated that a high BIiTE clearance rate
limited therapeutic success. This points towards temporary BiTE effects despite vector-mediated expression. Differences
in BITE pharmacokinetics could be due to individual immune responses (e.g., via neutralising antibodies or phagocyto-
sis), variations in tumour composition (e.g., areas of hyperproliferation, hypoxia, or necrosis), or restrictions in the tumour
microenvironment such as dense stroma. Predicting potentially crucial parameters may prove helpful in the search for
biomarkers of response. If candidate parameters could be measured prior to treatment onset, e.g., levels of neutralising
antibodies, they can be correlated with the predicted treatment outcome for validation. If this holds true, stratification into
biomarker-adapted treatment arms could improve overall outcome.

In addition, our findings suggest that targeting BiTE pharmacokinetics could be one next avenue forward for exper-
imental design, e.g., testing other, potentially more stable protein formats that have been proposed, such as DARTS,
diabodies, or IgG-like structures [80, 81]. In addition, alternative vectors have been considered for delivery of BiTEs, such
as other OVs [12,15], (CAR) T cells [82,83], or nanocarriers that deliver in vitro-transcribed mRNA encoding BiTEs to host
myeloid cells [84]. Comparing the pharmacokinetics of these vectors could lead to improved efficacy at the clinical level.
Importantly, our findings in patient-derived xenograft models with tumour cells of human origin showed extended BIiTE
expression compared to the murine tumour model, indicating that limited MV-BITE effectiveness can, at least in part, be
attributed to restricted viral replication in murine cells [13], giving hope for better outcomes in human patients.

There are certain limitations in our model based on some simplifying assumptions. For example, we assumed the growth
of the control cell population in the cell viability measurements was negligible (see Supplementary Material). The growth of
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the cells in vitro would have likely been highly non-linear with periods of growth, saturation and then decline. Future work
will investigate this limitation further by generating data for the cell viability measurements that may be used to better cali-
brate the model. We are confident, however, that the model still provides a sufficient baseline for approximating the impact
of viral infection and death of tumour cells as a large number of parameters were recalibrated to the in vivo data.

Furthermore, a wide range of biological processes is involved in anti-tumour T cell effects, including activation via the endog-
enous T cell receptor and/or bispecific T cell engagers, replication of individual T cell clones, stimulation and inhibition by cyto-
kines and other mechanisms, and T cell exhaustion. While our model captures rates of T cell accumulation, decay, and baseline
as well as BiTE-induced tumor cell killing, it does not explicitly account for T cell exhaustion, which is a common mechanism
found in cancer and, more specifically, in both OV and BiTE therapies. Various concepts such as OV-encoded immune check-
point inhibitors or BiTE treatment-free intervals have been devised to address this [85-88]. In a future version of the model, we
aim to implement T cell exhaustion on the basis of time-resolved functional T cell characterisation to better reflect cases of treat-
ment failure under continuous BIiTE release by OV-infected cells. This can subsequently be used to predict optimal combination
or dosing strategies for long-term anti-tumour efficacy with specific focus on functional exhaustion of T cells.

In addition, MV-BIiTEs can form syncytia which is omitted from our model. With the addition of data quantifying the pres-
ence of syncytia, we could extend the model to capture the effect of this on viral spread as is done in other mathematical
models [89,90].

Taken together, our model serves as a platform for future research in OV-BIiTEs to be conducted and hypotheses to
be tested. In particular, testing of more stable bispecific protein formats and investigation of selected treatment protocols
will be conducted as experimental validation. Such validation is crucial for any modelling prediction. Thereby, we aim at
refining the model using novel datasets and, ultimately, at further developing complex combination immunovirotherapies
towards clinical translation.

Supporting information

S1 Text. Details on the parameter fitting, parameter sensitivity and supporting analysis of the virtual cohort
parameters.
(PDF)

S$1 Fig. Model simulation of the fit to cell viability and viral progeny measurements from B16 cells using Eq. S1.
The fits (solid lines) for (A) cell viability and (B) viral progeny, are shown against the individual experiment measurements
(circle). Note in (B) the same fit is presented on a linear (left) and log (right) plot.

(TIF)

S2 Fig. Fitting data from LDH release assay to obtain an estimate for BiTE-mediated tumour cell killing by T cells,
i.e., €, k and ~. The mean and standard deviation for specific lysis % for varying BiTE concentrations is plotted in black.
The model approximation using Eq. S2 is plotted in blue.

(TIF)

S3 Fig. Local pair-wise parameter perturbation by p giving the relative total tumour cells on day 25 (Eq. S3) is
represented by the colour bar. Direction of perturbation is increasing moving down vertically and across horizontally for
each parameter value.

(TIF)

S$4 Fig. Four individual parameter sets and their resulting model trajectories against m4’s data. These four-
exemplar parameter sets, and their model trajectories are a subset of those plotted on Fig 5. The black line and solid
circles are the tumour volume measurements, and the orange curve is the model’s predicted solution.

(TIF)
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S5 Fig. Sampled parameters that give model trajectories matching the data for individual mice m1-m8 (Method
(1), Fig 3). Sampled 250,000,000 parameter sets and calculated the residual to each of the 8 mice’s tumour volume, i.e.,
m1 through to m8. The 400 parameter sets giving the lowest residual have been plotted as histograms for k, ¢, dg, dr, 8,7
and 3 with their trajectories against the data of individual mice, mean values and standard deviations in Fig 5.

(TIF)

S6 Fig. Pairwise scatter plots for significant parameter correlations across the 8 mice, m1-m8. The x,y labels
denote the parameters of interest, and the titles denote the mouse. Points correspond to the specific parameter values for
that mouse. The colour of points corresponds to the mouse.

(TIF)

S7 Fig. Impact of the number of injections and days between injections of MV-BIiTEs for the three cohorts: 1)
recovery, growth and delayed-growth, corresponding to Fig 7. The corresponding mean and standard deviation for
the three cohorts (c1, c2, and c3) at (A-B) 48 days and (C-D) 7 days after the last injection.

(TIF)

S8 Fig. Additional information about the virtual cohort expanded from human clinical trial data. (A) Change from
baseline (%) for the Phase Il T-VEC clinical trial digitized using WebPIotDigitiser. (B) Probability density function (PDF)
generated for the clinical trial data and compared to the virtual clinical trial (VCT) samples. (C) The resulting change from
baseline for the model’s optimised parameters using a genetic algorithm. (D) Correlation matrix for the three patient-
specific parameters sampled to match the final tumour size of the virtual patients U(T).

(TIF)
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