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Uveal melanoma (UM), the primary intraocular tumor in adults, arises from eyemelanocytes and poses
a significant threat to vision and health. Despite its rarity, UM is concerning due to its high potential for
liver metastasis, resulting in a median survival of about a year after detection. Unlike cutaneous
melanoma, UM responds poorly to immune checkpoint inhibition (ICI) due to its low tumor mutational
burden and PD-1/PD-L1 expression. Tebentafusp, a bispecific T cell engager (TCE) approved for
metastatic UM, showed potential in clinical trials, but the objective response rate remains modest. To
enhance TCE efficacy, we explored quantitative systems pharmacology (QSP) modeling in this study.
By integratingaTCEmodule intoanexistingQSPmodel andusingclinical dataonUMand tebentafusp,
we aimed to identify and rank potential predictive biomarkers for patient selection. We selected 30
important predictive biomarkers, including model parameters and cell concentrations in tumor and
blood compartments. We investigated biomarkers using different methods, including comparison of
median levels in responders and non-responders, and a cutoff-based biomarker testing algorithm.
CD8+ T cell density in the tumor andblood,CD8+ T cell to regulatory T cell ratio in the tumor, and naïve
CD4+density in thebloodareexamplesof keybiomarkers identified.Quantificationofpredictivepower
suggested a limitedpredictive power for single pre-treatment biomarkers,whichwas improvedbyearly
on-treatment biomarkers and combination of predictive biomarkers. Ultimately, this QSPmodel could
facilitate biomarker-guided patient selection, improving clinical trial efficiency and UM treatment
outcomes.

Uveal melanoma (UM), the most common primary intraocular tumor in
adults, emerges from melanocytes in the iris, ciliary body, or choroid, and
can pose a significant threat to vision and overall health1–3. Despite its rarity,
UM is a highly concerning malignancy due to its propensity to metastasize,
and up to 50% of patients develop metastases most commonly in the liver.
The prognosis for those with metastatic disease is bleak, with a median
survival of ~1 year after metastases are detected4–6.

The remarkable success of immunotherapy with immune checkpoint
inhibition (ICI) in treatingmetastatic cutaneousmelanoma (CM) generated
high hopes for similar benefits in patients with metastatic UM7. Unfortu-
nately, the outcomes of applying these new therapy options to patients with
UM were far from promising8–10. While both UM and CM originate from
melanocytes and share common risk factors, these twomelanoma subtypes

exhibit significant biological and clinical differences11. Unlike CM, UM is
characterized by a low tumor mutational burden (TMB)12,13. Currently,
TMB is recognized as one of themost reliable biomarkers for predicting the
response to ICI in various tumor types, and UM’s low TMB is considered
one of the potential mechanisms for ICI resistance14. Additionally, patients
with UM exhibit lower levels of PD-1 and PD-L1 expression compared to
those with metastatic CM, which further contributes to the limited effec-
tiveness of ICI mediated by anti-PD-1 or anti-PD-L1 antibodies in UM15.

Immunotherapies using bispecific T cell engagers (TCEs), which
activate cytotoxic T cells to effectively eliminate cancer cells, have garnered a
significant interest in treating patients with UM16. Tebentafusp, formerly
known as IMCgp100, is a bispecific antibody designed to target gp100, a
protein highly expressed in melanomas, and CD3 on T cells, facilitating the
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redirection of T cells to eliminate gp100-expressing cancer cells17,18. In vitro
experiments have demonstrated tebentafusp’s ability to induce potent and
selective killing of antigen-positive cancer cells. Notably, it was found that
bothCD8+ andCD4+T cells were directed to lyse gp100+ cancer cells due
to activation by tebentafusp19. Throughout various phases of clinical trials,
tebentafusp (Kimmtrak®) has shownpromising responseswithmanageable
side effects20,21, leading to its FDA approval in 2022 for the treatment of
unresectable or metastatic UM in adult patients who are HLA-A*02:01-
positive.

Even though the phase 3 trial for the tebentafusp groupdemonstrated a
high disease control rate (46%; 95% CI, 39–52) compared to the control
group (27%; 95% CI, 20–36), where single-agent pembrolizumab, ipili-
mumab, or dacarbazinewereusedas per the investigator’s choice of therapy,
the percentage of patients showing an objective response to tebentafusp
therapy remained relatively low, at 9% (95% CI, 6–13)21. Enhancing the
benefits of bispecificTCE therapies in the treatment of solid tumors remains
a significant challenge in this field. It is crucial to identify predictive bio-
markers that can effectively differentiate responders from non-responders,
as this could improve the outcomes of clinical trials.

Quantitative system pharmacology (QSP) modeling has been
demonstrated as a promising approach to address current challenges in
bispecific TCEs and in general biomarker selection22. For instance, Betts
et al. introduced a QSP model to quantify and predict the transition from
preclinical to clinical stages for a P-cadherin/CD3 DART bsAb23. Another
QSPmodel developed byVanDeVyver et al. was utilized to forecast tumor
killing and T cell activation driven by cibisatamab, a CEA/CD3 T cell bis-
pecific antibody as a function of target expression levels24. In a work by
Hosseini et al., theQSPmodelingwas used to support the design of a phase I
trial for mosunetuzumab, a CD20/CD3 T cell bispecific. The primary
objective of this studywas tominimize the risk of cytokine release syndrome
(CRS) while retaining efficacy25. Similarly, to further understand the CRS
following bispecific dosing in solid tumors, aQSPmodel was developed and
tebentafuspwasused as the case study26.Moreover, in theprevious studies of
our group, the QSP modeling of bispecific TCE was used to investigate
predictive biomarkers27,28, optimize combination dose regimens, and
explore potential drug synergy29 when cibisatamab (CEA/CD3 T cell bis-
pecific) was used in combination with the PD-L1 checkpoint inhibitor,
atezolizumab.

In this study, we expanded our previously developed QSP models29,30

with a TCE module to investigate potential biomarkers for patients with

UM. To ensure accuracy, the model was calibrated using available experi-
mental data of UM and published clinical data of UM patients’ treatment
with tebentafusp. OurQSPmodel enables the development of a biomarker-
guided patient selectionprocess that enhances the efficiency of clinical trials.

Results
Virtual clinical trial of tebentafusp
We developed a QSP model to explore tebentafusp therapy in UM. This
QSP model consists of four compartment, each of which represents a dis-
tinct component of a patient: central (blood), peripheral (other tissues and
organs), tumor, and tumor-draining lymph node (TDLN), Fig. 1 (see
“Methods” section for details on model structure). Pharmacokinetics (PK)
parameterswerefitted to clinicalmeasurements of plasma concentration for
tebentafusp following a single 20 μg dose, observed over a 1-week period in
the central compartment (Supplementary Fig. 1a).Due to the lack of plasma
concentration data for subsequent doses, these estimated PKparameters are
based solely on the initial 20 μg dose. However, to evaluate the model’s
behavior over the full treatment course, we simulated the predicted plasma
and tumor drug concentrations for the complete dosing regimen: 20 μg on
day 1, followed by 30 μg on day 8, and 68 μg weekly for up to five cycles
(Supplementary Fig. 1b).

We aimed to reproduce the clinical setting in ourmodel simulations to
conduct a virtual clinical trial of tebentafusp following a phase 3 trial for
patients with metastatic UM, NCT0307039221. Following the same dosing
schedule used in the trial, we performedour simulations with tebentafusp at
a dose of 20 μg on day 1, 30 μg on day 8, and 68 μg weekly thereafter for all
the virtual patients (VPs). In this clinical trial, a total of 378 patients were
randomly assigned to either the tebentafusp group (252 patients) or the
control group (126patients), and the overall response ratewas calculated for
each group. To have sufficient data for statistical analysis, we conducted the
simulationswith ahigher number of patients. In this study,we startedwith a
virtual cohort of 1500 patients created by the Latin-Hypercube Sampling
(LHS)method. EachVPwas generatedwith a random sample of parameter
values based on the list of parameters provided in Supplementary Data
2 and 3. Based on the screening rules (initial tumor diameter, range of
reportedT cells densities, andTeff/Treg ratio), 910VPswerefiltered out and
selected for further processing. The overall response rate (ORR) was cal-
culated for VPs following RECIST 1.1, and the parameters with no
experimentally reported valueswerefitted to the outcomeof the clinical trial
for each category of RECIST, shown in Fig. 2a. We also calculated the 95%
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Fig. 1 | QSPmodel diagram.Themodel is divided into four compartments: central,
peripheral, tumor, and tumor-draining lymph node, which describe cycles of
immune activation in lymph nodes, T cell trafficking to the tumor, killing of cancer
cells, immune evasion, and antigen release and lymphatic transport. MHC major
histocompatibility complex, nT naïve T cell, aT activated T cell by mAPC that

migrated from tumor to the lymph node where they present the antigen to naïve
T cells, NO nitric oxide, Arg-I arginase I, Treg regulatory T cell, Teff effector T cell,
Th helper T cell, Texh exhaustedT cell,MDSCmyeloid derived suppresser cells,Mac
macrophage, mAPC mature antigen-presenting cell. Cytokine degradation and
cellular clearance were omitted in the diagram. Modified from refs. 29,30.
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confidence interval (CI) for the result of the simulation by randomly sam-
pling 252 VPs from the 910 simulated VPs (number of patients in the
tebentafusp group of the clinical trial) 10,000 times, presented as error bars
in Fig. 2a.

In order to visualize the dynamics of individual VPs, we plotted the
response status based on RECIST criteria as spider plots, showing both the
individual variabilities of patients by randomly selecting 100 VPs in Fig. 2b
and the median behavior of the virtual population in Fig. 2c.

We investigated the sensitivity of the percent tumor size change from
baseline against the model parameters with a range using partial rank
correlation coefficient (PRCC), whose values range between−1 (negative
correlation) and +1 (positive correlation), Fig. 3. As the result shows,

tumor growth rate was identified at most positively correlated parameter
to the precent of tumor size change. Regarding the parameters with
negative correlation on the tumor volume, Neo-Ag specific T cell clone
was observed as the most sensitive one. Additionally, we used feature
ranking methods in the context of machine learning and tested the
importance of each parameter on tumor volume using three algorithms of
minimum redundancy feature selection (MRMR), F-test, and RReliefF
which are included in the feature selection part of Regression Learner App
of MATLAB, Supplementary Fig. 2. Similar to the PRCC method, tumor
growth rate was selected as the most sensitive parameter predicted by all
three methods. However, the relative sensitivity of other parameters was
different based on each method, and in general RReliefF method showed

Fig. 2 | In silico clinical trial of tebentafusp. aResponse status comparison between
model prediction and clinical results of tebentafusp monotherapy by RECIST 1.1.
Model predictions are presented with 95% bootstrap confidence intervals. Rate of
response in model-predicted tumor diameter of b 100 randomly selected VPs, c all

VPs. Solid line represents the median and the shaded area denotes the median
absolute deviation (mad); CR complete response, PR partial response, SD stable
disease, PD progressive disease.

Fig. 3 | Global sensitivity analysis. Partial rank
correlation coefficient (PRCC) values are reported
to test associations between the percent of tumor size
change from baseline (post-treatment) and para-
meters used in virtual patient generation.
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the most similar parameter sensitivity analysis to the PRCC method,
Supplementary Fig. 2.

As shown in Fig. 4a–f, we chose the six most sensitive factors found
using the PRCC method and used waterfall plots to illustrate the model-
predicted tumor diameter changes from baseline for all 910 simulated VPs
while taking into account one parameter of interest. Based on the cutoff
values for each parameter, the patients were separated into two groups. If a
patient’s value is lower than themedian, it is displayed inblue; otherwise, it is
represented in orange. While the low tumor growth rate is the most sig-
nificant parameter separating responders from non-responders, a larger
portion of responders also show lower values of the rate of Teff death by
Tregs and higher values of Neo-Ag specific T cell clone. Other parameters
like Kd of antigen and rate of T cell exhaustion by cancer cells were evenly
distributed between responders and non-responder.

Identification and ranking of potential predictive biomarkers
To investigate the predictive biomarkers that would help with patient
identification for tebentafusp therapy, parameters and derived quantities

from theQSPmodel were selected as candidates for the biomarker analysis.
The possible biomarkers were identified based on relevant biomarker data
for cancer immunotherapy and TCEs, while availability and accessibility of
measurement in patients were taken into account. This resulted in 30 bio-
marker candidates. Some of those selected biomarkers such as initial tumor
diameter, gp100 and CD47 expression on cancer cells, and CD3 expression
on cytotoxic T cells (presented in Fig. 5) serve as constantmodel parameters
throughout the treatment. However, other biomarkers like tumor purity
(the proportion of cancer cells in the tumor tissue to other cells31), immune
cell counts in the central (blood) and tumor compartments, cytokine con-
centrations (presented in Fig. 6) are the emergent properties of model
parameter.

As the first step, statistical comparisons were conducted between the
non-responders (SD and PD) and responders (PR/CR) to identify the most
significant differences between them. By studying the potential predictive
model parameters shown in Fig. 5, Neo-Ag specific T cell clone is the most
significant parameter differentiating the responders and non-responders.
The distribution of other parameters like initial tumor diameter, CD47,

Fig. 4 | Waterfall plots of tebentafusp therapy. Varying a tumor growth rate; b half-maximal PD1-PDL1 for Teff inhibition; c Kd of antigen; d rate of Teff death by Treg;
e rate of T cell exhaustion by cancer cell; f Neo-Ag specific T cell clone.
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PDL1 and gp100 expression on tumor, and CD3 expression on T cells do
not show a notable difference among responders and non-responders.

Furthermore, we investigated the distributions of model components
as potential predictive biomarkers including the density of different model
cell types, and cytokine concentrations in the tumor and central compart-
ment. To further explore these predictive biomarkers, we looked into dif-
ferent time points of the simulation, including pre-treatment (day 1), early
on-treatment (here day 8, clinical trial taken at days 3–1717), and finally at
the end of treatment (day 400). The ninemost predictive biomarkers which
are different among responders and non-responders are presented in Fig. 6.
CD8+ T cell density in the tumor and central compartment, CD4+ T cells,
helper T cells, and CD8+/Treg ratio in the tumor are higher in responders.
We also looked into other predictive biomarkers like myeloid derived
suppressor cells (MDSC), M1 and M2 macrophage density, which showed
less significant differences among responders and non-responders (Sup-
plementary Fig. 3). Regarding the cytokine concentrations, IFN-γ con-
centration was the most important one, having higher values in responders
shown in Fig. 6, while the density of other cytokines like TGFβ, IL2, IL10,
and IL12 were either less significant or showed no significance, Supple-
mentary Fig. 4.

We further studied the potential biomarkers by ranking the biomarker
candidates based on the highest response probability achieved among the
VP subgroups generated for each biomarker candidate (see “Methods”
section). Among the biomarker candidates tested, CD8+ density in tumor
had the highest response probability of 0.43 (Fig. 7a). This was followed by
the ratio of CD8+ T cells to the regulatory T cells, Treg, in the tumor
compartment, which had a response probability of 0.36. Other biomarkers
including CD3 expression on effector T cells, CD8+ T cell density in the
central compartment, MDSC density in the tumor and Neo-Ag specific T
cell clones had response probabilities between 0.15 and 0.2.

To maximize the number of responders in the best subgroups selected
(Supplementary Fig. 5), the responder inclusion score (RIS)metricwas used

(see “Methods” section). When biomarker candidates were ranked on the
basis of the RIS, CD8+ density in the tumor showed the highest score, 0.55
(Fig. 7b). This was followed by the ratio of CD8+ T cell and Treg in the
tumor compartment, CD8+ density in the central compartment and IL2
with a RIS above 0.26. Although biomarkers with high response probability
do not necessarily have high RIS, the top two single biomarkers, CD8+ T
cell density in the tumor and the ratio of CD8+ T cell to Treg density in the
tumor were consistently the topmost for both metrics (Supplementary
Fig. 6).

While the metric response probability is chosen to identify positive
predictive biomarkers, i.e., biomarkers that select patients for treatment
inclusion, biomarkers that inform exclusion criteria such as the negative
predictive biomarkers are also clinically informative. To this end, we tested
negative predictive biomarkers using the metric 1-response probability
(Supplementary Fig. 7). Many biomarkers attained the highest score of 1,
including biomarkers that were top-ranked for the selection of responders
such as the ratio of CD8+ T cell to Treg density in the tumor. However, the
predictive power of the identified biomarkers was low in excluding
responders from the entire cohort, as <25% of non-responders from the
entire cohort were correctly selected for treatment exclusion.

Combinations of pre-treatment predictive biomarkers
We evaluated whether combination of biomarkers achieve improved
predictive power since the predictive ability of single biomarkers may be
constrained. We tested combinations of biomarker candidates and
generated subgroups of VPs on the basis of the levels of both biomarker
candidates in the combination as described in “Methods” section.
Among combinations of two biomarkers, the combination of naïve
CD4+ T cell density in the central compartment with the ratio of CD8+
T cells to Treg in the tumor compartment had the highest response
probability of 0.67. The best three and four biomarker combinations had
response probability of 0.8 (Fig. 7c). The higher score achieved for

Fig. 5 | Distributions of model parameters as potential predictive biomarkers.
Statistical significance is calculated by Wilcoxon test (ns/NS: p > 0.05; *: p < =0.05;
****: p < =0.0001). Box represents the interquartile range (IQR), line within the box

indicates the median value of the data, whiskers extend to the smallest and largest
values within 1.5 * IQR, outliers are the individual points that fall outside the
whiskers. NR non-responder, R responder.
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biomarker combinations compared to single biomarker score of 0.43,
shows a higher predictive power using biomarker combinations based
on response probability analysis. Further, the distribution of response
probability of the tested biomarker combinations showed a shift to the
right compared to the distribution for single biomarkers (Fig. 7e). When
two biomarker combinations were ranked on the basis of the RIS, the
highest RIS attainedwas 0.57 for the combination of CD8+Tcell density
in the tumor compartment and the ratio of CD8+T cell and Tregs in the
tumor compartment, suggesting only a small improvement in the pre-
dicitve power compared to the best single biomarker (Fig. 7d). No
notable improvement in RIS was observed even for combinations of
three or four biomarkers. Although the RIS of best single biomarker and
best biomarker combinations were similar, there was a notable shift in
the distribution of RIS to the right, for all combinations tested with two
biomarkers compared to the distribution of single biomarkers (Fig. 7f).
This observation suggests that there are several combinations that
showed improved RIS compare to single biomarkers.

Analysis of potential predictive biomarkers
To further explore the effect of the biomarkers on model predictions,
for the most significant biomarkers that were also common in both
statistical analysis of responder and non-responders and biomarker
ranking analysis, we sorted the VPs by each parameter in ascending
order and evenly divided them into multiple subgroups. The ORR of
each subgroup of therapy is plotted against the median parameter
values in Fig. 8. As a result, predicted ORRs show a trend of increase
with CD8+ density in the tumor and central compartment, CD4+,
helper T cell densities, and CD8+/Treg ratio in the tumor, as well as
APC and IFN-γ concentration, while ORRs decrease as naïve CD4+
density in central increases.

Predictive power of on-treatment biomarkers
In the final step, we evaluated on-treatment biomarkers, measured at early
stages after treatment initiation, to test if they have higher predictive power
compared to pre-treatment or baseline biomarkers. We calculated relative
change in biomarker candidates at day 15 and day 30 after treatment
initiation with respect to the baseline measurement. A large fraction of the
tested biomarker candidateshad an increase in responseprobability andRIS
for relative change in biomarker candidates at day 15, compared to the
predictive power at baseline (Fig. 9a, b). M1 macrophage density showed a
>300% increase in response probability when relative change at day 15 was
evaluated compared to baseline (Fig. 9a). Mature antigen-presenting cells
showed a >1500% increase in RIS (Fig. 9b).

However, biomarkers such as CD8+ T cell density in central
compartment and the ratio of CD8+ T cells to Tregs in tumor, had a
decrease in predictive power, when relative change at early time point
was considered compared to the baseline (Fig. 9a, b). Reduction in the
predictive power of certain biomarkers after treatment initiation was
also observed in biomarker analysis for PD-1 inhibition in breast
cancer32, suggesting that this observation is not cancer-type or treat-
ment specific. When the predictive power of best biomarkers was
compared, relative change at day 15 or day 30 were higher compared to
the pre-treatment biomarkers (Fig. 9c, d). Among all the tested single
and composite biomarkers, the highest RIS attained was 0.82 with a
combination of four biomarkers, including relative changes of M1/M2
macrophage ratio in the tumor, CD8+T cell density in the tumor, ratio
of CD8+ to Treg in the tumor and naïve CD8+ density in the central
compartment, at day 15 with respect to the baseline. For a combination
of relative changes in M2macrophage density, CD8+/Treg ratio in the
tumor andmature antigen-presenting cells, at day 15 frombaseline, the
maximum response probability of 1 was observed.

Fig. 6 | Distributions of potential predictive biomarkers. Pre-treatment (day 1),
early-treatment (day 8), and post-treatment (day 400) distributions of potential
predictive biomarkers in responders and non-responders. Statistical significance is
calculated by Wilcoxon test (**: p < =0.01; ***: p < =0.001; ****: p < =0.0001). Box
represents the interquartile range (IQR), line within the box indicates the median

value of the data, whiskers extend to the smallest and largest values within 1.5 * IQR,
outliers are the individual points that fall outside the whiskers. APC antigen-
presenting cell, TumorPurity: ratio of cancer cells to all the cells in the tumor
compartment, NR non-responder, R responder.
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Discussion
Bispecific TCEs have grown to be a crucial component of cancer treatment
research. However, improving the efficacy of bispecific TCE treatments in
solid tumor treatment remains a significant challenge33,34. For instance, the
clinical trials of tebentafusp showed great potential for the treatment of UM
patients, yet the objective response rate remains modest21. Identifying the
predictive biomarkers that can effectively distinguish responders from non-
responders could improve the outcomes of clinical trials. To achieve this
goal, mechanistic modeling approaches like QSP models are effective tools
that can help predict and design trials to enhance efficacy35.

In this study, we extend our previously developed QSP platform for
TCE29, to study predictive biomarkers for the treatment ofUMpatientswith
tebentafusp. To this end, we calibrated the model by fitting the model to
available clinical and experimental data of UM and tebentafusp. In parti-
cular, the PKmodel was fitted to the published data of tebentafusp plasma
concertation following the initial 20mcg dose over a 1-week period20, other
model parameters were fitted to available experimental data (Supplemen-
tary Data 2 and 3), and uncertain parameters were calibrated so the pre-
dicated ORR by simulation mimicking the ORR of phase 3 clinical trial21.
We have also adopted the dynamics of T cells, helper T cells, APCs, tumor-
specific neoantigens and tumor-associated self-antigens, immune check-
points, and MDSCs fromWang et al.30.

Using this calibrated model, we investigated single predictive bio-
markers aswell as the combinationof the selected biomarkers.CD8+Tcells
and CD4+ T cells both play major roles in the UM tumor microenviron-
ment, as evidenced by flow cytometry examination of 27 tumors, which
revealed that a significant number of tumor-infiltrating leukocytes (TIL)
wereCD8+Tcells, with someCD4+Tcells36.Ourfindings showed that the
density of CD8+ and CD4+ T cells in the tumor compartment is sub-
stantially linked with response status, with a higher value in the responders’
group at all three time points of treatment investigated, Fig. 6. This is

supported further by the mechanism of action of tebentafusp, which has
beendemonstrated to activate and redirect bothCD8+ andCD4+Tcells to
lyse gp100+ cancer cells19. Moreover, Foxp3+ Treg were found to be pre-
sent in 12–24% of UMs37,38 and our work demonstrated that the pre-
treatment CD8+/Treg cell ratio can serve as an important predictive bio-
marker, with higher values of this ratio for responders, Fig. 6. Furthermore,
statistical analysis of responders and non-responders revealed that the
average Treg density in the tumor compartment is higher for responders,
whereas the Treg density in the central compartment is lower for the
responder group, Supplementary Fig. 3.

It is noteworthy to highlight that the assessment report of tebentafusp
revealed a decrease in lymphocyte count within 24 h following the initial
dose, with a return to baseline levels by day 839. While our analysis does not
specifically address the lymphocyte density at the 24-h mark, the simulated
values of early treatment at day 8 for CD8+ T cells, T helper, and Tregs in
the central (blood) compartment exhibit a very similar distribution to
baseline values on day 1, as shown in Fig. 6 and Supplementary Fig. 3.

NotonlyTcells but also tumor-associatedmacrophages are commonly
present inUMwith themajority of them beingM2 type, and in the study of
UM patients without treatment survival was much better in patients with
lowM2macrophages40. However, the statistical analysis revealed somewhat
higher M2 macrophage levels in responders at the start of treatment, and a
significant rise in M2 macrophage levels after treatment with tebentafusp.
This observation has been also reported by clinical/experimental studies for
other treatments. Local treatment of UM tumors with thermotherapy, for
example, promoted the influx of macrophages41, and following transscleral
thermotherapy, a high density of M2macrophages was identified along the
boundaries of treated regions42.

Cytokines also play an essential role in the tumormicroenvironment of
UM as was demonstrated by a high concentration of various cytokines and
chemokines in a study of UM patients43. In this work, we looked at the

Fig. 7 | Pre-treatment biomarker ranking. Top 15 single predictive biomarkers
ranked based on response probability (a) and responder inclusion score (RIS) (b).
c, d Comparison of response probability and RIS of the best single biomarker and
biomarker combinations. e, fDistribution of response probability and RIS for all the
biomarkers and their combinations tested. Response probability is calculated as the
fraction of responders among VPs included in the subset. RIS is defined as the
difference between the fraction of responders selected among responders in the
entire patient cohort and the fraction of non-responders selected among non-

responders in the whole cohort. Statistical significance is calculated using Wilcoxon
test (ns/NS: p > 0.05; *: p ≤ 0.05; **: p ≤ 0.01; ****: p ≤ 0.0001). Box represents the
interquartile range (IQR), line within the box indicates the median value of the data,
whiskers extend to the smallest and largest values within 1.5 * IQR, outliers are the
individual points that fall outside thewhiskers. Patients withCR/PRwere considered
as responders. IFNg interferon-γ, Ag antigen, APC antigen-presenting cell, Th
helper T cell.

https://doi.org/10.1038/s41540-024-00434-5 Article

npj Systems Biology and Applications |          (2024) 10:108 7

www.nature.com/npjsba


differences between responders and non-responders based on the cytokines
used in the model, which included IFN-γ, TGFb, IL2, IL10, and IL12.
Among these cytokines, IFN-γ was chosen as the most significant bio-
marker. Although IFN-γ can have both anti-tumor and pro-tumor
functions44, our study results suggest a higher value of this cytokine in the
responder group with tebentafusp therapy.

Another powerful predictive biomarker is tumor purity, which is
defined as the ratio of cancer cells to all species in the tumor compartment
(e.g., T cells, macrophages, MDSC). Although tumor purity is lower at all
treatment time points for responders, the values after treatment are notably
different for the two groups, reflecting cancer lysis for the responders’ group
at the end of therapy.

Although the selected range of expression levels for biomarkers such as
CD47 and gp100 on tumor cells and CD3 on T cells did not show a sig-
nificant difference between responders and non-responders and they were
among the middle-ranked biomarkers, their expression may be important
for further analysis with a wider range of expression level and also their
interaction with other cell types in the tumor microenvironment. For
example, the study of immune cell populations in UM patients showed a
significantly higher number of CD4+ and CD8+ T cells can be found in
patients with high CD47 levels45. Furthermore, we assumed in our simu-
lations that biomarker expression levels are constant and do not vary during
treatment.While it has beendemonstrated that tebentafuspdoesnot change
gp100 expression levels17, the drug’s effect on the expression levels of other
biomarkers is not well understood.

One of the limitation of our model is its focus on Tregs and PD-1/PD-
L1 signaling as the primary causes of T cell exhaustion. Ourmodel does not
incorporate the effects of prolonged exposure to inflammatory cytokines or
continuous antigen exposure which both are contributors to T cell
exhaustion. Future incorporation of these factors to the model would pro-
vide amore comprehensive understanding of themechanismsdrivingT cell
exhaustion and to enhance the model’s predictive accuracy.

Quantification of predictive power also revealed combinations of
pre-treatment and on-treatment biomarkers with high predictive power.
Future work examining clusters of correlated predictive biomarkers will
provide mechanistic insights and would enable a rational development of
strategies to accurately predict treatment responses. The metrics used to
evaluate biomarkers, response probability and RIS could be interpreted in
terms of specificity and sensitivity32. Biomarkers with high response
probability have high specificity, which is defined as the ability of bio-
markers to exclude non-responders or minimize false positives, and are
useful only for a specific population of patients. On the other hand, bio-
markers with high RIS have high specificity and sensitivity, where sensi-
tivity is the ability of biomarkers to minimize false negatives. Thus,
biomarkers identified based on RIS are widely applicable and are prefer-
able. However, while none of the biomarkers and their combinations
tested achieved a RIS of 1 suggesting that the tested biomarkers had a
specificity or sensitivity less than 100%, a combination of on-treatment
M2 macrophage density, CD8+/Treg ratio in the tumor and mature
antigen-presenting cells had 100% specificity or response probability of 1.

Fig. 8 | Effects of model variables on response status. The virtual patient popu-
lation was sorted by the pre-treatment variable level in ascending order for each
variable and separated into five equal subgroups. Each subgroup in the combination

therapy has its response status shown against the relevantmedian variable level. Blue
represents partial or complete response (PR/CR). Green represents stable disease
(SD). Red represents progressive disease (PD).
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Thus, biomarkers will have to be selected depending on the required
tradeoff between sensitivity and sensitivity.

It should be noted that we consider ratios of two quantities such as the
ratio of CD8+ T cell and Treg density as a single derived biomarker
quantity. For single biomarker analysis in this work, a single cutoff for the
(derived) quantity is used to select VPs. In the case of biomarker combi-
nation analysis, multiple cutoffs (each for a biomarker quantity in combi-
nation) are used in the selection of VPs. However, in a strict sense, the ratios
of two quantities could be considered as biomarker combination and the
predictive power would vary depending on the way the two quantities are
combined. Future studies comparing different strategies to combine bio-
marker quantities are required to establish a standard method for testing
biomarker combinations.

In summary, the objective of this study is to establish a patient selection
process driven by biomarkers, using a QSP modeling methodology.
Nevertheless, accurately estimating parameters and generating VPs remain

a significant challenge in QSP models. Looking forward, we anticipate that
as more data become accessible, these models will enhance their capacity to
predict outcomes with higher precision46,47.

Methods
Model structure
The QSP model used in this study was based on our previous models
developed for triple-negative breast cancer and TCE, and detailed
governing equations have been formulated and explained in detail29,30.
The model comprises four compartments representing different
aspects of the patient: central (blood), peripheral (other tissues and
organs), tumor, and TDLN, Fig. 1. This entire model is formulated
using a combination of ordinary differential equations (ODEs) and
algebraic equations. The model includes specific modules for cancer
cells, T cells, antigen presentation, MDSC, macrophages, and TCE
antibody PK.

Fig. 9 | Predictive power of early on-treatment biomarkers. a, b Percentage change
in response probability or RIS, for relative change in single biomarker quantities at
day 15 after treatment initiation from baseline, calculated with respect to predictive
power at baseline. Quantities shown in green and golden yellow, show an increase
and decrease in predictive power with respect to baseline. c, d Comparison of
response probabilities andRIS of the best single or composite biomarkers at different
time points. Colors represent the time point of biomarker quantification (baseline,
relative changes at day 15 or day 30 with respect to baseline). The numbers at the top

of (c) and (d) indicate the number of biomarkers combined. Quantities that were
assumed to be constant over timewere excludedwhile calculating the relative change
with respect to baseline. Statistical significance is calculated usingWilcoxon test (ns/
NS: p > 0.05; ****: p ≤ 0.0001). Box represents the interquartile range (IQR), line
within the box indicates themedian value of the data, whiskers extend to the smallest
and largest values within 1.5 * IQR, outliers are the individual points that fall outside
the whiskers.

https://doi.org/10.1038/s41540-024-00434-5 Article

npj Systems Biology and Applications |          (2024) 10:108 9

www.nature.com/npjsba


The behavior and interactions of crucial cellular andmolecular species,
including T cells, cancer cells, antigen-presenting cells, antigens, checkpoint
ligands and receptors, and antibodies, are represented by each module in
this completemodel. This level of cellular andmolecular specificitymakes it
simple to incorporate new modules that can describe different species and
therapeutic agents.

Themodel consists of a total of 154 ODEs, 42 algebraic equations, and
285 parameters. To ensure the paper’s comprehensiveness and self-suffi-
ciency, we have provided the computational code for the entire model.
Moreover, all the equations with descriptions of reactions and rules gov-
erning tumor growth, antigen processing and presentation, T cell activation,
proliferation, and distribution,MDSC recruitment into tumor,macrophage
dynamics, and drug PK/PD are provided in Supplementary Data 5 and 6.

In this study, we focused on tebentafusp, distributed under the brand
nameKimmtrak®, which is bivalent for the target antigen (gp100) on cancer
cells and monovalent for CD3 on T cells. PK parameters were fitted to the
data reported and the simulated plasma concentration of tebentafusp
together with the clinical measurements at dose levels of 20mcg QW in the
central compartment (Supplementary Note and Supplementary Fig. 1a). In
our model, we considered the CD3 expression on both Teff and Treg cells,
and equations used for the binding model can be found in Supplementary
Data 5.

Model initiation and virtual clinical trial
In order to simulate a VP group mirroring the real clinical population,
values of a selected subset of model parameters are randomly generated via
LHS, while others are held at their baseline values. These baseline values and
the parameter distributions are informed by existing experimental and
clinical data. For instance, the pre-treatment size of UM tumor in 8033
patients was reported by Shields et al.48. The tumor growth rate was esti-
mated using the calculated doubling times of UM tumors reported by Char
et al.49. The range of TMBwhich is represented by the number of neoantigen
(Neo-Ag)-specific T cell clones, was fitted to the data of the reported genetic
landscape of UM40. Moreover, we have used available experimental data for
UM to select the range of expression levels of different proteins like PDL1,
PDL2, CD4750, and gp100 on cancer cells51, CD3onT cells52, and the ratio of
M2/M1 macrophages53. For the full list of parameters and selected ranges,
see Supplementary Data 2 and 3.

It is important to emphasize that there are certainparameters forwhich
the distributions are unavailable. For these parameters, we have approxi-
mated their ranges in a way that ensures the simulatedORR’s 95%CI aligns
with the clinical trial outcomes (the percentage of partial or complete
response (PR/CR), stable disease (SD), and progressive disease (PD)) as per
RECIST criteria.

Themodel is simulated by representing each randomly generated set of
parameters as a VP. Then, the simulations are conducted within the
MATLAB SimBiology Toolbox (MathWorks, Natick, MA) using the
SUNDIALS solver. For every VP, a pre-treatment tumor size was randomly
assigned, and the simulation began with a small number of cancer cells and
continued until the tumor attained the desired size. VPs unable to achieve
this desired pre-treatment tumor size are excluded from the treatment
simulation. Upon reaching the desired pre-treatment size, the drug
administration is simulated through a SimBiology dose object. This object
defines parameters like dosage, infusion duration, and dosing schedule.
Subsequently, the tumor dynamic is simulated for 400 days. During the
post-processing phase, additional filtration is applied to the VPs to ensure
that their attributes (e.g., range of reported T cells densities, and Teff/Treg
ratio) remain within biologically plausible ranges.

Statistical analysis
In order to investigate the effects of different parameters on model data,
global uncertainty and sensitivity analyses are carried out using LHS and
PRCC approaches54. The 95 percentile bootstrap CIs are produced for
comparison between model predictions and clinical results, and the overall
response rate (ORR) and duration of response are projected based on

RECIST V.1.155. Based on the normal approximation for the binomial
distribution, 95% Agresti–Coull CIs are computed for the ORR predictions
in subgroup analysis. Additionally, three algorithms of MRMR, F-test, and
RReliefFwhichare included in the feature selection sectionof theRegression
Learner App of MATLAB56 were used to quantify the importance of each
parameter on tumor volume in the context of machine learning. Finally, to
compare model observations in subgroups with various response statuses
and treatment regimens, the Wilcoxon test is performed using the ggpubr
package in RStudio V.1.257.

Biomarker ranking
To quantify and rank the biomarker candidates, the cutoff-based biomarker
testing algorithm described in ref. 32 was used. This method is a modified
version of the algorithm introduced in ref. 58 with improved computational
speed and robustness, and it enables testing single and combination of
predictive biomarkers. The 910VPs generatedwere randomly split into train
and test sets comprising 637 (70%) and 273 (30%) VPs, respectively. First,
optimal cutoffs for single biomarkers were identified using the train dataset
as follows. For every biomarker candidate, eight quantiles were chosen as
potential cutoffs and VPs with the corresponding biomarker level above/
below the cutoff points were generated. VP subsets with <20 patients were
excluded from the analysis to avoid artifacts due to the low number of
patients. Twometricswere used separately to rank the biomarker candidates
(1) responseprobability and (2)RIS.Responseprobability is calculated as the
fraction of responders among VPs included in the subset. RIS is defined as
the difference between the fraction of responders selected among responders
in the entire patient cohort and the fraction of non-responders selected
among non-responders in the whole cohort. Thus, RIS maximizes the
selection of responders from the whole patient cohort but response prob-
ability only maximizes the fraction of responders within the subset of
selected patients. For each biomarker, the optimal cutoff values that max-
imized response probability and RIS were separately identified. The pre-
dictive power of biomarkers based on the two metrics were evaluated with
the test dataset, using the optimal cutoff identified. Biomarker candidates
were then ranked based on the highest value of response probability/RIS
attained among the VP subsets generated using the test dataset. To analyze
biomarker combinations, a random forest-based feature selection was
applied to prefilter biomarker candidates using the train data. Subsequently,
all possible combinations (combinations of two, three, and four biomarkers)
of selectedbiomarker candidates and their cutoffswere chosen to identify the
optimal set of cutoffs for biomarkers in combination. For each set of cutoffs,
VP subsets were generated that satisfy the cutoff criteria of all biomarkers in
the combination, using the train dataset. This also includes scenarios where
one biomarker is above the cutoff while the other biomarker is below the
cutoff. Predictive power of optimal cutoffs identified for biomarkers in
combination was evaluated using the test dataset. A flow chart of the bio-
marker testing algorithm is provided in the Supplementary text of ref. 32.

In this analysis, responders refer to patients with CR/PR and non-
responders include patients with SD and PD. This analysis was performed
separately for pre-treatment or baseline biomarkers and on-treatment
biomarkers such as relative changes in biomarker candidates at day 15 or
day 30 after treatment initiation with respect to the baseline.

Data availability
The authors confirm that the data supporting the findings of this study are
available within the article and the Supplementary Material.

Code availability
The model code and MATLAB script used in this study are available at
Anbari, Samira (2024), “Identifying biomarkers for treatment of uveal
melanomabyTcell engager using aQSPmodel.MendeleyData,V1. https://
doi.org/10.17632/vfj4wrkkfs.1.
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