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Abstract 

The success of mRNA vaccines against infectious diseases such as COVID-19 has 

opened new avenues for their application in oncology. In cancer immunotherapy, 

mRNA vaccines—typically encapsulated in lipid nanoparticles (LNPs) 100–200 nm in 

size—enable delivery of tumor-specific antigens to activate immune responses. Here, 

we investigated the efficacy of mRNA vaccines in cancer by modeling tumor-immune 

interactions and tumor microenvironment (TME) dynamics to identify predictive 

biomarkers. Using a mechanistic mathematical model, we simulated tumor growth, 

immune cell dynamics, and vaccine pharmacokinetics in virtual cohorts of 1,635 

patients generated via Latin hypercube sampling. Our simulations demonstrated a 

45% average tumor size reduction and a 60% increase in CD8 + T cell infiltration in 

responsive tumors. Multiple regression analyses validated the predictive power of 

both pre- and on-treatment biomarkers. Key predictors of vaccine efficacy included 

antigen-presenting cell (APC) density and cytotoxic T cell fraction. Specifically, an 

APC density above 500 cells/mm³ in lymph nodes correlated with a 55% increase 

in vaccine response rates, while a cytotoxic T cell fraction above 20% in tumors 

was associated with a 60% reduction in tumor volume. A reduced M2/M1 macro-

phage ratio further improved treatment outcomes by 50%, highlighting the role of 

reprograming immunosuppressive macrophages. TME characteristics significantly 

influenced vaccine efficacy. Low extracellular matrix (ECM) density—modeled as a 

5–10 × increase in hydraulic conductivity—combined with medium cytokine levels 

(IL-2 and TNF-α at 10–50 pg/ml), created optimal conditions for immune activa-

tion. Under these conditions, vaccine uptake improved by 35% and cytotoxic T cell 

infiltration increased by 65%, resulting in up to a 50% improvement in therapeutic 

outcomes. Model predictions aligned with pre-clinical data from melanoma and breast 
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cancer models. These findings provide a framework for optimizing mRNA vaccine 

strategies and advancing personalized cancer immunotherapy.

Author summary

Messenger RNA (mRNA) vaccines have shown remarkable success in pre-
venting infectious diseases like COVID-19. Their potential in treating cancer is 
now gaining attention, especially for activating the immune system to recog-
nize and destroy tumor cells. However, cancer cells grow in complex environ-
ments that can block immune responses and limit the effectiveness of these 
vaccines. In this study, we developed a detailed computer model that mimics 
how cancer cells and the immune system interact, including the structure of 
tumors and how immune cells behave. Using this model, we tested different 
treatment strategies in over 1,600 virtual patients to find the best conditions 
for mRNA vaccines to work. We discovered specific markers—such as im-
mune cell levels and tumor structure—that can predict whether a patient 
will respond well to treatment. Our findings also show that reprogramming 
the tumor microenvironment and timing of treatment can significantly boost 
vaccine effectiveness. This research provides a roadmap for improving cancer 
immunotherapy and tailoring treatments to each patient, bringing us closer to 
personalized and more successful cancer care.

Introduction

The promise of mRNA vaccines in oncology builds upon the success of COVID-
19 mRNA vaccines, such as Moderna’s mRNA-1273 and Pfizer-BioNTech’s 
BNT162b2, which revolutionized the treatment of infectious diseases [1,2]. These 
vaccines, encapsulated within lipid nanoparticles (LNPs), protect mRNA from 
degradation and facilitate its delivery into cells [3–7]. In cancer treatment, mRNA 
vaccines introduce instructions for cells to produce tumor-specific antigens, 
thereby priming the immune system to recognize and attack cancer cells [3]. This 
process leverages the Cancer-Immunity cycle, a critical framework for understand-
ing the interactions between cancer and the immune system [8]. However, the 
tumor microenvironment (TME) presents significant challenges to the efficacy of 
mRNA vaccines [9–13]. Tumor heterogeneity [14], both within and between differ-
ent tumor types, complicates therapeutic interventions. The dense and stiff TME, 
characterized by compressed blood vessels, hypo-perfusion and hypoxia, impairs 
immune cell infiltration and function [14–19]. These conditions create barriers 
to the effective delivery and efficacy of mRNA vaccines [3,20,21]. Given these 
challenges, there is a pressing need to develop biomarkers predictive of response 
and optimize mRNA vaccine schedules and combinations with other therapies to 
enhance their effectiveness [22].
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Computational modeling offers a useful tool to explore the complex interactions within the TME and the immune 
response to mRNA vaccines [23] Mechanistic mathematical models can simulate the dynamics of tumor growth, immune 
responses, and mRNA vaccine interactions, providing insights into optimal vaccination strategies [24–29]. Our mechanistic 
model incorporates multiple tumor-immune interactions, tumor microenvironmental factors, and pharmacokinetics/pharma-
codynamics of mRNA vaccines, offering a comprehensive framework for predicting therapeutic outcomes. Simpler models 
often lack the capacity to simulate the complex dynamics of tumor stiffness, hydraulic conductivity, and cytokine-driven 
immune responses. For example, by integrating spatial and temporal heterogeneity within the TME, our model captures 
phenomena such as immune cell infiltration under varied ECM densities and cytokine production, which are crucial for 
understanding therapy efficacy. This complexity enables predictions of synergistic effects between mRNA vaccines and 
immune checkpoint inhibitors, which would not be possible with oversimplified frameworks. Such insights are vital for opti-
mizing cancer immunotherapy strategies.

The novelty of our study lies in the integration of TME characteristics—such as ECM density, cytokine production, and 
immune cell infiltration dynamics—into a mechanistic mathematical model that predicts mRNA vaccine efficacy. Unlike 
traditional models [24–29], our approach incorporates both spatial and temporal heterogeneity of the TME to identify key 
biomarkers and optimize therapeutic strategies. This provides new insights into how microenvironmental factors influ-
ence vaccine uptake, immune activation, and overall treatment outcomes, advancing the field of personalized cancer 
immunotherapy.

In this study, we combine our mathematical frameworks for mechanistic modeling of COVID-19 mRNA vaccines and 
tumor-immune interactions [28,30–35] in order to investigate biological events and parameters that determine the vac-
cine efficacy in cancer therapy. These models incorporate principles from systems biology to simulate the intricate inter-
play between cancer cells, immune cells, and the TME. We further include detailed characteristics of the TME, such as 
increased tumor stiffness and vascular compression/hypo-perfusion, as well as the pharmacokinetics of vaccines and 
immune response dynamics. We modeled these factors and integrated pre-clinical data into the model, with the aim of 
identifying optimal mRNA vaccination schedules that can overcome the barriers posed by TME against immune response. 
Statistical analysis of the simulations’ results reveals biomarkers reflecting the effectiveness of vaccination.

Methods

Model description

We developed a mechanistic model (Fig 1A) to provide a comprehensive analysis of tumor-immune cell interactions and 
TME to simulate mRNA vaccine uptake and effectiveness. Our model includes detailed representations of the following 
processes:

•	  Tumor Growth: The model captures the dynamics of tumor growth, considering the interactions among cancer cells, 
stromal cells, and the immune system. It integrates factors such as tissue stiffness, hypoxia, and vessel functionality to 
simulate the TME’s impact on cell proliferation and therapeutic efficacy.

•	 Immune Cell Dynamics: The model simulates the recruitment, activation, and suppression of various immune cells 
within the TME. It includes detailed equations for pro-inflammatory and anti-inflammatory cytokines, neutrophils, den-
dritic cells, T cells (CD4+ and CD8+), B cells, macrophages, and natural killer cells.

•	 Pharmacokinetics (PK): The PK model simulates vaccine transport and immune response dynamics within the TME. 
mRNA vaccines were encapsulated in LNPs approximately 100–200 nm diameter, designed to protect the mRNA from 
enzymatic degradation and enhance its stability in circulation. These LNPs facilitate efficient cellular uptake through 
endocytosis, ensuring effective delivery of the mRNA to antigen-presenting cells. While the model accounts for vaccine 
pharmacokinetics, including uptake and immune activation dynamics, it does not explicitly incorporate LNP particle size 
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Fig 1.  Biological Interplay and Pathways Incorporated in the Mathematical Model. (A) The schematic highlights the interactions between tumor 
cells and immune cells, showing key biological processes incorporated into the mathematical model. It focuses on tumor cell proliferation, influenced by 
oxygen levels in the tissue, and the death of tumor cells by immune cells, such as effector CD8 + T cells, natural killer cells, type 1 macrophages, and 
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as a parameter. Instead, size-related effects are indirectly captured through uptake rate constants and biodistribution 
modeling. In the model, the LNPs were administered via intravenous (IV) injection, and their biodistribution was incor-
porated into the model using pharmacokinetic parameters to simulate their transport and uptake in different tissues, 
including the tumor microenvironment. Uptake rate constants were assigned based on values reported in the literature 
and adjusted during model calibration to reproduce observed tumor size and immune cell infiltration dynamics. These 
parameters fall within physiologically reasonable ranges observed in prior studies of lipid nanoparticle-mediated mRNA 
delivery.

•	 Modeling Immune Checkpoint Inhibitors (ICIs): We modeled the action of ICIs by incorporating their effects on immune 
checkpoint pathways, specifically the PD-1/PD-L1 axis. Vaccination protocols were simulated by administering mRNA 
vaccines on different initiation days, with doses adjusted based on pre-clinical data to ensure consistency with exper-
imental designs. Simulations were run for 30 days to capture both short- and long-term effects of these therapies. 
Parameters were calibrated using control (PBS-treated) groups to ensure baseline accuracy before introducing  
treatment-specific modifications. The ICI dosing schedule (Days 8, 11, 14, 17) was applied uniformly across all simula-
tions to ensure consistent comparison of immune and other TME effects.

•	 A representation of the simulation workflow is provided in Fig A in S1 Text, outlining the step-by-step process from initial 
parameter selection and model setup to simulation execution, data analysis, and validation with experimental data.

The analysis was initiated on Day 7, as preclinical data suggest that this time point aligns with the emergence of mea-
surable immune responses and early tumor progression, providing a meaningful window to evaluate treatment effects 
[36,37]. Key time points (Days 8, 11, 14, and 17) were selected to capture distinct phases of the immune response and 
tumor growth dynamics. A single dose of the mRNA vaccine was administered to reflect its potent immunogenic effect 
observed in experimental models, whereas multiple doses of ICI were included to mimic clinical practices where continu-
ous immune modulation is necessary.

The equations and parameters used in the model are included in the S1 Text, including production and degradation 
rates of cytokines, immune cell activation rates, and vaccine particle dynamics.

Biomarker identification

We identified biomarkers and validated them using our model to predict mRNA vaccine efficacy, leading to a reduction in 
tumor growth. We identified both pre-treatment and on-treatment biomarkers.

Virtual patient cohort simulations

We generated virtual patient cohorts (Fig 1B) using Latin hypercube sampling to ensure a representative distribution of 
physiological conditions and tumor heterogeneity [24–26,38,39]. This method allowed us to simulate 1,635 virtual patients, 
balancing computational feasibility with statistical robustness. The cohort size was chosen to encompass a diverse range 
of TME characteristics, ensuring that model predictions were representative of real-world variability. Smaller cohort sizes 
or random sampling could risk underrepresenting critical subpopulations, whereas the chosen size allowed for robust 
predictions and meaningful insights into biomarker efficacy.

neutrophils. The figure also illustrates the activation of immune pathways by tumor antigens, immune checkpoints, and the detailed steps of vaccination-
induced immunity, such as the generation of antigen-presenting cells, CD4+ and CD8 + effector T cells, memory T cells, and plasma B cells. (B) The 
model structure consists of four compartments: the tumor and surrounding host tissue, the tumor-draining lymph node (TDLN), the blood circulation, 
and lymph nodes. These compartments are used to simulate interactions between cancer and the immune system. The model integrates existing data 
and employs Latin hypercube sampling to generate virtual patient cohorts, with biomarker validation performed through feature selection and statistical 
analyses. Created with BioRender.com.

https://doi.org/10.1371/journal.pcbi.1013163.g001

https://doi.org/10.1371/journal.pcbi.1013163.g001
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Statistical analysis

We performed statistical analyses, including principal components analysis (PCA) and non-negative matrix factorization 
(NMF), were performed to quantify the predictive accuracy of biomarkers and vaccination strategies. Confidence intervals, 
p-values, and effect sizes were calculated to support the validity of the findings. Subgroup analyses evaluated the efficacy 
of mRNA vaccines across different tumor types. In this analysis, we distinguished between two treatment scoring meth-
ods. The treatment score used in the PCA is based on the Euclidean distance, which quantifies the trajectory of immune 
response dynamics relative to a baseline (no-tumor) state. This metric captures the overall shift in immune-related param-
eters. In contrast, the treatment score used for tumor response evaluation is based on the RECIST criteria [40], which 
focuses on changes in tumor volume, with a reduction greater than 30% indicating a positive response.

Model validation

In the absence of clinical data, the model was validated against pre-clinical data by comparing model predictions of tumor 
growth with independent studies involving mRNA vaccines, including adjunctive therapies, such as ICI [36,37]. To validate 
the predictive capability of our mechanistic model, we compared the simulation outputs with preclinical data from mela-
noma and breast cancer murine models. Fig 2 illustrates the correlation between predicted tumor growth dynamics and 
observed experimental results, demonstrating high consistency across multiple datasets. Additionally, immune response 
markers, such as CD8 + T cell infiltration levels and cytokine expression profiles, showed strong alignment with published 
experimental findings (Fig B in S1 Text).

The simulations were conducted using the finite elements software COMSOL Multiphysics (Burlington, MA).

Results

Estimating model parameter values and matching with experimental data

Our model incorporates a wide range of biological and pharmacological parameters to simulate the complex interactions 
between cancer cells, immune cells, and the TME. Most values of model parameters were taken from the literature and 
are listed in Table A in S1 Text. Key parameters, including the tumor cell proliferation rate parameters (λc, Kc), and phar-
macokinetics of mRNA vaccines (Koncell–Vaccine, K

off
cell–Vaccine, Kprotein) were estimated by fitting the model to pertinent exper-

imental data and are outlined in Table 1. These parameters were selected because they either depend on cancer cell 
type (λc, Kc) or capture essential aspects of mRNA vaccine response and their values cannot be found in the literature. 
For data fitting, we employed a nonlinear least squares optimization method to minimize discrepancies between model 
predictions and experimental data, focusing on tumor growth and immune cell parameters/data. By systematically adjust-
ing these parameters, we ensured that the model accurately captured the complexity of tumor-immune interactions and 
treatment responses (Fig 2).

Specifically, we compared our results with those reported in the studies by Ben et al. [37] (Fig 2A and 2B) and Li et al. 
[36] (Fig 2C and 2D). These studies provide independent evidence supporting the efficacy of mRNA lipid nanoparticle 
(LNP) strategies and their role in enhancing cancer immunotherapy. Li and colleagues demonstrated that mRNA LNPs 
encoding the N-terminus of gasdermin (GSDMBNT) could sensitize tumors to anti-PD-1 immunotherapy. Their findings 
showed that this approach led to robust antitumor immunity, promoting tumor growth inhibition in two mouse models of 
melanoma, B16-OVA and B16-F10. Ben and colleagues explored the use of mRNA-LNPs to enhance the efficacy of ICI in 
murine breast (4T1) and melanoma (B16-F10) tumors. Tumor growth rates were held constant across conditions to pro-
vide a consistent baseline for comparing treatment effects. This approach isolates the impact of immunotherapy, avoiding 
confounding effects due to variable tumor dynamics.

They investigated various nanoparticle formulations, including mOVA/CpG NPs, mLuc/CpG NPs, mOVA/p(I:C) NPs, 
mLuc/p(I:C) NPs, mOVA NPs, and mTRP2/CpG NPs. These formulations delivered mRNA encoding tumor-associated 
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antigens such as tyrosinase-related protein 2 (TRP2), or model antigens, such as ovalbumin (OVA) combined with adju-
vants like CpG and poly(I:C).

To derive the values of the growth parameters λc and Kc, we fitted the tumor growth predictions of the model to the 
experimental data of the control group for each tumor type and for each study. We kept these values constant across 
all treatment groups for each study. Therefore, we fitted the remaining three parameters related to vaccine response 
to each treatment group, ensuring that the model accurately reflected the distinct treatment responses observed in the 

Fig 2.  Comparison of Mechanistic Model Predictions with Experimental Data. Comparison of our mechanistic model predictions with experimen-
tal findings from two independent studies. (A-B) Correlation of model predictions with experimental results from Elana Ben et al. [36] (2023), showing 
the enhanced efficacy of combining mRNA vaccines with checkpoint inhibitors. The treatments investigated include various mRNA-LNP formulations 
such as mOVA/CpG NPs, mLuc/CpG NPs, mOVA/p(I:C) NPs, mLuc/p(I:C) NPs, mOVA NPs, and mTRP2/CpG NPs. (C-D) Comparison of predicted 
immune response and antitumor efficacy of mRNA vaccine strategies with experimental data from Fengqiao Li et al. [37] (2023), highlighting the role 
of GSDMBNT-encoding mRNA LNPs. The consistent findings between our model and these experimental studies validate the efficacy of mRNA-based 
strategies in cancer immunotherapy (χ2 < 0.0002, observed across all fittings performed for different tumor models and treatment scenarios).

https://doi.org/10.1371/journal.pcbi.1013163.g002

https://doi.org/10.1371/journal.pcbi.1013163.g002
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experimental data. This approach allowed us to capture both the baseline tumor growth characteristics and the specific 
immune responses elicited by the different therapies.

Apart from the tumor growth results, our model predictions regarding the percentage of CD8 + T cell infiltration align with 
the experimental data, as shown in Fig B in S1 Text, where the increase in CD8 + T cell levels correlates with improved 
treatment response.

Understanding the impact of vaccination timing on immune response

Next, we set out to examine the effect of vaccination timing on immune response. We ran multiple simulations using the 
baseline values of model parameters (Tables 1 and A in S1 Text), whose value was defined by fitting to the experimental 
data in Fig 2. In the simulations, we varied the vaccination time from day 1 to day 14 of tumor growth and each simulation 
ran for 30 days. The results at the end of each simulation correspond to the day 30 outcomes. To examine in detail the 
disease trajectory and vaccination efficacy, we performed a PCA on the matrix of the output variables predicted by the 
model. This analysis is useful for visualizing how important parameters are affected by various vaccination schedules. 
Fig 3A depicts the trajectory in principal component space for each vaccination time point, with the day 30 outcomes. 
The analysis reveals that varying the day of vaccination initiation leads to distinct immune response trajectories and thus, 

Table 1.  Overview of model parameters adjusted for validation across cancer cell lines and treatments. The table lists the parameters that 
were varied to validate the model against experimental data from different studies, categorized by cancer cell line and treatment types. 
Parameters include those related to tumor growth, and pharmacokinetics of mRNA vaccine delivery.

Ben et al. [36]

Cancer cell line

Parameters B16-OVA B16-F10

λc (growth rate parameter) [day − 1] 2.85 3.23

Kc (growth rate parameter) [mol ∙ m − 3] 0.0082 0.0073

Nanoparticle Formulations

mOVA/CpG NPs mLuc/CpG NPs mOVA/p(I:C) NPs mLuc/p(I:C) NPs mOVA NPs mTRP2/
CpG Np

Koncell–Vaccine [ml/h] (Binding of the vaccine 
particles to cells)

17 12 17 12 17 14

Koff
cell–Vaccine [m

3/h] (Unbinding of the vac-
cine particles to cells)

5.22 3.22 5.22 3.22 5.22 4.35

Kprotein [1/s] (production of antigen from the 
translation of the mRNA)

8.52e-5 8.52e-5 12.2e-5 12.2e-5 2.52e-5 8.52e-5

Li et al. [37]

Cancer cell line

4T1 B16-F10

λc (growth rate parameter) [day − 1] 4.85 3.23

Kc (growth rate parameter) [mol ∙ m − 3] 0.0064 0.0073

Nanoparticle Formulations

mRNA/LNPs

Koncell–Vaccine [ml/h] (Binding of the vaccine 
particles to cells)

21

Koff
cell–Vaccine [m

3/h] (Unbinding of the vac-
cine particles to cells)

4.22

Kprotein [1/s] (production of antigen from the 
translation of the mRNA)

9.14e-5

https://doi.org/10.1371/journal.pcbi.1013163.t001

https://doi.org/10.1371/journal.pcbi.1013163.t001
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varying outcomes, as indicated by the separation in principal component space. A trajectory closer to the case of no tumor 
(baseline) suggests that the immune system has returned to a more regulated or healthy state, indicating a more effective 
immune response. In this case, the baseline represents a state of immune homeostasis, with lower tumor burden and 
reduced inflammation, which would signify a successful therapeutic outcome. This separation highlights the importance 
of optimizing vaccination timing to achieve a trajectory that moves toward this desired state. This suggests that opti-
mizing vaccination timing could improve outcomes not just in the strategy tested here, but potentially in broader cancer 

Fig 3.  Principal Components Analysis (PCA) and Non-Negative Matrix Factorization (NMF) of Vaccination Outcomes. (A) PCA plot showing the 
trajectory of immune response in principal component space for various vaccination schedules. Each point represents a different vaccination time point. 
The separation of trajectories illustrates the impact of vaccination timing on the immune response, highlighting the importance of optimizing vaccination 
schedules. This general pattern suggests that immune modulation through vaccination timing could be a universal mechanism applicable to other cancer 
types and immunotherapies. (B) NMF analysis identifying two primary biological programs (Program-1 and Program-2) driving treatment responses.  
Program-1 includes factors such as IL2 levels in the tumor, Treg cells in the Tumor-Draining Lymph Node (TDLN), TNF-alpha levels in the tumor, neu-
trophils in the tumor, naïve CD8 + T cells in the tumor, activated CD8 + T cells in the tumor, TNF-alpha in the general lymph nodes, activated B cells in 
the TDLN, neutrophil extracellular traps (NETs) in the tumor, and long-lived plasma (antibody-secreting) B cells in the TDLN. Program-2 includes factors 
such as naïve CD4 + T cells (ThN) in the tumor, short-lived plasma (antibody-secreting) B cells in the tumor, natural killer cells in the general lymph 
nodes, naïve CD4 + T cells in the general lymph nodes, activated CD4 + T cells in the tumor, naïve CD4 + T cells in the TDLN, activated CD8 + T cells in 
the TDLN, IL2 in the TDLN, antigens in the TDLN, and Treg cells in the tumor. These programs illustrate how specific biological pathways are associated 
with different treatment responses, highlighting the complexity of the immune response to vaccination and other interventions. The identification of these 
programs suggests potential biomarkers that could guide therapeutic decisions in clinical practice.

https://doi.org/10.1371/journal.pcbi.1013163.g003

https://doi.org/10.1371/journal.pcbi.1013163.g003
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immunotherapy strategies. The first two principal components contributed 68% and 21% to the total variance, respectively. 
Detailed contribution scores for Program-1 and Program-2 components are provided in Table B in S1 Text.

An advantage of our modeling approach is the ability to move from merely observing differential outcomes to under-
standing the underlying mechanisms that drive these results. To quantify and compare treatment outcomes, we introduced 
a treatment score, a composite measure derived from key model outputs. The score is calculated based on the Euclidean 
distance of each daily immune response trajectory in the PCA space from the case with no tumor, serving as a baseline 
reference. This distance accounts for changes in tumor size reduction, immune cell infiltration, and cytokine levels in the 
tumor, offering a holistic assessment of treatment efficacy. By integrating these factors, the treatment score provides a 
quantitative framework for evaluating the effectiveness of different therapeutic scenarios [41]. Higher Treatment Score 
ratios indicate the specific treatment returned the patient towards baseline status. The generalized interpretation of this 
score can assist in assessing treatment responses across different patient populations and therapeutic settings.

In order to directly link specific components of the model to biological processes and clinical outcomes, we per-
formed a NMF to identify distinct biological programs responsible for treatment responses. Each output variable in 
the model represents a measurable biological parameter (such as IL-6 levels in the tumor). The biological programs 
defined here consist of combinations of model outputs that are strongly associated with a particular outcome. We 
aimed to decompose the N x M feature matrix into two primary biological programs (k = 2) that represent the key 
drivers of treatment response. Each biological program is a group of factors that work together to influence whether 
a treatment will be successful. The treatment score, used to classify these outcomes, was calculated based on the 
RECIST criteria (Response Evaluation Criteria in Solid Tumors), which is commonly used in clinical settings to measure 
tumor response. The score is based on changes in tumor volume, with a reduction of more than 30% classified as a 
response. The duration of therapy before quantifying response probability was chosen based on preclinical studies, 
ensuring sufficient time to capture meaningful changes in tumor volume and immune response. We then separately 
identified dominant programs for different treatment timing scenarios that led to favorable outcomes versus those that 
did not, using the treatment score defined above. One of the identified programs (Program-1) includes factors such as 
the IL2 level in the tumor, the amount of Treg on the Tumor-draining Lymph node (TDLN), TNFa in the Tumor, Neutro-
phils in the Tumor, naïve CD8 + T cells in the Tumor, Activated CD8 + T cells in the Tumor, TNFa in the General Lymph 
Nodes, Activated B cells in Tumor Draining Lymph Nodes, Neutrophils Extracellular Traps (NETs) in the Tumor, and 
Long-lived plasma (antibody-secreting) B cells (PL) in Tumor Draining Lymph Nodes (Fig 3B). Another program  
(Program-2) includes factors such as naïve CD4 + T cells (ThN) in the Tumor, Short-lived plasma (antibody-secreting) 
B cells (PS) in the Tumor, Natural Killer Cells in General Lymph Nodes, naïve CD4 + T cells in General Lymph Nodes, 
Activated CD4 + T cells in the Tumor, naïve CD4 + T cells in Tumor Draining Lymph Nodes, Activated CD8 + T cells in 
Tumor Draining Lymph Nodes, IL2 in Tumor Draining Lymph Nodes, Antigen in Tumor Draining Lymph Nodes and 
Treg in the Tumor. These programs illustrate how specific biological pathways are associated with different treatment 
responses, highlighting the complexity of the immune response to vaccination and other interventions (Fig 3B). These 
programs illustrate the complex interplay of immune pathways influencing treatment outcomes, with implications for 
tailoring immunotherapies in different clinical contexts.

Biomarkers of response probabilities across different therapies and tumor types

Virtual patient cohorts generated through Latin hypercube sampling provided a comprehensive dataset for in-silico trials. 
This approach enabled us to explore the impact of key parameters, such as APC density, cytokine production, and extra-
cellular matrix (ECM) density, on mRNA vaccine efficacy. The statistical distributions of these virtual cohorts also allowed 
for subgroup analyses, identifying predictive biomarkers and validating model predictions.

To explore the effects of different therapies on biomarker response probabilities in cancer treatment, we analyzed 
pre-treatment and on-treatment biomarker data for melanoma and breast cancer using a heatmap visualization approach 
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[42,43]. The response probabilities for each biomarker were evaluated for three different therapies: mRNA vaccine, 
immune checkpoint inhibition (ICI), and the combination of mRNA vaccine with immune checkpoint inhibition (mRNA + ICI).

Pre-Treatment Biomarkers: For melanoma (using parameter values for melanoma B16-F10 from Table 1), the heatmap 
of pre-treatment biomarkers (Fig 4) shows that the combination of mRNA Vaccine and ICI (mRNA + ICI) consistently yielded 
the highest response probabilities across all biomarkers, particularly for the combined metric of APC Density in tumor and 
Cytotoxic T Cell fraction in the tumor. The mRNA vaccine treatment alone demonstrated moderate efficacy, particularly 
in increasing the densities of APC and Cytotoxic T Cells. In contrast, the ICI alone showed lower response probabilities, 
especially in tumor diameter reduction. In breast cancer (using parameter for 4T1 breast cancer from Table 1) (Fig 4), a 

Fig 4.  Pre-Treatment and On-Treatment Biomarker Response Probabilities for Different Therapies in Melanoma and Breast Cancer. Heatmap 
showing the response probabilities of pre-treatment and on-treatment biomarkers in melanoma and breast cancer for three different therapies: mRNA 
vaccine, ICI, and mRNA + ICI combination. Melanoma Pre-Treatment: The response probabilities are shown for four biomarkers: APC Density, Cytotoxic 
T Cell Fraction, Tumor Diameter, and Combined (APC + Cytotoxic T Cells). Higher response probabilities are observed for combination therapy across 
most biomarkers, indicating its superior efficacy in priming the immune system. Breast Pre-Treatment: The combination of mRNA Vaccine with ICI shows 
the highest efficacy across all biomarkers, particularly in enhancing APC Density and reducing Tumor Diameter. Melanoma On-Treatment: The bio-
markers analyzed include Relative Change in Tumor Diameter, M2/M1 Macrophage Ratio, and Combined (Tumor Diameter + M2/M1). The combination 
therapy shows the most significant effects across all biomarkers, suggesting a potent immune response and tumor suppression. Breast On-Treatment: 
The combination therapy consistently demonstrates higher response probabilities, particularly in modulating the TME and enhancing immune response, 
compared to single therapies.

https://doi.org/10.1371/journal.pcbi.1013163.g004

https://doi.org/10.1371/journal.pcbi.1013163.g004
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similar trend was observed, where the mRNA + ICI combination therapy outperformed other treatments in enhancing the 
pre-treatment biomarker response, with significant improvements in both the combined APC + Cytotoxic T Cell fraction and 
tumor diameter metrics. The ICI alone showed the lowest response probability, indicating a less effective modulation of 
pre-treatment biomarkers compared to combination therapy or mRNA Vaccine alone.

On-Treatment Biomarkers: Analysis of on-treatment biomarkers revealed distinct patterns for both tumor types. In  
melanoma (Fig 4), the combination therapy (mRNA + ICI) resulted in the highest response probabilities for all on-treatment 
biomarkers, including relative change in tumor diameter, M2/M1 macrophage ratio, and the combined metric (Tumor 
Diameter + M2/M1). This suggests a robust immune activation and tumor suppression when combining mRNA vaccines 
with ICI. The mRNA vaccine alone also showed effective modulation of on-treatment biomarkers, particularly in reducing 
the M2/M1 macrophage ratio, while ICI alone demonstrated moderate effects. For breast cancer (Fig 4), a consistent 
pattern was observed where the mRNA + ICI therapy exhibited superior efficacy in modulating on-treatment biomarkers, 
as evidenced by high response probabilities across all metrics. The mRNA vaccine alone showed a moderate effect, 
particularly in affecting the relative change in tumor diameter, whereas the ICI alone had the least impact on on-treatment 
biomarkers, suggesting limited effectiveness. These findings highlight the significant potential of combination therapies in 
enhancing biomarker response, thereby improving clinical outcomes in cancer treatment.

Impact of TME characteristics on vaccine efficacy

To evaluate how TME influences the efficacy of various cancer immunotherapy strategies, we analyzed response proba-
bilities across different levels of ECM density and immune cell activity for two tumor types: melanoma and breast cancer. 
Virtual patient cohorts were generated using Latin hypercube sampling, ensuring diverse parameter distributions that 
reflect variations in ECM properties, immune dynamics, and therapeutic responses. Simulations were run for 30 days, with 
treatments initiated on day 7. The therapies assessed included mRNA Vaccine, ICI, and a combination of mRNA Vaccine 
with ICI (mRNA + ICI). For mRNA vaccines, administration was modeled as a single dose delivered on day 7, while four 
cycles of ICIs were modeled on days 8, 11, 14 and 17. The response probabilities were calculated using RECIST criteria, 
which evaluate tumor volume changes to quantify treatment efficacy.

In this model, ECM density variations were implemented by modifying tumor stiffness and hydraulic conductivity. High 
ECM density corresponded to a tenfold increase in stiffness and a tenfold decrease in hydraulic conductivity from base-
line values, while low ECM density represented the inverse adjustments. Immune cell activity was simulated by altering 
the conversion rate of Naïve T and B cells to activated cells, reflecting enhanced immune responses under conditions of 
higher activity.

Fig 5 illustrates the combined effects of ECM density and immune cell activity on response probabilities for melanoma and 
breast cancer under the three therapies. Across both tumor types, mRNA + ICI combination therapy consistently demonstrated 
the highest response probabilities under all conditions, particularly at low ECM density and high immune cell activity levels. 
This highlights the synergistic potential of combining mRNA vaccines with ICIs. The mRNA Vaccine therapy showed interme-
diate efficacy, with response probabilities increasing at low ECM density and medium immune cell activity levels, emphasizing 
the role of reduced ECM stiffness and moderate immune stimulation in enhancing vaccine efficacy. In contrast, ICI therapy 
alone produced the lowest response probabilities, suggesting its limited capacity to modify the TME compared to the other 
therapies. Specifically, we observed that low ECM density facilitates greater immune cell infiltration, particularly of CD8 + T 
cells, due to reduced physical barriers. This is consistent with experimental evidence showing that a dense ECM can impede 
T cell migration, thereby limiting immune surveillance and cytotoxic activity within tumors [44,45].

These results underscore the importance of optimizing the TME by modulating ECM density and immune cell activity 
to improve the therapeutic efficacy of mRNA-based and ICI therapies. Presenting these findings for melanoma and breast 
cancer together reveals consistent trends, demonstrating the generalizability of these observations across tumor types 
while avoiding unnecessary repetition.
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Fig 5.  Impact of TME Factors on Vaccine Efficacy in Melanoma and Breast Cancer. (A) Bar charts showing the response probabilities of breast 
cancer for three different therapies (mRNA Vaccine, ICI, mRNA + Checkpoint) across varying levels of ECM density and immune cell activity. Higher 
response probabilities are observed with increased ECM density and immune cell activity, with the mRNA + ICI combination therapy demonstrating 
superior efficacy across all conditions. (B) Bar chart illustrating the response probabilities for melanoma under the same three therapies. The mRNA + ICI 
combination therapy consistently shows the highest response probabilities, particularly at higher levels of ECM density and immune cell activity, indicat-
ing its effectiveness in enhancing immune response in the tumor microenvironment.

https://doi.org/10.1371/journal.pcbi.1013163.g005

https://doi.org/10.1371/journal.pcbi.1013163.g005
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Cytokine production and its impact on vaccine efficacy across different ECM densities

To further understand the role of cytokine production in modulating vaccine efficacy, we analyzed the response probabili-
ties for melanoma and breast cancer across different levels of ECM density and cytokine production (baseline x10 for high 
cytokine production and/10 for low cytokine production), focusing specifically on low ECM density and medium (baseline 
values) cytokine production conditions.

Effect of Cytokine Production on Vaccine Efficacy in Low ECM Density: Under conditions of low ECM density, medium 
levels of cytokine production in the tumor were found to significantly enhance vaccine efficacy across all therapies for 
both melanoma and breast cancer (Fig 6). In melanoma, the mRNA Vaccine therapy showed improved response proba-
bilities when cytokine production was at medium levels, suggesting an optimal environment for immune activation. This 
effect was more pronounced in the mRNA + ICI combination therapy, which demonstrated the highest response proba-
bilities, highlighting its ability to potentiate immune response even under less favorable ECM conditions. The ICI alone, 
while showing lower overall response probabilities, also benefited from medium cytokine production, indicating that a 
balanced cytokine milieu can enhance the effectiveness of this therapy. In breast cancer, a similar trend was observed 
where medium cytokine production under low ECM density conditions led to increased response probabilities for all ther-
apies (Fig 6). The mRNA Vaccine and mRNA + ICI combination therapies were particularly effective, showing the highest 
response probabilities in this setting. This suggests that medium cytokine production creates an optimal inflammatory 
environment that supports effective antigen presentation and T cell activation, crucial for the success of these therapies. 
While inflammation is generally desirable for immunotherapy due to its role in activating immune responses, excessive 
cytokine levels can lead to uncontrolled inflammation, which may promote immunosuppressive mechanisms in the tumor 
microenvironment and contribute to immune cell exhaustion, ultimately diminishing therapeutic efficacy. The ICI, although 
less effective overall, still demonstrated a notable increase in efficacy under medium cytokine production conditions, 
reinforcing the importance of a balanced cytokine environment in enhancing immune checkpoint blockade. Furthermore, 
cytokine dynamics were shown to play a pivotal role in modulating the immune response. Our model demonstrated that 
medium levels of pro-inflammatory cytokines, such as IFN-γ and TNF-α, under conditions of low ECM density, create an 
optimal inflammatory environment that enhances T cell activation and effector functions. In contrast, excessively high 
cytokine levels can lead to immune exhaustion, while low cytokine levels fail to adequately stimulate immune responses. 
Medium cytokine levels refer to IL-2 and TNF-α concentrations within the range of 10–50 pg/ml, which were found to opti-
mize immune activation without triggering immune exhaustion.

These findings underscore the critical role of cytokine production in shaping the TME and its impact on the efficacy of 
different immunotherapies. The results suggest that maintaining a medium level of cytokine production, particularly under 
low ECM density conditions, can optimize the immune response to mRNA-based vaccines and combination therapies, 
ultimately improving clinical outcomes in cancer treatment.

Impact of vaccine uptake on efficacy in different ECM density environments

To assess how vaccine uptake influences the effectiveness of cancer immunotherapies, we analyzed response probabil-
ities in melanoma and breast cancer under conditions of low, medium, high ECM density and low, medium, high vaccine 
uptake (baseline x10 for high vaccine uptake and/10 for low vaccine uptake). This analysis focused on how enhanced 
vaccine uptake can potentially overcome the barriers posed by a less dense ECM to improve treatment outcomes.

High vaccine uptake was associated with significantly increased response probabilities across all therapies, including 
mRNA therapy and the mRNA + ICI combination therapy, for both melanoma and breast cancer (Fig 7). In both tumor 
types, the mRNA Vaccine alone demonstrated a marked improvement in efficacy when vaccine uptake was high, indi-
cating that efficient delivery and uptake of the vaccine are crucial for mounting a robust immune response. This effect 
was further amplified in the mRNA + ICI combination therapy, which consistently exhibited the highest response probabil-
ities. The dual mechanisms of immune activation through mRNA vaccines and inhibition of immune checkpoints by ICIs 
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Fig 6.  Influence of ECM Density and Cytokine Production on Vaccine Efficacy in Melanoma and Breast Cancer. (A) Bar charts showing the 
response probabilities for breast cancer under three different therapies (mRNA Vaccine, ICI, mRNA + ICI) across varying levels of ECM density and 
cytokine production. The results highlight the enhanced efficacy of all therapies, particularly the mRNA + ICI combination, under low ECM density and 
medium cytokine production conditions, indicating an optimal environment for immune activation. (B) Bar chart illustrating the response probabilities for 
melanoma under the same therapeutic conditions. The figure shows that medium cytokine production in a low ECM density setting improves response 
probabilities across all therapies, with the mRNA + ICI combination therapy achieving the highest efficacy. This suggests that a balanced cytokine milieu 
enhances the immune response in the tumor microenvironment, particularly for mRNA-based therapies.

https://doi.org/10.1371/journal.pcbi.1013163.g006

https://doi.org/10.1371/journal.pcbi.1013163.g006
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Fig 7.  Impact of Vaccine Uptake on Efficacy Across Different Therapies in Low ECM Density Environments. (A) Bar chart showing the response 
probabilities for breast cancer under low ECM density conditions with high vaccine uptake across three therapies: mRNA Vaccine, ICI, and mRNA + ICI 
combination. The results indicate that high vaccine uptake significantly enhances treatment efficacy, with the mRNA + ICI combination therapy demon-
strating the highest response probabilities, suggesting superior immune activation and tumor suppression. (B) Bar chart illustrating the response prob-
abilities for melanoma under similar conditions. High vaccine uptake leads to improved response probabilities across all therapies, with the mRNA + ICI 
combination therapy showing the most pronounced effect, followed by the mRNA Vaccine alone. These findings underscore the importance of maximiz-
ing vaccine uptake to optimize therapeutic outcomes in low ECM density environments.

https://doi.org/10.1371/journal.pcbi.1013163.g007

https://doi.org/10.1371/journal.pcbi.1013163.g007
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effectively modified the TME to enhance anti-tumor immunity, even under conditions of high ECM density. The trend was 
consistent across both melanoma and breast cancer, with high vaccine uptake leading to superior response probabili-
ties compared to conditions of medium or low uptake. The mRNA Vaccine showed significant benefits from high vaccine 
uptake in both tumor types, resulting in a more robust immune response. The mRNA + ICI combination therapy leveraged 
the synergistic effects of vaccine uptake and immune checkpoint inhibition, achieving the highest therapeutic efficacy 
among all therapies. Although ICI therapy alone demonstrated lower overall efficacy, it also showed improved outcomes 
with high vaccine uptake, underscoring the importance of efficient vaccine delivery in enhancing treatment responses. 
These findings emphasize that high vaccine uptake is a critical determinant of cancer immunotherapy efficacy, particularly 
in the context of dense ECM environments. Strategies to improve vaccine uptake could significantly enhance therapeutic 
outcomes, especially when combined with immune checkpoint inhibitors. These results highlight the potential for opti-
mizing vaccine delivery to boost the effectiveness of standalone and combination immunotherapy regimens in cancer 
treatment.

Mechanistic insights into immune cell infiltration with extra variation

To gain a deeper understanding of how immune cell dynamics affect treatment response, we analyzed the predicted by 
the model densities of cytotoxic T cells and M2 macrophages, introducing additional variability to reflect the diversity in 
immune cell infiltration patterns across different patient responses. The added variation was introduced by altering the 
production rate of macrophages by pro-inflammatory cytokines. Specifically, the baseline production rates were varied 
by ±10%, simulating the natural heterogeneity in how patients’ immune systems respond to inflammatory signals within 
the tumor microenvironment. This variability captures differences in macrophage recruitment, activation, and polarization 
into either M1 or M2 phenotypes, which can significantly impact immune response and treatment outcomes. Responders 
and non-responders were defined based on tumor volume reduction using the RECIST (Response Evaluation Criteria in 
Solid Tumors) criteria. Responders were classified as patients whose tumor volume decreased by more than 30% fol-
lowing treatment, while non-responders were those whose tumor volume did not meet this threshold for reduction, or in 
cases where tumor progression occurred. This classification allows for a clear distinction between effective and ineffective 
immune responses to the mRNA vaccine or combination therapy. The scatter plot (Fig C in S1 Text) visualizes the rela-
tionship between cytotoxic T cell density and M2 macrophage density in both responders and non-responders. The data 
indicate that high cytotoxic T cell density is predominantly associated with responders, as shown by the clustering of data 
points in the upper region of the scatter plot. Conversely, non-responders typically exhibit lower cytotoxic T cell densities, 
as evidenced by the concentration of points in the lower density range. Additionally, responders tend to have lower M2 
macrophage densities, while non-responders display higher M2 macrophage densities. These observations suggest that 
a favorable immune response is characterized by a high density of cytotoxic T cells and a low density of immunosuppres-
sive M2 macrophages. The added variation in the data highlights the diverse immune cell infiltration patterns that can exist 
within each response category, reinforcing the complexity of the tumor-immune interactions and the importance of immune 
cell composition in determining treatment outcomes.

Subgroup analysis by tumor type

To further explore the differential responses to treatment across various tumor types, we conducted a subgroup analysis 
comparing response probabilities between two groups: melanoma and breast cancer for the purpose of this analysis. The 
box plot (Fig C in S1 Text) presents the response probabilities for each subgroup.

The results show that the melanoma group exhibits a higher median response probability compared to breast cancer, 
with a narrower interquartile range, suggesting more consistent treatment responses in melanoma. In contrast, breast 
cancer has a slightly lower median response probability and a broader interquartile range, indicating greater variability in 
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treatment outcomes. These findings suggest that tumor type plays a significant role in determining response to treatment, 
with melanoma patients generally showing a higher and more uniform probability of response. Overall, these analyses 
provide valuable mechanistic insights into the factors influencing treatment efficacy, highlighting the critical role of immune 
cell densities and the impact of tumor type on clinical outcomes. The observed variability within and between groups 
underscores the need for personalized treatment strategies tailored to individual tumor and immune profiles.

Discussion

Our comprehensive mechanistic math model reveals the potential of mRNA vaccines in complex tumor microenviron-
ments. The model predictions were validated using experimental data from two independent studies [36,37] providing 
further support for our model.

Comparisons with the data Li et al. [ref 35] showed that mRNA LNPs encoding the N-terminus of gasdermin (GSDMBNT) 
could induce pyroptosis and convert immunologically cold tumors into hot ones, enhancing response to anti-PD-1 immu-
notherapy. Our model similarly predicted that mRNA vaccines could effectively prime the immune system in various TMEs, 
aligning with these experimental outcomes. Elana Ben et al. [36] further demonstrated that combining mRNA vaccines with ICI 
enhances antigen presentation and T cell activation. Our model predicted tumor regression with such combinations, validating 
its predictive power. To further examine the mechanisms underlying these predictions, we explored the impact of TME char-
acteristics, specifically hydraulic conductivity and stiffness. Altering these parameters led to differential outcomes within the 
same treatment groups. For instance, increasing hydraulic conductivity (baseline x10) and reducing stiffness (baseline/10) 
significantly improved treatment responses by facilitating immune cell infiltration and enhancing mRNA vaccine uptake. We 
found that lowering TME resistance through modifications in hydraulic conductivity and stiffness may be a viable approach to 
improve treatment efficacy. By adjusting these TME properties, our model indicates that targeted strategies to reduce tumor 
stiffness and/or enhance hydraulic conductivity could support and amplify mRNA vaccine effectiveness. PCA further revealed 
that the timing of vaccination significantly impacts immune responses. Specific initiation days showed closer proximity to 
baseline immune activity, indicating an optimal response. NMF identified distinct biological programs, showing how factors 
like cytotoxic T cell and M2 macrophage densities influence treatment outcomes. These analyses highlight the importance of 
optimizing vaccination timing and understanding underlying immune dynamics.

Our model offers a number of guidelines for improving mRNA vaccine-based therapies. First, ECM density and immune 
cell activity are crucial: low ECM density and high immune cell activity correlated with enhanced response probabilities, espe-
cially for combination therapies. Second, optimizing cytokine production and maximizing vaccine uptake under low ECM den-
sity conditions were associated with improved vaccine efficacy, suggesting that fine-tuning these parameters could improve 
outcomes. These insights provide preliminary guidelines for refining mRNA vaccine approaches in oncology, suggesting that 
reprogramming the TME, selecting optimal vaccination times, and modifying cytokine production should enhance therapeutic 
outcomes. Subgroup analysis highlighted that melanoma patients generally show higher and more consistent response prob-
abilities than breast tumor types, emphasizing the need for tumor-specific treatment strategies.

In addition to expected findings, our model revealed that medium cytokine production, rather than high, was associ-
ated with reduced immune cell exhaustion, enhancing vaccine efficacy. Similarly, hydraulic conductivity is increased by 
tenfold amplified immune cell infiltration, but only in combination with reduced ECM stiffness. These findings suggest that 
fine-tuning TME properties can optimize treatment outcomes and highlight the need for tailored therapeutic interventions 
in distinct tumor contexts. A tenfold increase in hydraulic conductivity was used to simulate improved vascular perfusion 
and ECM remodeling, as observed experimentally with anti-VEGF therapies and collagenase treatments [14,18,46–48]. 
This level of enhancement is within the range reported in preclinical tumor models.

While our mechanistic model provides valuable insights into mRNA vaccine efficacy and optimization in oncology, it 
has several limitations. First, the model is based on a set of assumptions regarding TME characteristics, immune cell 
interactions, and vaccine pharmacodynamics, which may not fully capture the complexities present in diverse patient 
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populations. For example, the model does not account for the full heterogeneity in patient immune profiles, such as 
differences in baseline immune status or prior treatments, which could significantly impact vaccine response. Addition-
ally, certain parameters, such as hydraulic conductivity and stiffness, were varied to simulate TME conditions, but these 
adjustments may oversimplify the dynamic and adaptive nature of the TME in vivo. Another limitation is the reliance on 
pre-clinical data and virtual cohorts, which, although informative, may not fully translate to human clinical settings. Finally, 
while the model includes multiple immune cell types, it does not capture the full spectrum of immune regulatory networks 
or potential off-target effects, which could influence the therapeutic outcomes of mRNA vaccines in more complex biolog-
ical systems. Furthermore, we have excluded dynamic tumor clonal evolution and adaptive immune escape mechanisms 
from our simulations. These processes play critical roles in cancer progression and treatment resistance [49,50]. Dynamic 
clonal evolution can lead to the emergence of resistant tumor subclones [49,50], while adaptive immune escape mecha-
nisms enable tumors to modulate antigen expression or immune checkpoint pathways, thereby evading immune surveil-
lance [49,50]. The absence of these factors may limit the model’s ability to fully capture the complexity of tumor-immune 
dynamics over prolonged treatment durations. Future models could incorporate these mechanisms to enhance predictive 
accuracy, particularly in scenarios involving immunotherapy resistance or tumor relapse [33,34]. Nonetheless, our current 
model focuses on key TME characteristics that significantly influence early vaccine response, providing a foundational 
framework for further refinement. Moreover, another limitation of our model is the absence of cell-state switching dynamics 
among tumor and immune cells. While this simplification allows us to focus on the key interactions between the vaccine 
and the immune system, it might overlook the complexity introduced by phenotypic plasticity, which can significantly 
influence tumor progression and immune responses [11,14]. Future model iterations could incorporate cell-state transi-
tions to provide a more comprehensive representation of tumor-immune dynamics, as demonstrated in models exploring 
phenotypic switching and immune evasion mechanisms [49,50]. The model also excludes other immunosuppressive 
populations such as regulatory B cells and myeloid-derived suppressor cells (MDSCs), which may impact vaccine efficacy 
and immune response. The model does not currently account for spatial gradients of oxygen, cytokines, or immune cells, 
which are known to significantly influence tumor-immune dynamics. Future studies that incorporate spatial modeling may 
reveal how TME heterogeneity influences tumor-immune dynamics.

Our study demonstrates the potential of mechanistic modeling to advance mRNA vaccine-based cancer immuno-
therapy by providing a detailed understanding of the complex interactions between the TME, immune dynamics, and 
therapeutic strategies. The validation of our model with experimental data, combined with insights from advanced analy-
ses, offers a robust framework for optimizing vaccination schedules and developing more effective, personalized cancer 
treatments. Future research should focus on integrating data from diverse patient populations and exploring combination 
strategies with other therapeutic modalities to further refine and enhance cancer immunotherapy approaches.

Supporting information

S1 Text.    Fig A. Flowchart of the Simulation Workflow. This flowchart illustrates the step-by-step process of our simula-
tion framework, starting from initial parameter selection and model setup, followed by execution of simulations, data anal-
ysis, and validation with experimental data. Each step ensures a systematic and reproducible methodology for assessing 
the efficacy of mRNA vaccines and immune checkpoint inhibitors in a computational framework. Fig B. Comparison of 
Mechanistic Model Predictions with Experimental CD8 + T Cell Data. Comparison of model-predicted CD8 + T cell percent-
ages in tumors with experimental data from two independent studies. This comparison highlights the model’s accuracy 
in replicating immune response patterns observed in pre-clinical settings. Fig C. (A) Immune Cell Infiltration Patterns in 
Responders vs. Non-Responders. Scatter plot showing the relationship between cytotoxic T cell and M2 macrophage 
densities in virtual patients. High T cell and low M2 macrophage densities are linked to favorable vaccine response. (B) 
Tumor-Type-Specific Response Probabilities. Box plot comparing melanoma and breast cancer subgroups. Melanoma 
shows higher and more consistent response probabilities, emphasizing tumor-type impact on treatment efficacy. Table 

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013163.s001


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013163  June 12, 2025 20 / 22

A. Model Parameter Values. This table provides a comprehensive list of all model parameters, their descriptions, units, 
and literature references. Parameters include biological rates, cytokine production, immune cell dynamics, vaccine uptake 
metrics, and tumor microenvironment properties. Table B. Contribution Scores.
(DOCX)
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