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Abstract

Cancer vaccines are an important component of the cancer immunotherapy toolkit enhanc-
ing immune response to malignant cells by activating CD4* and CD8" T cells. Multiple suc-
cessful clinical applications of cancer vaccines have shown good safety and efficacy.
Despite the notable progress, significant challenges remain in obtaining consistent immune
responses across heterogeneous patient populations, as well as various cancers. We pres-
ent a mechanistic mathematical model describing key interactions of a personalized neoan-
tigen cancer vaccine with an individual patient’s immune system. Specifically, the model
considers the vaccine concentration of tumor-specific antigen peptides and adjuvant, the
patient’s major histocompatibility complexes | and Il copy numbers, tumor size, T cells, and
antigen presenting cells. We parametrized the model using patient-specific data from a clini-
cal study in which individualized cancer vaccines were used to treat six melanoma patients.
Model simulations predicted both immune responses, represented by T cell counts, to the
vaccine as well as clinical outcome (determined as change of tumor size). This model,
although complex, can be used to describe, simulate, and predict the behavior of the human
immune system to a personalized cancer vaccine.

Author summary

Personalized cancer vaccines have gained attention in recent years due to the advances in
sequencing techniques that have facilitated the identification of multiple tumor-specific
mutations. This type of individualized immunotherapy has the potential to be specific,
efficacious, and safe since it induces an immune response to protein targets not found on
normal cells. This work focuses on understanding and analyzing important mechanisms
involved in the activity of personalized cancer vaccines using a mechanistic mathematical
model. This model describes the interactions of a personalized neoantigen peptide cancer
vaccine, the human immune system and tumor cells operating at the molecular and
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cellular level. The molecular level captures the processing and presentation of neoantigens
by dendritic cells to the T cells using cell surface proteins. The cellular level describes the
differentiation of dendritic cells due to peptides and adjuvant concentrations in the vac-
cine, activation, and proliferation of T cells in response to treatment, and tumor growth.
The model captures immune response behavior to a vaccine associated with patient-
specific factors (e.g., different initial tumor burdens). This model enables the simulation
of a complex biological system, the human immune system, by performing in silico experi-
ments that may become the input for further analysis such as the identification of key
parameters or mechanisms and/or interpretation of data.

Introduction

Cancer vaccines, alone or in conjunction with other immune modulators (e.g., checkpoint
inhibitors) are among the most promising therapeutic options for many human cancers [1, 2].
This therapy employs either dendritic cells, T cells, DNA, RNA, viral vectors, proteins, pep-
tides, or tumor cell lysate. The goal is exploiting the patient’s immune system to target antigens
expressed only on tumor cells, in order to selectively eliminate cancer cells [1, 3-5]. Therapeu-
tic strategies that incorporate personalized cancer vaccines have gained attention due to suc-
cesses in targeting multiple tumor-specific mutations [6]. However, tumor gene expression
and mutations are immensely diverse, and how they affect outcomes for individual patients
remains poorly understood [7]. Tumor-specific antigens (TSAs), or neoantigens, carry the
amino acid substitutions derived from random somatic mutations that are expressed only on
tumor cell surface. These mutations are highly patient- and tumor-specific [2, 6, 8, 9].

With the advent of accurate and inexpensive Next Generation Sequencing techniques, routine
sequencing of the DNA and RNA from cancer cells has become possible. Subsequent workflows
using bioinformatic tools allow the identification of neo-sequences. These neo-sequences carry
somatic mutations exhibiting sequences that are different from the wild type, and hence can be
recognized as nonself by the host immune system, with a high probability of eliciting a cancer-
specific immune response. From the large number of neo-sequences identified, the selection of
the few neo-sequences to be used as neoantigens in cancer vaccines largely is based on the affinity
of the neoantigens peptides to the patient’s major histocompatibility complex-I (MHC-I) and
MHC-II proteins [7]. Individualized immunotherapies designed based on these principles have
the potential to be specific, efficacious, and safe [9-11]. Eliciting immune responses to protein
targets not found on normal cells reduces the probability of immune toxicities [9].

Despite some successes with the strategy of designing personalized neoantigen cancer vac-
cines described above, significant challenges remain. Selection of the candidate neoantigen
based on peptide-MHC binding affinity focuses on just one step of a complex immunological
cascade. The peptide-MHC engagement is a necessary, but not sufficient, step for the immune
response to occur. More comprehensive models are required to effectively evaluate the poten-
tial neo-sequences to select those that will be the most efficacious as peptide vaccines. These
strategies must have a rapid turnaround time, as the window of opportunity to treat an
advanced cancer patient is limited. Also, there is lack of qualified predictive biomarkers for
determining whether the therapy will be effective. Quantitative modeling approaches provide
a useful toolkit for studying the interplay between tumor cells and the immune system [12].
These approaches enable a quantitative understanding of immune response kinetics following
neoantigen-based peptide vaccine treatment. Insights gained from challenges can be used to
design better vaccines and evaluate the potential candidate vaccines in silico. The models also
can guide such decisions on treatment regimens such as dosing and infusion frequencies [13].

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1009318  September 24, 2021 2/22


https://doi.org/10.1371/journal.pcbi.1009318

PLOS COMPUTATIONAL BIOLOGY Mathematical model of cancer vaccine and the human immune system

Mathematical modeling in biology and medicine, especially oncology [14, 15], can be a
powerful tool for the generation of experimental and clinical hypotheses to aid in study design
[16, 17]. A mathematical model simplifies complex biological systems, provides insights into
known mechanisms of the systems, and can aid researchers and clinicians better understand
the disease and treatment [13, 17]. Models can facilitate the development of testable hypothe-
ses by providing quantitative estimates for numerous outcomes produced by dynamic interac-
tions between various biological mechanisms. To date, several mathematical models have been
developed to predict the effect of mono or combination immunotherapies against cancer [13,
18-25]. Although these studies provide insights into the interactions between treatments and
immune response by modeling cell- and/or tissue-level immune dynamics, components of
immune dynamics at the molecular level are lacking. The addition of this level of granularity
to a mathematical model describing the immune and clinical response to a cancer vaccine is
critical. Key molecular events that may impact the immune response and clinical outcome
include, antigen processing and presentation, and MHC-T cell binding. Thus, a model that
successfully describes the immune response elicited by a cancer vaccine (and the subsequent
effect on tumors) will need to include the molecular parameters and events that drive the
immunological cascade. The model presented here addresses this critical unmet need.

Results

Model parametrization for individual patients based on their T cell
response

Our mathematical model is designed to quantify the effect of a personalized peptide cancer
vaccine, which is a mixture of peptide neoantigens with an adjuvant, on (1) T cell response
and (2) change in tumor size. To parametrize our model, we fitted the six individual patients’
longitudinal T cell response data extracted from a published study [26] as described in the S1
Appendix to obtain patient-specific initial conditions and model parameters, i.e., an individual
patient’s T cell response to peptides, initial tumor cell count, HLA alleles, and the peptide
amino acid sequences of the personalized vaccine. Patients’ activated T cell counts data over
time and the model fits with the highest adjusted R* are shown in Fig 1. The patient-specific
best-fit parameter values are tabulated in Table 1. Detailed description of these parameters
(Iabeled with ) is on S1 Table.

Longitudinal model forecasts of change of tumor size in clinical trial
patients

To further explore the utility of our model, we used the best-fit parameter values in Table 1 to
predict the change of tumor size of individual patients. The clinical trial [26], briefly reported
that four patients (1, 3, 4, and 5), initially diagnosed with Stage 3 melanoma, exhibited no
recurrence of the disease following the treatment regimen with the cancer vaccine. On the
other hand, Patient 2 and 6, initially diagnosed with Stage 4 melanoma, showed disease recur-
rence after the vaccine treatment. Using each patient’s best-fit parameter values (Table 1), we
simulated the tumor cell dynamics under influence of the vaccine. We computationally esti-
mated the tumor size (diameter in millimeters; cell counts highlighted in yellow) 200 days
after treatment initiation for all six patients (see Fig 2). For Patient 2 and 6, we further com-
pared model-predicted tumor size at days 196 and 146, respectively, with CT scan images and
sizes obtained in the study [26] at these two time points, respectively.

Model predictions of tumor size for Patient 1, 3, 4, and 5 (no reported disease recurrent)
showed a relatively greater decrease of tumor size (or cell count) with respect to Patient 2 and

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1009318  September 24, 2021 3/22


https://doi.org/10.1371/journal.pcbi.1009318

PLOS COMPUTATIONAL BIOLOGY Mathematical model of cancer vaccine and the human immune system

3.5x10°
« 1.2x10° . - .
< -O- Patient 1 Data € 30x10° ~O- Patient 2 Data
3 1.0x10° = Model Simulation g 0% = Model Simulation
o Adj. R?= 0.756 O, k108 Adj. R?= 0.897
S 8.0x108 8 .
- — 2.0x10
? 6.0x10° -
g oo £ 1.5%10°
2 2
§ a0xio! B 1.0x10°
< <
T 2.0x10° E 5.0x107
<] o
= [
0 0
0 50 100 150 0 50 100 150
Time (Days) Time (Days)
1.4x10°
€ -O- Patient 3 Data e -O- Patient 4 Data
3 1.2x10°f — Model Simulation 5 8x108} —— Model Simulation
o Ad). R*=0.899 38 Adj. R?= 0.952
= 1.0x10° =
o 3 6x10°
~ 8.0x10° o
? ) o
E 6.0x10 % 4x108
- >
g 4.0x108 g
- < 8
8 2.0x108 B 2x10
° o]
k= [
0 0
. 5 190 00 0 50 100 150
Time (Days) Time (Days)
8
o 1x10° - 3.0x10 )
c c -O- Patient 6 Data
3 3 25x108F — Model Simulation
O 8x10° o Adj. R?= 0.796
S 8 2.0x108
- 6x10° -
3 H 1.5x10°
© 8 ®
Z 4x10 £ 1.0x10°
< -O- Patient 5 Data <
T 2x10° — Model Simulation 8 5.0x107
o Adj. R2=0.739 L
0 0
0 50 T 100 T 150 9 50 I 100 I 150
TTT T T Boost TTTT T Boost
Prime Prime
Time (Days) Time (Days)

Fig 1. Time profiles of T cell response of patients. Model fits with the highest adjusted R” are plotted alongside clinical data from a Phase 1 study [26]
(open circles with error bars, 15% standard error measurement; see S1 Appendix for details; blue arrows indicate days when prime and booster vaccine
doses were administered).

https://doi.org/10.1371/journal.pcbi.1009318.g001

6 (with report of disease recurrent) at the end of vaccine treatment. Our model predictions on
residual malignancies are qualitatively consistent with reported clinical are consistent of non-
recurrence versus recurrence (see Fig 2).

The CT scans for Patient 2 were obtained 8 weeks after last booster vaccine (day 196) show-
ing a tumor measuring approximately 21 mm, and our model predicted a tumor diameter of
approximately 16.7 mm in diameter (Fig 3—left).

For Patient 6, CT scans were obtained one week after last booster vaccine, that is on day
147 (assuming vaccine was administered on day 140 corresponding to week 20 of vaccination
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Table 1. Best-fit values of model parameters for six melanoma patients in study [26]. c: Maximum CD8" T cells recruitment rate; ¢, Maximum CD4" T cell production
rate; d: Maximum lysis rate by activated T cells; A: dependence of lysis rate on the effector/target ratio constant. [95% CI]* denotes modified confidence interval by replac-
ing negative lower endpoint with zero as described in [27].

Cq

Adjusted R

https://doi.org/10.1371/journal.pchi.1009318.t001

PATIENT 1

Point Estimate SE

[95% CI]

0.0156
0.0088
[0, 0.054]*

0.04
0.037
[0, 0.203]*

0.068
0.008
[0.032, 0.105]

0.978
0.015
[0.914, 1.041]

0.756

PATIENT 2 PATIENT 3 PATIENT 4 PATIENT 5 PATIENT 6
Point Estimate SE Point Estimate SE Point Estimate SE Point Estimate SE Point Estimate SE
[95% CI] [95% CI] [95% CI] [95% CI] [95% CI]

0.0084 0.0448 0.0056 0.031 5.55x 107>
0.0596 0.0814 0.035 0.035 0.00141
[0, 0.198]* [0, 0.304]* [0,0.117]* [0, 0.142]* [0, 0.006]*
0.0105 0.0487 0.0467 0.0327 0.04224
0.0453 0.0098 0.012 0.0145 0.013
[0, 0.155]* [0.017, 0.08] [0.008, 0.085] [0, 0.079]* [0, 0.0984]*

0.0196 0.0649 0.0617 0.0525 0.035
0.045 0.008 0.0347 0.0234 0.119
[0, 0.163]* [0.039, 0.091] [0, 0.172]* [0, 0.127]* [0, 0.0712]*
0.991 1 0 0.8568 1.41x 107
0.074 0.0479 143 x 107" 0.038 0.0257
[0.755, 1.226] [0.848, 1.152] [0,4.5x 107'1]* [0.736, 0.978] [9 % 107%, 0.06]
0.897 0.899 0.952 0.739 0.796

protocol). The CT scans showed multiple soft-tissue nodules; one of them measuring 21 x 18
mm. Our model predicted a tumor diameter size of approximately 7.63 mm in diameter for
this patient (Fig 3—right).

Sensitivity analysis

To explore the behavior of this complex mathematical model, we performed a global sensitivity
analysis. Uncertainty of model predictions is often a result of errors in the model structure
compared to the real biological system, estimations of parameters using different data sets,
parameter values obtained from different sources, unknown errors in the input data, and
errors in model solution algorithms. Using sensitivity analysis, we can quantify how a change
in the value of an input parameter changes the value of the outcome variable. The sensitivity
analysis thus allows the identification of parameters that make major contributions to the
uncertainty of the outcomes [28].

As observed in Fig 4, for all patients, the sensitivity of the outcome variable A ¢ (activated T
cellls) has shown to be consistently high throughout three time points (days 22, 112, 147) to the
parameter ¢, (maximum CD4" T cell production rate stimulated by the interactions with tumor
cells), since [PRCC(Arc, ¢4)| = 1, i.e., magnitude of the Partial Rank Correlation Coefficient
(PRCC) value of parameter c, with respect to the output of interest Ay¢ is close to 1. Also, for
Patients 1-5, the variable A was shown to be sensitive to the parameter d (maximum killing
rate by activated CD8" T cells), i.e., [PRCC(Arc, d)| = 1. However, the sensitivity to parameter d
for Patient 1, 3, 4, and 5 was shown to increase over time, the opposite occurred for Patient 2.
For individual Patient 1, 2, and 6, the variable A ¢ was shown to be sensitive to the parameter ¢
(maximum CD8" T cells recruitment rate stimulated by interactions with tumor cells), in which
sensitivity to Arc to c increased over time for Patient 2 and 6.

In Fig 5, for the second output of interest, tumor cells (T), PRCC values show that both d
and A (maximum tumor killing rate by activated CD8" T cells and dependence of killing rate
on the effector/target ratio constant) are consistently the most influential parameter for all
patients and for most of the patients, throughout each time point as well.

However, this analysis revealed both variables of interest, activated T cells and tumor cells
(Arcand T) were not sensitive to initial counts of tumor cells (T) and naive T cells (Nyq,) for
all the time points considered.
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Fig 2. Longitudinal tumor burden predictions for patients 1-6 with quantitative tumor diameter predictions on day 200. Model predictions (purple
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https://doi.org/10.1371/journal.pchi.1009318.g002

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1009318  September 24, 2021

6/22



https://doi.org/10.1371/journal.pcbi.1009318.g002
https://doi.org/10.1371/journal.pcbi.1009318

PLOS COMPUTATIONAL BIOLOGY

Mathematical model of cancer vaccine and the human immune system

Patient 2 Patient 6
Predicted tumor diameter at 196 days: ~16.77 mm Predicted tumor diameter at 147 days: ~7.63 mm
3.59%10° 3.59x 108
10" a 10" 'Y
\\\\ ------------------------ ' ~~~~~~~~~~~~~~~~~ .
- 7 ‘~\\ ' 7{ .
s 1 183,107 s Ty
: 104 \\\\\‘\\ % 104 1 72"10‘7 “““““““““““““
8 \\\ (3] ~=<
P’ b 1’
] b ]
£ 10 oy E 10 o
2 = Model Prediction o 2 —— Model Prediction
---- 95%CLL. . ool T oS%Ck
0.01 ® Est. cell count given CT scan of 21 mm diameter \~\ ) © Est. cell count given CT scan of 21x18 mm shape
® Predicted cell count at 196 days | ® Predicted cell count at 147 days
-5 10-5
10 0 50 100 150 200 0 50 100 150 200
Time (Days) Time (Days)

Fig 3. Quantitative comparison of Patient 2’s and 6’s CT scan measurements with model’s tumor diameter predictions on day 196 and 147,
respectively. Model simulations are plotted in log-scale with respect to tumor cell count. Dashed lines and shaded area are the limits and region of the 95%
C.L of the point estimates in Table 1. Orange dot represents the estimated cell count given in CT scan of 21 mm in diameter equivalent. Tumor cell count
on specified day (black dot) is shown in black (highlighted in yellow) and tumor size (diameter) was estimated in millimeters from tumor cell count.

https://doi.org/10.1371/journal.pchi.1009318.g003

Application: Impact of cancer vaccine treatment on clinical
outcome

Here, we perform an in silico experiment as an example of the utility of our model. We explore
the impact of vaccine administration at different initial tumor sizes for six patients with their
respective parameter profiles (patient-specific HLA alleles, peptide-vaccine concentration and
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Fig 4. Activated T cell population sensitivity. PRCC values are shown for the estimated parameters using the total activated T cell population as the
output of interest.
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https://doi.org/10.1371/journal.pcbi.1009318.9005

estimated parameter values in Table 1) based on four hypothetical scenarios: (a) Initial tumor
diameter is less than or equal to 2.4 mm; (b) Initial tumor diameter is larger than 2.4 mm but
smaller or equal to 6.4 mm; (c) Initial tumor diameter is larger than 6.4 mm but smaller or
equal to 23.45 mm; and (d) Initial tumor diameter is larger than 23.45 mm but smaller or
equal to 80.2 mm. The objective is to predict the tumor diameter size (or cell count) 200 days
after vaccine initiation. This will lead to determine the optimal initial tumor size or stage at
which such patient will be able to achieve an optimal tumor size reduction (as a surrogate
marker for clinical outcome) at the end of the personalized immunotherapy. Methodological
details for generating Fig 6 can be found in the S1 Appendix.

In Fig 6, we can observe different outcomes for patients based on their profiles (i.e., HLA
alleles, peptide-vaccine concentration, estimated patient-specific parameters). Fig 6A, for
example, shows that all patients are able to achieve optimal tumor size reduction to less than 1
mm in diameter after vaccination if they start treatment when the tumor has a diameter of less
than 2.4 mm. If patients start treatment when the tumor has a diameter larger than 2.4 mm but
smaller than 6.4 mm, we predict (Fig 6B) that tumor sizes of Patient 1, 3, 4, 5, and 6 would be
smaller compared to Patient 2. In Fig 6C, Patient 1, 3, 4, and 5, starting treatment when tumor
diameter is between 6.4 and 23.45 mm, are shown to achieve optimal tumor size reduction to
less than 1 mm in diameter. Finally, Fig 6D, shows that patients who start vaccine treatment
with a much larger tumor size (>23.6 mm) are not able to reach an optimal tumor size reduc-
tion at the end of treatment.

Discussion

Cancer vaccines have the potential to enhance the immune response to target and eliminate
cancer cells via activated CD4" and CD8" T cells. In this work, we focus on understanding and
analyzing important mechanisms involved in the activity of personalized cancer vaccines
using a mechanistic mathematical model. Our model simulations can capture immune
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Fig 6. Prediction of tumor diameter by patient on day 200 according to different hypothetical initial tumor size scenarios at time of clinical trial
enrollment. (a) Initial tumor diameter is less than or equal to 2.4 mm; (b) Initial tumor diameter is larger than 2.4 mm but smaller or equal to 6.4 mmy; (c)
Initial tumor diameter is larger than 6.4 mm but smaller or equal to 23.45 mm. (d) Initial tumor diameter is larger than 23.45 mm but smaller or equal to 80.2
mm. Dispersion of the box plots is generated from the Latin Hypercube sampling of the initial tumor sizes in the ranges in Table A5 in the SI Appendix.

https://doi.org/10.1371/journal.pcbi.1009318.9006

response behavior to a vaccine associated with patient-specific factors (e.g., different initial

tumor burdens).

Our model currently includes a phenomenological response as a means to simulate elimina-
tion of tumor cells by activated T cells. This modeling approach has its limitations, since the
neoantigen peptide vaccine’s secondary objective, after successfully activating tumor-specific
T cells [29], is for antigen-specific T cells to bind to tumor cells and induce cytotoxicity [30].
Nonetheless, this phenomenological assumption previously has been used and validated with
experimental data in several modeling studies [13, 22, 31-33]. Therefore, given our limited
information about how cancer progresses over time in different patients at different disease
stages, we consider the dePillis-Radunskaya Law a reasonable approach to modeling the killing
of tumor cells. Also, we assumed the logistic functional form to represent tumor growth.

Usually, the choice of a tumor growth function in general is determined by clinical data,
which can vary depending on the type of tumor, location, and disease stage, among other fac-
tors [34]. Several studies [13, 22, 31-34] have suggested that the logistic and Gompertz func-
tions are the most suitable for modeling tumor growth. Both functions have exhibited good
predictions when calibrated with experimental data, usually from animal models of breast,
lung, and melanoma cancers [13, 22, 31-34]. Our choice was based on the simplicity of the
logistic function, as it only requires the estimation of two, rather three parameters in the Gom-
pertz function, and the lack of longitudinal clinical data.

The model was calibrated through model fitting using individual patient data from a clini-
cal trial study [26]. We fitted the model on parameters c, c,, d, and A (see Table 1). These
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model parameters describe the killing and proliferation interactions between activated T cells
and tumor cells, which were modeled based on phenomenological assumptions. We employed
global optimization to find the best fit model parameter values to individual patient data. We
selected adjusted R” as our goodness-of-fir measure. The adjusted R” ranged from 0.74 to 0.95
across the model fits for the six patients. Model fits to Patient 1, 5, and 6 data resulted with a
lower adjusted R* (0.7) which may be due to fewer number of data points compared to the rest
of the patients (6 vs. 7 data points). Patient 5 data had the lowest adjusted R?, and it may be par-
tially attributable to a much earlier peak T cell response comparing to the rest of the patients.

Our model was used to show some possible applications, such as the longitudinal tumor
size change forecast for individual patients undergoing melanoma treatment and the predic-
tion of clinical outcome given initial tumor stage (size) when receiving the vaccine. Using
avaijlable information on the individual patient’s tumor stage and clinical history, we predicted
that the tumor size (diameter) 200 days after the first vaccination for all six patients. The pre-
dicted tumor size of Patient 1, 3, 4, and 5 who had no report of disease recurrence on day 200
fell under 1 mm in diameter, which is clinically declared a ‘thin’ melanoma, and is considered
a favorable outcome with a low risk of cancer spreading [35]. This model prediction is consis-
tent with the clinical reports of those patients. For Patient 2 and 6, we compared model pre-
dicted tumor size with measurement from CT scans. Though model predicted tumor size for
Patient 2 and 6 was slightly off from CT scans measurement, the model predicted increases of
tumor sizes for these two patients at day 200 illustrating their recurrence.

Moreover, this kind of model can also be used to compare different clinical options. For
example, we used our model to explore the impact of vaccine treatment initiation after resec-
tion surgery on tumor progression. Our results showed that the best-case scenario for treat-
ment initiation is when patients start vaccination with a tumor of less than or equal to 6.4 mm
in diameter (Fig 6A and 6B). In Fig 6B, we observed that 90% of the patients achieved a tumor
diameter of less than 1 mm at the end of treatment (favorable lesion); whereas in Fig 6A, 100%
of patients’ tumor size fell under 1 mm. Therefore, the ‘best’ clinical outcome of a personalized
neoantigen peptide vaccine is when a patient starts treatment with a tumor diameter size of
less than 6.4 mm (1 x 107 cells).

Sensitivity analysis of our model using estimated parameters revealed the parameters which
have the greatest impact on total activated T cell count during vaccine treatment, as well as
final tumor size. The model variable for activated T cells (A7¢) was found to be highly sensitive
throughout the treatment period (days 22, 112, 147) for Patient 1-5, to parameter ¢, (maxi-
mum CD4" T cell production rate stimulated by the interactions with tumor cells). For
Patient 1, 2, and 6, the variable Arc was shown to be sensitive to the parameter ¢ (maximum
CD8" T cell recruitment rate stimulated by interactions with tumor cells). Proliferation (or
recruitment) of immune cells to the tumor site has been shown to be a favorable prognostic
sign [36]. Consistently, parameters in our model involved in the proliferation/recruitment of
immune cells show great influence on the efficiency of the immunotherapy in eliciting an
immune response. Also, for almost all patients, both variables, activated T cells (A7¢) and
tumor cells (T) were shown to be sensitive to the parameter d (maximal killing rate by activated
CDS8" T cells. This result shows the importance of this parameter, as it may help determine
how effective an immunotherapy can be in triggering the immune system to elicit tumor
cytotoxicity.

Model limitations

The parametrization of our model was limited by the small number of patients from the clini-
cal study used for model calibration, their limited follow-up times, and lack of individual level
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longitudinal tumor cell count (or size) data. Potential future accumulation of patient data
would provide the opportunity for better characterization of patient-specific model parameters
that can be tumor-stage specific. Both individual patient longitudinal tumor size and T cell
response measurement might greatly improve model calibration and validation for a better
clinical outcome prediction. However, we observed significant differences in parameters a,
and a, which determine the efficiency of the immune system to recognize tumor cells and elicit
an immune response. For example, the parameter values of a; and a, obtained by fitting the
‘no recurrence’ patients’ data to our model were substantially smaller compared to the values
of a; and g, obtained through the fitting of the ‘recurrence’ patients’ data. Another limitation
of our current parametrization approach is that certain parameters found in the literature may
have associated uncertainty that could affect model outcome, such as errors in measurements
or natural variations. Though this variance in the parameters is not always reported in the lit-
erature, we briefly explored how model variables of interest are affected by potential variations
of these parameters through global sensitivity analysis (see S1 Appendix; section B.8). It was
found that both model variables of interest, activated T cells and tumor cells, are highly sensi-
tive to parameters o, A, and &y, (internalization rate of peptides by DCs, maximum growth
and death rate of mature DCs, respectively). In addition, the model variable for the activated T
cell was found to be highly sensitive to b, 04, i, and g (maximum growth of naive CD4* T
cells, maximum activation rate of CD4" T cells, and death rate of activated CD4" and CD8" T
cells, respectively). The model variable for tumor cells, also was found to be highly sensitive to
b, g, and pg (maximum growth of naive CD8" T cells, maximum activation rate CD8" T cells,
and proliferation rate for activated CD8" T cells).

Other limitations of our model include the consideration of key mechanisms related to the
efficacy of the vaccine. Although some recent studies [30, 37] showed that CD4™ T cells may
act directly and indirectly in killing tumor cells, we did not incorporate this mechanism into
our model. Our model incorporates the well-known mechanism of CD4" T cells helping in the
activation of CD8" cytotoxic T cells in the presence of tumor cells. However, future versions of
this model may incorporate the assumption of CD4" T cell’s direct cytotoxicity against tumor
cells if further evidence becomes available. We have not considered the tumor antigen escape
phenomenon, and thus cannot model the potential outcomes if cancer cells stop expressing
the neoantigens used to formulate the vaccines. The current version of our model also does
not feature, concomitant therapies used against malignancies, as is usually the case in real-life
scenarios. Additionally, we have not incorporated T cell sub-types (e.g., memory, regulatory)
or antibody-mediated tumor eradication explicitly. We recognize that these are all important
considerations for our future work.

Another important potential addition to our model would be the incorporation of a post-
vaccine therapy, such as a checkpoint inhibitor, to enable continued tracking of the patient’s
disease progression and determine possible safety and efficacy outcomes of individual or com-
bined treatments. Last, our model is not readily applicable in studying efficacy of personalized
neoantigen vaccines indicated in malignancies of the brain due to disease-specific constraints
and the existence of the blood-brain barrier.

This model enables the description and simulation of the complex behavior of the human
immune system to a personalized cancer vaccine. Furthermore, it enables the simulation of
such biological system by performing in silico experiments that may become the input for fur-
ther analysis such as the identification of key parameters or mechanisms and/or interpretation
of data. This model is flexible in the sense that its structure may be modified to capture other
key mechanisms involved in the interactions of the human immune system and personalized
cancer immunotherapy, and it allows for exploration and quantification of the impact of ther-
apy initiation times on trial outcomes.
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Methods
Mathematical model

We developed a mechanistic model to study the interactive dynamics of a personalized neoan-
tigen peptide cancer vaccine, the human immune system, and tumor cells. The proposed
model consists of a system of coupled non-linear ordinary differential equations (ODEs) rep-
resenting important molecular and cellular populations which depict biological mechanisms
that embody essential aspects of a neoantigen vaccine and target patient cohorts. The model is
composed of a single immune system compartment encompassing the implicit connection of
the innate and adaptive immunity. We consider two modeling levels, the cellular and subcellu-
lar (or molecular). At the cellular level, we have cell populations such as, antigen presenting
cells (APCs), naive and activated CD4" and CD8" T cells (helper and cytotoxic T cells, respec-
tively), and tumor cells in the patient. One of the critical steps in vaccination is the efficient
presentation of the tumor-specific antigen (TSA) to the T cells. Dendritic cells (DCs) are the
most efficient APCs and we parametrized our APC model based on DCs. APCs capture, pro-
cess and present the antigens to the T cells using cell surface proteins, i.e., MHC class I and I
molecules. Engagement of the MHC-antigen complex with the T cell receptors (TCRs), initi-
ates the differentiation of antigen-specific T cells into effector T cells [38]. We model these
mechanisms and interactions at the cellular and subcellular levels.

Below, we describe in detail the assumptions considered for each equation with the end
goal of constructing the full model. A schematic diagram of the mechanisms and interactions
considered are shown in Fig 7 (cellular level) and Fig 8 (subcellular level). A list of model state
variables with their respective definitions and units is presented in Table 2.

The vaccine. The vaccine dosage in the model is composed of a certain concentration of
an adjuvant and a load of peptides previously for a specific individual patient. Adjuvant is nec-
essary to prime or ‘activate’ immature dendritic cells to respond to endogenous and exogenous
antigens and elicit an immune response through the activation of T cells.
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Fig 7. Schematic diagram of proposed mathematical model of the interactions between a human immune system and
neoantigen cancer vaccines at the cellular level. Immature dendritic cells differentiate into mature dendritic cells due to the
maturation signal provided by the adjuvant (dotted arrow). Upon antigen uptake, processing and presentation by the mature
dendritic cells, naive T cells recognize these (dashed lines with double-ended arrowhead) and differentiate into activated T cells
that proliferate. Activated CD8" T cells are now capable of killing tumor cells. Tumor lysis increase activated T cell counts through
proliferation/recruitment (dotted curved arrows).

https://doi.org/10.1371/journal.pcbi.1009318.9007
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Fig 8. Schematic diagram of the mathematical model at the subcellular level. Mature DCs uptake peptides, which are
then processed through the interaction with major histocompatibility complex (MHC) class I and II to produce peptide-
MHC complexes (p-MHC). These p-MHC:s are then presented in the DC membrane for further recognition by naive T
cells. Peptides, MHC, and p-MHC complexes can suffer degradation. Peptide-MHC complexes have the potential to
dissociate back into their constituents. MHC molecules on the DC membrane can be recycled back into the endosome.
Double line arrows connecting to double head arrows represent the interaction of peptide with MHC-I or MHC-II
molecules to create p-MHCI or p-MHCII complexes. Short dotted arrows represent degradation for peptides, MHC-I/II,
and p-MHCU/II in the endosome and on the cell membrane. Dashed arrows represent dissociation of peptide-MHCs into
peptide and MHCs molecules. Dash-dotted arrows represent the recycle of MHC complexes into the endosome after
dissociation of p-MHCs on the cell membrane.

https://doi.org/10.1371/journal.pchi.1009318.g008

Let p(t) represent the peptide concentration in a vaccine and A4(t) the adjuvant concentra-
tion in a vaccine deposited in the subcutaneous (sc) connective tissue (injection site) at time ¢.
We assume the vaccine concentration entering the tissue is instantaneously mixed and is
homogeneously distributed for all . Also, it is assumed that the vaccine is instantaneously

Table 2. Model equation variables with definition and units. Subscript s = j for HLA-I allele and s = k for HLA-II

allele.

Variable Description Unit

Cellular p Peptide concentration in a single vaccine pmol
Ay Adjuvant concentration in a single vaccine mg/L

Dy Immature dendritic cell population cells

Dy Mature dendritic cell population cells

Necpa Naive CD4" T cell population cells

Acpa Activated CD4" T cell population cells

Neps Naive CD8" T cell population cells

Acps Activated CD8" T cell population cells

T Tumor cell population cells

Subcellular pF Amount of endosomal peptide fragments pmol
ME Amount of endosomal MHC-I or MHC-II pmol

pME Amount of endosomal p-MHCI/II complex pmol

PM, Amount of p-MHCI/II complex on DC membrane pmol

M; Amount of free MHC-I/II on DC membrane pmol

https://doi.org/10.1371/journal.pcbi.1009318.t002
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absorbed by the body at time ¢, i.e., the vaccine’s concentration is updated before its content
continues to be processed by dendritic cells. Since we consider that a vaccine dosage is admin-
istered at different scheduled time points, the Dirac delta function & allows the description of
bolus repeated administration of the same vaccine dose at times 7,i=1, ..., n:

h (t) = ZDoseX Ot —1,) x=a,p
i=1

where Dose,, x = p, a is constant (specific to adjuvant or peptide concentration) and 7;=0, 3, 7,
14, 21, 83, 139 specifies the day when a vaccine is administered, with indexi=1,2, ..., 7 repre-
senting the number of vaccine doses administered throughout treatment. Note that the selec-
tion of these time points, t;, are based on the clinical study [26]. Thus, an equation
representing the vaccine disposition process is:

dp
E = hP (t) — ocpp s

administered peptide dose absorption of peptides by the DCs

dA,
T h,(t) - %Y ) (2)

administered adjuvant dose absorption of adjuvant by DCs

where a, and a, is the absorption rate of peptides and adjuvant by both immature and mature
dendritic cells, respectively.

Antigen-presenting cells: Dendritic cells (DCs). We assumed that immature dendritic
cells, D(t), located at the subcutaneous connective tissue grow logistically with a maximum
rate A and carrying capacity Kpc. Mature dendritic cells are assumed to die naturally with a
rate 8j,.

Immature dendritic cells, Dy(t), can differentiate into mature dendritic cells, Dj,(t), with a
maximum differentiation rate of rp, in the absence of peptides and adjuvant. However, the
maturation of DCs increases as a result of the contents of the vaccine. It is known that adjuvant
increases the maturation of dendritic cells [39]. Thus, we consider an external maturation sig-
nal given by the effects of the adjuvant in the vaccine. In this case, the maturation signal is
given by the release/absorption of adjuvant concentration, A,(t), in a vaccine, meaning, higher
A () concentration causes higher cell maturation, hence, larger mature dendritic cell, Dy,(#),
population size. When the concentration A () is equal to K,, a half-maximum effect constant,
the maturation rate becomes 2. Given these biological assumptions, the equations describing
the rate of change of immature dendritic cells, D((t), and mature dendritic cells, Dp,(t), are as

follows:
dD D A
=1 _ ADI(l——1>— TbidDI
dt Kpc K +A, (3)
—_— —_———
logistic growth maturation due to adjuvant uptake
dD A
v _ _ha D, — 6,D,, (4
dt K, + A ¥ ——" )

natural death
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Antigen processing and presentation by mature DCs. The following modeling approach
follows a similar modeling framework of [40, 41]. The antigen processing and presenting by
mature dendritic cells take place at the subcellular level (see Fig 8), in the endosomes of mature
DCs. The vaccine peptides, p(t), are endocytosed into endosomes at a rate o “;—b, where % isa
re-scaling factor of the volume of endosomes in a single DC, Vg, and the volume of the injec-
tion site V. Therefore, peptides in DC’s endosomes are represented by a single molecular spe-
cie pE(t).

Inside the endosomes and other specialized vesicular compartments, peptides interact with
MHC molecules of class I and/or class II. The strength of interaction of pE(t) and MHC mole-
cule allele s is dictated by the effective disassociation constant K& which gives the relationship
between kg, the off-rate, and k,, ,, the bio-molecular on-rate. The dissociation constant is
defined as Kp s = kogr o/ kon,s-

Endosomal peptides, p“(t), bind to either MHC-I or MHC-II molecules in the endosomes,
ME(t) with allele s = j or k, at a rate kop, ;, to form endosomal peptide-MHC-I (p-MHCI) or p-
MHCII complexes, represented with pM?F(t). Note that binding occurs with available M*(¢) in
the endosomes; thus, we consider a re-scaling factor of VLE The p-MHCs may dissociate back
into their respective components, peptide and MHC molecule, at a rate ko ¢/ V. Also, the pep-
tide fragments that cannot bind with an MHC molecule are further processed into its amino
acids at rate f3,.

dp i E VE E Mf E E
ﬁ - appv - P : Zkon,s ! Vv + Zkoff‘s ' PMs - ﬁp
sc s E s S~~~ (5)
degradation
binding to MHCI/II dissociation of p—MHCI/II

To calculate K3,
sequence, we first obtain all N (15-30)-mer peptides and their individual MHC-I/II binding
affinities Kp,,, m =1, ..., N, from NetMHCpan 4.0 [42] and NetMHClIpan 4.0 [43], respec-
tively. Then, those (15-30)-mers are pooled into a single representative molecule that binds to

MHC-I allele type j and an MHC-II allele type k with an ‘effective disassociation constant’

such that
N 1 -1
eff __ 3
KD,s - (; KDm,s> y S=1, k.

The molecular population dynamics of the endosomal free MHC-I/II molecules, M*(t), s =
j, k, is given by Eq (6), in which we assume: (1) homeostatic growth of endosomal free MHC-1/
IT molecules, with growth rate 5, and MF(0) is the total number of MHC-I/II molecules at
t = 0; (2) binding on and off between p“(t) and MHCI/II molecules in the endosomes, M (t);
(3) recycling of free MHC-I/II from the cell membrane back into the DC’s endosomes with

we follow a similar approach as in [40]. For each peptide-based vaccine

rate ki,.
dME ME
d == ﬂM(MSE(O) - Mf) 7kon,s ! pE * + koff,s ! pr + kin ! Ms
t —_— Ve — (6)
homeostatic growth recycling of free MHC—I/1I

binding between pE’s and ME’s

Eq (7) describes the molecular population dynamics of endosomal p-MHCI/II allele j or k,
pME(t) s = j, k, starting with the formation of p-MHCI/II complex. These can dissociate back
into peptides and MHC components, degrade at a rate 3,5, or get trafficked out at a rate Key to
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form membranal p-MHCs, pM(t), which will be recognized by T cells.

dpM? M
dt :kon,s.pE e _koff,s'pr _ﬁpMpr - kextpr
E e’ N e’

(7)

degradation exocytosis of pMFonto cell membrane
formation and dissociation of pME

Moreover, the p-MHCs on the DC membrane can dissociate into free MHCs on the cell mem-
branes, M(¢), at a rate kg as in Egs (8) and (9).

dpM,

dt = kext : pMsE - koffﬁs : pMs (8)
——— ——
formation of pM; dissociation of pM;
dM,
d : = kofﬂs : pMs - kin : M: (9)
t ———

formation of M; from dissociated pM; recycling of free MHC—I/1I

Let pM,,, with n = 1, 1 representing the MHC class I or II, denote the number of p-MHC
molecules recognizable by the neoantigen-specific (CD4" or CD8") T cells, such that

PMn(t) = NA : ZpMs(t) ! 10712a S :Jvk n=11I, (10)

where N, is Avogadro’s constant.

Tumor cells. The total number of tumor cells at time ¢, T(¢), is assumed to increase in a
logistic fashion in the absence of immune intervention, where r is the maximum tumor growth
rate and Ky is the tumor’s carrying capacity (maximum tumor cell burden). Activated CD8" T
cells kill tumor cells by a product of a maximum lysis rate d, and a rational expression that
models tumor cell lysis as a function of the ratio of activated CD8" T cells to tumor cells.

d—Ter<1—l> - DT
dt K; - (11)

elimination by activated CD8% T cells
cell growth

Acps !
where D = d (( ATCDz);,; A represents how the lysis rate depends on the effector/target ratio, and s
st

affects the steepness of the curve, or how fast maximum killing rate is achieved. This expres-
sion is known as dePillis-Radunskaya Law (see [15, 31] for more details), which has been used
extensively in the literature.

Helper and cytotoxic T cells. Naive CD4" and CD8" T cells are assumed to grow logisti-
cally (death regulated by carrying capacity), with maximum growth rate b, and bg, and carry-
ing capacity K¢y and Krcg, respectively. Activated T cell population increases if there is a
‘successful’ activation process. Both naive and activated T cells are assumed to die naturally
with a rate y (for both types of naive T cells), 4 (for activated CD4" T cells), and pg (for acti-
vated CD8" T cells).

The total number of naive CD4" and CD8" T cells at time ¢ is denoted with N¢p,(t) and
Ncps(t), respectively. Naive T cells can recognize neoantigen fragments presented on mature
DCs’ membrane (pM,,, n =1, 1) at any time ¢, represented with the product F, N, (t), where
F,,i=4,8,is the frequency of neoantigen-specific CD4" (or CD8") T cells. Naive CD4" and
CD8" T cells can be activated with a maximum activation rate of o, and o3, respectively. The
rate of change of naive CD4" (or CD8") T cell population is modeled with the following
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equation:
dN_p, N,
CDi __ CDi P
dr biNCDi 1 - - GiFPiNCDi\Pi - :uNCDi , 1=4,8
G Ny =z (12)
activation via interaction with mature DC natural death
logistic growth

where, for example for i = 4, W, = W 4(Dpp, Nepa, Acpa)> denotes the activation of neoantigen-
specific precursor T cells dependent on the relative quantity of the mature dendritic cells to
naive and activated CD4" T cells and the number of p-MHCII complexes,

N7 Dy pPMy
! D, + FP4NCD4 + Ao M, + KpM ’

where pMy represents the number of p-MHCII molecules recognizable by the neoantigen-spe-
cific CD4" T cells as described in Eq (10). The strength of mature DCs, Dy,(#), to activate a
neoantigen-specific CD4™ T cell is 50% when pMy(t) is equal to K, and increases as pM(t)

increases.
The total number of activated T cells is given by the equation:

ATC(t> = Acm(t) + ACDs(t)v

where Acpy(t) and Acpg(f) denote the population of activated CD4" and CD8" T cells, respec-
tively. These cell populations increase with the activation of naive CD4" (or CD8") T cells that
had a “successful’ interaction with a mature DC. Activated T cells undergo proliferation or dif-
ferentiation, depending on the proportion between D,(t), cell types involved in the activation
(FPiNCDi(t), Dy(t) and Acpi(t)), and the number of T-epitope-MHC on D,(t)’s, i.e., pMy(t) or
pM (). The interaction of mature dendritic cells and activated CD4" (or CD8") T cells is
described with the function:

D M —K
D, = M P M, i=4,8 n=11
Dy + Fp Nep; + Ay | \PM, + K,

To understand this interaction better, for example, when the quantity pMy (¢ at any time ¢ is

much larger than Koms then the ratio % — 1, i.e.,, most cells proliferate. In a similar way,
P
when pMy(t is much smaller than K, then the ratio i xﬁjﬂ‘: — —1, which implies most acti-
pl

vated CD4" T cells differentiate (i.e., cells are removed from this species compartment). The
rate of change of activated CD4" T cell population is modeled with the following equation:

dA
cD4

a o,Fp N, ey + PP, A,

——

activation via interaction with mature DC proliferation/differentiation of Acpy
T
13
+ & T Acps = MyAcpy (13)
a, + N——

natural death
probability of efficient proliferation

proliferation due to presence of tumor cells

We assume an activating effect of CD4" T cells due to existence of tumor cells represented
by the third term in Eq (13). This immune system’s response is described mathematically with
a Michaelis-Menten interaction term, where the parameter ¢, models the antigenicity of the
tumor. Antigenicity can be thought of as a measure of how different the tumor is from ‘self’.
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This functional (or phenomenological) response to model this interaction has been used in
other mathematical models such as [31, 44, 45].
The rate of change of activated CD8" T cell population, Acps(t), is modeled as follows:

2 2
dA DT
cDs __
dr ¢ 2o Acps + csAcps T
t a+D°T ———
g activation via Acp, interaction with tumor cells
recruitment of CD8" T cells due to the presence of tumor (14)
+ osF PgN cps Vs + PsPAcps — UsAcps;
activation via interaction with mature DC  proliferation/differentiation of Acpg natural death

The first term of Eq (14) represents the recruitment in CD8" T cell population by interactions
with T cell processed tumor cells through a Michaelis-Menten dynamic, as modeled before in
[44, 46, 47]. Also, it is known that CD4" T cells play a major role in providing help for anti-
tumor cytotoxic T lymphocytes (CTLs) through direct mechanisms such as the secretion of
interleukin (IL)-2, which directly activates CD8" CTLs [30, 48]. We implicitly model this
mechanism (second term) by assuming the activation of CD8" T cells is given by Holling Type
I functional response, cgAcpsT, where cg is the rate at which CD8™ T cells are stimulated to be
produced as result of activated CD4" T cells interacting with tumor cells. The last three terms
of Eq (14) are similar to those described previously for the equation of Acp4(?).

Model initial conditions and parameter values

Our mathematical model specifies 18 initial conditions such as immune and malignant cell
counts, neoantigen peptide concentrations, and adjuvant concentrations in a vaccine (S1
Table). We categorized the initial conditions into two groups, ‘global’ and ‘patient-specific’.
The global initial conditions (14 in total) are values that were found in the literature or esti-
mated from available population level data of several clinical or experimental studies which
include: immature and mature DC counts, naive T cell counts, concentrations of endosomal
peptides and MHC/p-MHC I and II molecules in DC’s endosome and on DC membrane.
Patient-specific initial conditions (four in total) were estimated from patient-specific data
from six patients in a personalized neoantigen anti-melanoma vaccine clinical trial (Clinical-
Trials.gov: NCT01970358) [26]. These patient-specific initial conditions are the peptide and
adjuvant concentrations in a vaccine, initial activated T cell counts, and initial tumor cell
count. Detailed derivation of these estimates is provided in the S1 Appendix.

Additionally, the model requires values for 45 parameters. A total of four model parameters
were directly estimated by fitting the analytical solution of the total activated T cells, Arc(t) of
six patients. These parameters are ¢: maximum CD8" T cell recruitment rate; ¢,: maximum
CDA4" T cell production rate; d: maximum lysis rate by activated T cells; A: dependence of lysis
rate on the effector/target ratio constant. We used the ‘NonlinearModelFit” function in Mathe-
matica Version 12.0 [49] with a constrained global optimization method (‘NMinimize” with
‘SimulatedAnnealing’) for model parametrization. The goodness-of-fit was measured by the
adjusted R*. Other parameters such as peptide and adjuvant concentration in the vaccine and
patient-specific HLA alleles, were predetermined based on information provided in [26]. The
detailed description of model parameters, parameter values/ranges found in the literature,
parameters estimates from model fitting and parameter values used to run our simulations
were organized by cell and molecule species on the S1 Table and marked accordingly:
parameters and initial conditions directly obtained from the literature were labeled with &,
those estimated from published data (clinical trial or experiment) were labeled with ¢, and
patient-specific parameters fitted individually to six patients’ data from ClinicalTrials.gov:
NCT01970358 were labeled with ¥.
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Sensitivity analysis
We perform a global sensitivity analysis using Latin Hypercube Sampling (LHS) along with
Partial Rank Correlation Coefficient (PRCC) to assess the sensitivity of two outputs of interest,
activated T cells, Arc and tumor cells, T, to the changes of the parameter values. In general, the
magnitude of the PRCC indicates the impact of the uncertainty of estimating input parameter
values for predicting the outcome variable, and the sign indicates the direction of correlation
between each input parameter and each output variable [28, 50].

PRCC values were calculated between for each of the four patient-specific parameters (c, c,,
d, 1), as well as two patient-specific initial condition inputs Nty and T, against two outputs of
interest (A7c and T) at specific time-points (days 22, 112, and 147). Through uncertainty quan-
tification and sensitivity analysis, we determined which input parameters (see Table 1 for a list
of estimated parameter values and Table 2 and the S1 Table for definitions of the model vari-
ables and list of baseline parameters) are most influential on the outcome variables of interest.
We used the mean of the best-fit parameter values of all six patients in Table 1 as the baseline to
calculate LHS/PRCC values and the minimum and maximum of the best-fit parameter values
to calculate the range of LHS/PRCC. Vaccine administration for all patients in the clinical trial
[26] included a priming and a booster phase. We selected day 22 (¢ = 21 in our simulation), to
define the ‘priming phase’, since the last priming vaccination in [26] occurred about 3 weeks in;
day 112 (t = 111) as the ‘peak T cell response’ of activated T cells (as observed in [26]); and day
147 (t = 146) as the ‘end of treatment’ since the last booster vaccination occurred on week 20.

Supporting information

S1 Appendix. Mathematical details, parameter estimation, table of model parameter val-
ues and definitions, and additional results.
(PDF)

S1 Table. Parameter values and definition. Mathematical model parameter definitions, value
ranges, and values used in simulations.
(PDF)
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