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Abstract

Dendritic cell (DC) immunotherapy is a promising approach for treating cancers such
as melanoma and prostate cancer. Although DC-based vaccines can elicit potent anti-
tumor immune responses, dosing schedules in both preclinical and clinical settings are
often chosen empirically rather than through quantitative optimization. In this work, we
develop an enhanced mathematical model of tumor-immune dynamics that incorporates
a more realistic tumor growth law and an estimated immune-response delay, enabling
the systematic design of DC vaccination protocols. Tumor-growth and immunotherapy
parameters were calibrated using experimental melanoma data and two metaheuristic
optimization methods: Genetic Algorithm and Particle Swarm Optimization. Using the
calibrated model, we derived vaccination schedules consisting of three injections totaling
2.4 × 106 DCs. Despite using the same total dose as the baseline four-injection protocol,
the optimized schedules reduced tumor burden by approximately 52% over a 5000-h
window, as measured by the area under the tumor-time curve, while also lowering the
number of administrations. These results demonstrate that effective tumor control can be
achieved without increasing treatment intensity and with substantially fewer vaccinations
than previously assumed. Prior optimization studies often required cumulative doses
exceeding 1 × 107 cells to obtain comparable therapeutic effects. In contrast, our findings
show that metaheuristic algorithms can produce dose-efficient and biologically grounded
schedules that significantly enhance treatment performance. This work highlights the
value of computational optimization as a decision-support tool for designing efficient and
clinically meaningful DC immunotherapy protocols.

Keywords: dendritic cell immunotherapy; optimal protocols; metaheuristics; genetic
algorithm; particle swarm optimization

1. Introduction
Dendritic cell (DC) immunotherapy represents a promising approach in cancer and

infectious disease treatment, harnessing the capacity of DCs to initiate and regulate adaptive
immune responses. As professional antigen-presenting cells, DCs can be isolated from
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patients, loaded ex vivo with tumor-associated antigens, and subsequently re-infused to
stimulate a robust antigen-specific T cell response. This strategy aims to overcome the
immune evasion mechanisms of malignant or chronically infected cells by enhancing the
recognition and destruction of diseased targets. Over the past two decades, advances in cell
culture techniques, antigen-loading strategies, and adjuvant use have refined DC-based
vaccines, leading to encouraging preclinical results and several clinical trials [1–3]. Despite
such progress, the therapeutic efficacy of DC immunotherapy remains highly variable
across studies, reflecting persistent uncertainty in several key aspects of treatment design.
A major unresolved challenge is the insufficient optimization of dosing schedules. Clinical
protocols vary widely in dose, injection timing, and total number of administrations;
rigorous and quantitative schedule optimization has rarely been achieved. Reviews of DC
vaccine trials emphasize the heterogeneity of administered doses and timing, underscoring
the lack of evidence-based guidelines for constructing effective dosing regimens [4–6].
Experimental and clinical findings further demonstrate that variations in dose and inter-
dose intervals can significantly alter therapeutic success [7–10]. Thus, determining optimal
temporal dosing strategies remains an outstanding open problem.

Dendritic cell immunotherapy protocols can be determined by leveraging mathemati-
cal models that efficiently describe the dynamics of the immune system’s interaction with
tumor growth, predicting the increase or decrease in the number of tumor cells. These mod-
els are usually formulated as systems of Ordinary Differential Equations (ODE) to capture
the complex, time-dependent interactions among tumor cells, immune cell populations
(including CD4+ and CD8+ T-lymphocytes), dendritic cells, and regulatory cytokines [11].
However, an important difficulty concerns the use of oversimplified or unrealistic tumor
growth models. Classical formulations such as logistic or Gompertz models often fail to
capture experimentally observed tumor dynamics. Recent comparative studies highlight
substantial discrepancies between standard growth laws and empirical tumor growth
curves, calling for more flexible and realistic modeling approaches [12,13]. Improved
tumor growth representations are therefore essential for generating reliable predictions of
treatment outcomes.

Another important limitation arises from the restricted applicability of classical optimal
control techniques in cancer immunotherapy. Foundational optimal control methods rely
on smooth system dynamics and differentiable cost functionals [14,15]. However, the highly
nonlinear and parameter-uncertain nature of tumor–immune ODE models often violates
these assumptions, resulting in convergence to poor local minima, or inability to incorporate
discrete clinical interventions. Recent analyses emphasize that classical optimal control
can become computationally intractable or unreliable when faced with biological delays,
discontinuities, or uncertain parameters typical of immunotherapy models [16]. These
challenges motivate the development of alternative optimization strategies that are robust
to model complexity and uncertainty.

One early attempt to determine optimal protocols for dendritic cell immunotherapy
was presented in [17], where the optimal control problem was solved using the steepest
descent gradient method applied to the cost function. Building on this idea, [18] ex-
plored several variants of the gradient descent algorithm (momentum, Nesterov, Adagrad,
RMSprop, Adam, and Adam-Bias). However, given that cancer models involve highly
nonlinear ODE dynamics, the resulting optimal control problem is generally nonconvex.
As a result, traditional approaches face several difficulties, such as convergence to local
rather than global minima, slow convergence rates, numerical oscillations, and stagnation
in flat regions of the cost landscape. These limitations restrict the applicability of classical
optimal control methods, such as Pontryagin’s Minimum Principle or calculus of variation,
to realistic cancer immunotherapy optimal scheduling problems [19].
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Metaheuristic algorithms offer a powerful complement to classical approaches by
providing optimization tools capable of handling nonconvex landscapes and discrete, de-
layed, or discontinuous dynamics [20]. Their suitability for complex therapeutic scheduling
problems has been demonstrated in recent cancer optimization studies [21,22].

In this work, we address the open challenges through a comprehensive mathemat-
ical and computational study of DC immunotherapy for melanoma. Building on the
tumor–immune interaction model introduced in [8], we incorporate a more realistic tumor
growth law supported by empirical studies. A central improvement over previous studies
is the treatment of the immune-response delay parameter τ. Whereas in [8] this latency
is fixed at a constant value (232 h) and applied post hoc to the dosing schedule, in this
work, τ is considered as an intrinsic system parameter. In the proposed framework, τ is
estimated directly from data and optimized jointly with other system parameters through
metaheuristic algorithms. This shift from a predetermined constant to a data-informed
parameter allows the model to capture the biologically relevant delay required for effective
T-cell expansion and infiltration in the tumor microenvironment.

To estimate model parameters, identify the biological delay, and optimize injection
timing and dosage within a unified framework, two population-based metaheuristic algo-
rithms are employed: Genetic Algorithm (GA) and Particle Swarm Optimization (PSO).
GA, inspired by evolutionary principles, iteratively improves a population of candidate
solutions through selection, crossover, and mutation, and has shown strong performance
in multi-objective cancer therapy scheduling [21]. PSO, based on swarm intelligence, up-
dates particle trajectories using both individual and collective experience, achieving rapid
convergence in high-dimensional ODE parameter spaces [22]. Both methods are applied
across three stages of the study:

I. Tumor growth calibration. Sensitive tumor-growth parameters are estimated to fit
experimental tumor growth data. Immunotherapy is not included in this stage.

II. Immunotherapy calibration. Using the tumor-growth parameters from Stage I, we
estimate sensitive parameters related to the immunotherapy response, matching model
outputs to experimental immunotherapy data.

III. Protocol optimization. Starting from an initial protocol with fixed injection times and
dosages, we optimize treatment schedules to minimize the tumor cell population.

The main contributions of this manuscript are:

• A revised tumor–immune model that incorporates a more realistic tumor growth
function validated against experimental data, overcoming limitations of traditional
growth laws.

• Data-driven identification of model key parameters, including the immune-response
delay, using metaheuristics.

• Optimization of DC vaccination schedules (dose and timing) using GA and PSO.
This leads to efficient therapeutic protocols, requiring fewer doses while preserving
therapeutic control.

By explicitly addressing the unresolved issues in dosing schedule design, growth-model
realism, and limitations of classical optimal control, this study provides a robust computational
framework to guide the rational optimization of dendritic cell immunotherapy.

This rest of the paper is organized as follows. Section 2 presents a mathematical model
describing the interaction between the immune system and tumor growth. Based on this
model, an adaptation of the tumor growth law is proposed, using a generic growth formu-
lation that more accurately approximates the observed tumor growth dynamics. Section 3
formulates the optimal control problem, where the therapeutic protocol is represented
by fixed-dose injections administered at selected time points. The goal is to identify the
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injection times that minimize the area under the tumor-cell population curve. This opti-
mization problem is addressed using the GA and PSO metaheuristic methods, for which
a brief overview of their fundamental principles is also provided. Section 4 presents the
identification of tumor growth parameters, the estimation of parameters associated with
dendritic cell immunotherapy, and the determination of optimal administration protocols,
all obtained using the aforementioned metaheuristic techniques. Section 5 discusses the
results and highlights the contributions of this work in comparison with previous stud-
ies. Finally, Section 6 concludes the paper with the main findings and perspectives for
future research.

2. Mathematical Model
A mathematical model describing the interaction of the immune system with tumor

growth considering the dynamics of dendritic cell immunotherapy is presented in [8]. The
model describes the dynamics of the following key elements of the tumor-immune interaction:

• Cancer or tumor cells, represented by T.
• CD4 helper T-lymphocytes, denoted by H.
• CD8 cytotoxic T-lymphocytes, represented by C.
• Mature dendritic cells loaded with tumor-associated antigen, denoted by D.
• Interleukin IL-2, represented by I.
• Transforming growth factor Fβ, which is an inhibitor of T-lymphocytes.
• Interferon gamma Fγ, which regulates the major histocompatibility complex of class I.
• The number of receptors of the Major Histocompatibility Complex (MHC) class I,

denoted by MI , involved in the process of antigen presentation. The MHC class I
molecules are housed in the dendritic cell. Their primary function is to present protein
fragments produced inside dendritic cells to T-lymphocytes, so the adaptive immune
system attacks cells that present protein fragments foreign to the organism.

The model proposed in [8] is defined by:

dT
dt

= rTT ln
(

KT
T

)
− aTCT

(
MI

eT + MI

)( aT βFβ + eT β

eT β + Fβ

)
, (1)

dH
dt

= aH + rH DH
(

1 − H
KH

)
− µH H, (2)

dC
dt

= aC + rC IC
(

1 − C
KC

)
− µCC, (3)

dD
dt

= −µDCD + u, (4)

dI
dt

= −µICCI + rI DH − µI I, (5)

dFβ

dt
= rTβT − µβFβ, (6)

dFγ

dt
= aγCC − µγFγ (7)

dMI
dt

=
aMIγFγ

eMIγ + Fγ
+ gMI − µMI MI . (8)

The notation used in the model described by (1)–(8) is defined in Table 1.



Appl. Sci. 2025, 15, 13233 5 of 22

Table 1. Notation for the parameters of model (1)–(8).

Symbol Model Parameter

rT Tumor growth rate
KT Tumor carrying capacity
aT Maximal cytotoxic cell efficiency
eT Michaelis-Menten constant

aT,β Maximal reduction effect of Fβ on CD8 T-cell
eT,β Dependence of CD8 T-cell efficiency on Fβ

aH CD4 T-cell birth rate
µH CD4 T-cell death rate
rH Maximum CD4 T-cell proliferation rate
KH Carrying capacity of CD4 T-cell
aC CD8 T-cell birth rate
µC CD8 T-cell death rate
rC Maximum CD8 T-cell proliferation
KC CD8 T-cell carrying capacity
µD Dendritic cell death rate
rI Production of Interleukin-2 by CD4 T-cells

µIC Consumption of Interleukin-2 by CD8 T-cells
µI Degradation rate of Interleukin-2
rTβ

Production rate of Fβ

µβ Degradation rate of Fβ

aγC Release rate of Fγ for single CD8 T-cell
µγ Degradation rate of Fγ

gMI Receptor production
aMIγ Maximal effect of Fγ

eMIγ Michaelis parameter
µMI Degradation rate of MI

The first right-hand side term of Equation (1) represents the Gompertz growth law.
The second term represents the elimination of tumor cells by CD8 T-cells considering the
transforming growth factor Fβ and the efficiency of MHC class I receptors.

In (2), the second right-hand side term represents the activation of CD4 T-cells by
dendritic cells considering the Verhulst growth law while the third one represents the
natural decrease of CD4 T-cells.

In (3), the second right-hand side term represents CD8 T-cell activation due to IL-2
interleukin considering Verhults growth law while the third one represents the natural
decrease of CD8 T-cells.

In (4), the first right-hand side term represents the elimination of dendritic cells by
CD8 T-cells, while the third one, represents the control input, corresponding to the external
administration of dendritic cell immunotherapy treatment.

In (5), the first right-hand side term represents interleukin IL-2 that CD8 T-cells
consume, the second one represents interleukin produced by the interaction between
dendritic cells and CD4 T-cells, and the third right-hand side term represents the natural
decrease of Interleukin IL-2.

In (6), the the first right-hand side term represents the secretion of transforming growth
factor that is proportional to the number of tumor cells while the second one indicates the
natural degradation of transforming growth factor.

In (7), the first right-hand side term represents the production of interferon gamma,
proportional to CD8 T-cells while the second one represents the natural degradation of
interferon gamma.

Finally, the first right-hand side term of Equation (8) represents the activation of the
number of receptors MI stimulated by interferon-gamma following Michaelis-Menten
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kinetics while the third one represents a natural decrease in the activation of the number
of receptors.

Based on the above model, in this paper, we propose to replace the first term
of Equation (1), which corresponds to the Gompertz growth law describing the tumor
cells growth:

rTT ln
(

KT
T

)
,

with the generic growth law described in [23]:

rTTα

(
1 −

(
T

KT

)β
)γ

, (9)

where β > 0, γ > 0, α = 1 + β(1 − γ) and γ < 1 + 1
β .

As derived in [23], the inflection points for Logistic and Gompertz growth laws are
mathematically fixed at 50 % and 36.8 % of the carrying capacity KT (the maximum
tumor cell population that the host mouse tissue can sustain given limitations in nutrients,
space, and vascular support), respectively. The use of the generic growth law allows
for a variable inflection point, providing the necessary flexibility to capture the specific
asymmetric growth dynamics of the B16 melanoma, which rigid models fail to approximate
accurately. The key advantage of using generic growth law is that it provides a more
accurate representation of tumor growth dynamics. It describes a sigmoidal growth curve
in which the initial growth rate is rapid, gradually decreasing as the tumor population
approaches its carrying capacity and eventually saturates.

Compared to the Gompertz growth law, the generic growth law offers greater struc-
tural flexibility, enabling a better fit to experimental data by dynamically adjusting the
timescales of both the inflection point and the saturation phase. Specifically, the generic
growth law (9) encompasses a broad family of growth laws as special cases via variation of
its shape parameters α, β, and γ. It reduces to the Richards growth law when α = β = 1,
the classical logistic growth law when α = β = γ = 1, the Von Bertalanffy growth law
when α = 2/3, β = 1/3, γ = 1, and the exponential growth law when α = 1, γ = 0.
This parametric generalization enables the representation of a wide spectrum of growth
behaviors observed in biological systems, thereby capturing empirical tumor kinetics more
accurately than standard fixed-form models.

Figure 1 presents the fit of three tumor growth law curves to the experimental data
described in Section 4.1 for the mice control group. In [8], the Gompertz model was used
with KT = 1 × 1012 cells. This value is biologically unrealistic, as it corresponds to a tumor
load approximately 62.5 times the maximum capacity a mouse can sustain before death [7].
As a result, the fitted rT parameter is also not physiologically meaningful. For comparison,
Figure 1 also displays the fitted logistic and generalized growth models, with their trajec-
tories determined by the employed specific parameterizations. To quantitatively assess
model performance against the experimental data, we report the Normalized Root Mean
Square Error (NRMSE) for each fit, which is directly indicated in the legend of each plot.
NRMSE quantifies the average deviation between model predictions and observations
relative to the data scale and is often expressed as a fraction or percentage. Lower NRMSE
values indicate greater agreement between the model and the experimental data.
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Figure 1. Generic, logistic and Gompertz growth law curves.

The model adapted from [8] is described by:

dT
dt

= rTTα

(
1 −

(
T

KT

)β
)γ

− aTCT
(

MI
eT + MI

)( aT βFβ + eT β

eT β + Fβ

)
, (10)

dH
dt

= aH + rH DH
(

1 − H
KH

)
− µH H, (11)

dC
dt

= aC + rC IC
(

1 − C
KC

)
− µCC, (12)

dD
dt

= −µDCD + u(t − τ), (13)

dI
dt

= −µICCI + rI DH − µI I, (14)

dFβ

dt
= rTβT − µβFβ, (15)

dFγ

dt
= aγCC − µγFγ, (16)

dMI
dt

=
aMIγFγ

eMIγ + Fγ
+ gMI − µMI MI . (17)

The time-delay parameter τ denotes the elapsed biological time between vaccine
administration and the onset of an effective adaptive anti-tumor response, rather than a
mere temporal shift in the control input as done in [8]. In murine models, DCs reach the
draining lymph nodes 1–3 days after injection [24], initiating the presentation of antigens
and the priming of T cells. Antigen-specific CD8 T-cell expansion subsequently peaks
between days 7 and 14 [25], establishing maximal cytotoxic capacity. The delay parameter
τ, therefore represents the cumulative time required for this cascade, from vaccination
through to dendritic cell trafficking, T-cell activation, clonal expansion and infiltration into
tumor tissue, before immune-mediated tumor growth modulation becomes measurable.
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3. Optimal Control Problem
As explained above, immunotherapy treatment can be modeled through the differ-

ential equation system defined in (10)–(17), which can be represented as ẋ = f (x, u),
where

x = [T, H, C, D, I, Fβ, Fγ, MI ]
T ,

is the state vector and u represents the administration of therapy.
Consider an injection scheme s given by:

s = {t1, t2, . . . , tn}, (18)

such that t0 < t1 < . . . < tn < t f , where t0 is the fixed initial time and t f is the fixed
time horizon.

The considered therapeutic protocol consists of n injections, each with a dose of size V
administered at the instants indicated in s.

Let E be the space of immunotherapy schemes, then for a particular scheme e ∈ E,
the control variable takes the form:

u(t) = e f V(δ(t − t1) + . . . + δ(t − tn)),

where the injections are approximated with an impulse given by the Dirac function δ(·)
multiplied by the dose size V and by the percentage of dendritic cells that effectively
activate the immune response e f .

Consider a cost function of the form

J =
∫ t f

t0

L
(
x(t, u), u(t)

)
dt, (19)

where L is the running cost. The optimal control problem, which is of Lagrange type,
consists of determining a protocol e ∈ E of n injections that minimize the area under the
curve of tumor cells, T, that is,

min
u∈U

∫ t f

t0

T
(
x(t, u), u(t)

)
dt, x(t0) = x0, (20)

where U represents the class of admissible controls.
This is a complex problem due to nonlinear, non-convex, and time-dependent tumor-

immune interactions. Classical optimal control methods, like Pontryagin’s Principle, strug-
gle with discrete injection schedules and delayed immune responses, often requiring
differentiability and getting trapped in local optima. Metaheuristic algorithms constitute
an alternative for solving this problem by efficiently handling continuous and discrete
variables, offering greater flexibility and robustness than traditional methods.

3.1. Metaheuristics: Basic Concepts

Metaheuristics are high-level computational strategies designed to efficiently explore
complex and multidimensional solution spaces, particularly in problems where exact
methods are unfeasible. Inspired by natural phenomena, from biological evolution to
swarm behavior, these algorithms seek to approximate optimal solutions by balancing
exploration (broad search of the solution space) and exploitation (local refinement of
promising solutions) [26]. Their flexibility makes them ideal tools for the complex problem
under consideration. To address the problem presented in this paper, we take advantage of
GA and PSO.
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3.1.1. Genetic Algorithm

The GA is a population-based metaheuristic inspired by biological evolution. It
seeks to solve a task by selecting the best-performing individual (single solution) from the
population (ensemble of solutions) [19]. The GA technique starts by creating a random
initial population of n solutions and then creates the next generations or new populations
by performing the following steps.

1. Evaluate the cost function for each member (individual) of the current population
and assign a cost value to each.

2. Some of the best individuals from the current generation are passed on to the next
generation (called an elitist selection strategy). The elitist strategy ensures that the
quality of solutions does not decrease during the sequence of new generations.

3. Select individuals called parents to produce new individuals called offspring; indi-
viduals with better cost values are more likely to be parents in each selection process.
Individuals are chosen based on sampling with replacement, so that an individual
can be chosen several times.

4. Combine the entries of a pair of parents selected using crossover rules to produce two
new offspring, which are passed on to the next generation.

5. Change some entries of a single selected parent using mutation rules to create new
offspring called mutants.

6. The algorithm stops when a stopping criterion is met.

The process runs iteratively up to a maximum number of generations or until the
performance of the new generation is no longer significantly superior to that of the previous
generation. When this stopping criterion is met, the best-performing individual of the last
generation is the near-optimal solution.

3.1.2. Particle Swarm Optimization Algorithm

The PSO algorithm is also a population-based metaheuristic, it relies on the collec-
tive behavior of individuals working together to improve their individual and collective
performance. PSO is particularly effective for high-dimensional optimization problems
with complex or non-differentiable cost functions, such as those commonly encountered in
real-world engineering and biological systems [20].

In PSO, a population (swarm) of particles explores the search space, where each particle
represents a candidate solution. Each particle has a position and a velocity. The position
represents a candidate solution in the search space; it is a vector encoding the values of the
decision variables. The velocity determines the direction and magnitude of the movements
of the particles during the search process [20].

The main steps of PSO are:

1. Initialization. It covers the following aspects:

• Create a random population of particles and set initial velocities within speci-
fied limits.

• Evaluate the cost function for each individual in the created population.
• Establish the best personal position pbest (best solution found by a particle so

far) as its initial position and the best global position gbest (best solution found
by any particle in the population so far).

2. Speed update. At each iteration of the algorithm, the speed of each particle is updated
based on three components:

• Inertia. Maintains the current direction of the particle.
• Cognitive component. Attracts the particle towards pbest.
• Social component. Attracts the particle towards gbest.
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3. Position update. The position of each particle is updated by adding its new velocity
to its current position.

4. Evaluation and update of pbest and gbest. The cost function is evaluated for the new
position of each particle. If the new position is better than its pbest, pbest is updated.
If the new position is better than gbest, gbest is updated.

5. Iteration. The process is repeated until a termination criterion, such as a maximum
number of iterations or convergence to a satisfactory solution, is met.

6. Termination. The best global position gbest that PSO finds is the near-optimal solution.

4. Optimization with Metaheuristics
The results presented in this section cover the following aspects:

1. Identification of parameters related to tumor growth.
2. Identification of parameters related to DC immunotheraphy.
3. Determination of optimal protocols for the administration of DC immunotherapy.

4.1. Experimental Background

Before presenting the results, it is important to provide the details about the experi-
mental data related to dendritic cell immunotherapy.

In [27], an immunotherapy was implemented using bone marrow-derived dendritic
cells (BMDCs) from C57BL/6 mice, which were incubated in vitro with the MG-CSF
protein [28] to differentiate dendritic cells and with the antigen MAGE-AX [29] to stimulate
the immune response. Melanoma formation was induced using 6× 104 cancer cells from the
B16/F10 line [30], which were inoculated subcutaneously in 10 mice from the C57BL/6 line.

Dendritic cell therapy began one week after tumor induction; 1 × 106 dendritic cells
were inoculated subcutaneously in each mouse once a week for 3 weeks. In the same way,
another 10 mice of the C57BL/6 line were used, in which the formation of melanomas
was induced with 6 × 104 cells of the B16/F10 line. However, they did not receive treat-
ment with dendritic cells, which allowed data on tumor growth without immunotherapy
(control group).

Tumor growth was measured with and without immunotherapy using a vernier caliper
beginning the seventh day after tumor cells were injected. Then, it was measured every
two days from the tenth day until the mice died or at week 5 when they were sacrificed.
Figure 2, shows in blue, the average tumor growth without immunotherapy in the control
group mice reported in [8]. The biological results show that mice die when the tumor
reaches a diameter of 4.3 cm (approximately 1.6×1010 tumor cells) [7]. For this reason, this
number of tumor cells was considered as the tumor carrying capacity KT , this value is
displayed as a horizontal purple line in the figures of this section.

A tumor is considered in remission or decreasing if it does not overlap Tmax = 3.7× 109

cells [18], this value is displayed as a horizontal green line in the following figures.
It is important to point out that [8] determined that the most sensitive parameters for

the model defined by Equations (1)–(8) are rT , aT , and τ. In this sense, we propose the
use of GA and PSO metaheuristics to identify numerical values for these parameters that
allow a better fit to the curve defined by the experimental data. Besides, since the tumor
growth dynamics was modified from (1), by considering a generic growth law in (10),
the numerical values of the parameters β and γ must be also identified using the average
growth curve of the mice control group. The parameters identification is divided in two
stages. The first one does not consider immunotherapy, the parameters rT , β and γ, related
to the tumor growth, are identified. The second stage takes into account the dendritic cell
immunotherapy, the parameters aT , e f and τ, related to the treatment, are identified.
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Once the numerical values of the parameters rT , β, γ, aT , e f , and τ are identified,
the GA and PSO metaheuristics are implemented to generate a vector of infusion times
for optimal therapy, taking as reference a vector of infusion times for an initial or random
therapy, thus solving the optimization problem for immunotherapy scheduling.

4.2. Identification of Parameters Without Immunotherapy

In this stage, the parameters identification aims at accurately reproduce the behavior
of tumor growth in the absence of immunotherapy. As previously discussed, the generic
growth law (9) was chosen to model tumor cell proliferation. The constants β and γ in this
model must be calibrated to fit the experimental growth curve, while α can be derived from
these parameters. Therefore, the parameters selected for identification are β, γ, and the
tumor growth rate rT , which has been shown to exhibit high sensitivity in tumor growth
dynamics, as reported in [8].

Initial values for β and γ were taken from [23], i.e., β = 1 and γ = 1. The initial
value for the tumor growth rate was set to rT = 0.002 h−1, as considered in [8]. The initial
condition was defined as T(0) = 6 × 104 cancer cells. Additionally, the tumor carrying
capacity was set to KT = 1.6 × 1010 cancer cells, which represents a more realistic scenario
compared to value of 1 × 1012 considered in [8].

Initially, the simulated tumor growth curve diverges significantly from the experi-
mental data, yielding a NRMSE of 0.3925. This discrepancy is expected, as parameter
identification has not yet been performed.

The GA and PSO metaheuristics were implemented in MATLAB R2024b, using
Simulink, as well as Parallel Computing and Global Optimization Toolboxes [31]. The ob-
jective is to minimize the NRMSE between the experimental average tumor growth curve
and the interpolated simulation results from the generic growth law.

For the GA, the search space was defined as follows: rT ∈ [0.0015, 0.025] h−1,
β ∈ [1, 15], and γ ∈ [1, 1.1]. The algorithm was configured with a population of 80 individ-
uals. The initial population was generated uniformly within the defined bounds. Parent
selection was performed using a tournament-based strategy, and a Laplace-type crossover
operator was applied. In each generation, half of the new individuals (excluding elite
offspring) were produced through crossover. The algorithm stops after a maximum of
250 generations or when no improvement in the average trend of the cost function was
observed over the last five generations.

The GA converged at the 31st generation, yielding the following identified parameters:
β = 2.5316, γ = 1.0059, and rT = 0.0243 h−1, with an NRMSE of 0.0807. Figure 2 compares
the resulting tumor growth simulation (red curve) with the experimental data from [8].
Note that the tumor growth saturates at the carrying capacity KT = 1.6 × 1010.

The PSO algorithm was also configured with 80 particles and utilized the same search
space and initial conditions as the GA. The initial positions were generated uniformly.
The maximum number of iterations was set to 60, with early stopping triggered by a lack
of improvement in the average cost function over five iterations.

The PSO algorithm converged after 11 iterations yielding the following parameter
values: β = 7.5235, γ = 1.0002, and rT = 0.0191 h−1, achieving a NRMSE of 0.0579.
Figure 3 shows the comparison between the experimental data and the simulation based
on the parameters obtained via PSO.
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Figure 2. Simulated tumor cell growth (without immunotherapy) using GA-identified parameters,
compared to experimental data.
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Figure 3. Simulated tumor cell growth (without immunotherapy) using PSO-identified parameters,
compared to experimental data.

Notably, the PSO algorithm achieved a lower NRMSE than the GA, indicating a better
fit to the experimental data. Therefore, the parameters identified using PSO will be used in
the next stage of the parameter identification process.

4.3. Identification of Parameters with Immunotherapy

As described in [8], an effective dendritic cell immunotherapy protocol for reducing
tumor cell burden within a relatively short time consists of administering 1 × 106 dendritic
cells once a week for three consecutive weeks, i.e., specifically at 168, 336, and 504 h.

To replicate the experimental results under this therapeutic protocol, the mathematical
model defined by Equations (10)–(17) is employed. At this stage, parameter identification
focuses on those associated with dendritic cell immunotherapy: the maximal cytotoxic cell
efficiency aT , the percentage of dendritic cells that effectively activate the immune response
e f , and the time delay τ involved in the activation of effector cells after immunotherapy ad-
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ministration. As in the previous phase, the GA and PSO metaheuristics were implemented
to fit the experimental data reported in [8].

The previously identified parameters via PSO (β = 7.5235, γ = 1.0002, and
rT = 0.0191 h−1) were retained, along with the tumor carrying capacity KT = 1.6 × 1010

cancer cells. The remaining model parameters are listed in Table 2.
Initial values for aT , e f , and τ were taken from [8]: aT = 0.1136 h−1, e f = 0.05,

and τ = 232 h. The initial conditions considered were: T(0) = 6 × 104 cancer cells,
H(0) = 0, C(0) = 0, D(0) = 0, I(0) = 0, Fβ(0) = 0, Fγ(0) = 0, and MI(0) = 0 receptors.

With these initial parameter values, a NRMSE of 0.3539 with respect to the experimen-
tal data is obtained. To improve the accuracy of the model, GA and PSO metaheuristics
were implemented to minimize the NRMSE between the experimental average tumor
growth curve of the treated mice and the interpolated tumor cell population T obtained
from simulations of the model (10)–(17).

Table 2. Numerical values of the parameters for system (10)–(17).

Parameter Numerical Value

eT 50 c−1

aT,β 0.69
eT,β 104 pg
aH 10−4 ch−1

µH 0.005 h−1

rH 1 c−1h−1

KH 1 c
aC 10−4 ch−1

µC 0.005 h−1

rC 4 × 10−7 c−1h−1

KC 1 c
µD 9.625 × 10−3 h−1

rI 10−2 c−1h−1

µIC 10−7 c−1h−1

µI 10−2 h−1

rTβ
5.57 × 10−6 pg(ch)−1

µβ 6.93 h−1

aγC 1.02 × 10−4 (pg)c−1mL−1h−1

µγ 0.102 h−1

gMI 1.44 (rec)c−1h−1

aMIγ 2.89 (rec)c−1h−1

eMIγ 3.38 × 105 pg
µMI 0.0144 h−1

The search space for both GA and PSO metaheuristics was defined as follows:
aT ∈ [0.05, 0.2] h−1, e f ∈ [0.001, 0.037], in accordance with the experimentally observed
range reported in [24], and τ ∈ [200, 400] h.

The configuration of the GA and PSO metaheuristics (population size, initialization
method, parent selection strategy, crossover type, generation structure, and stopping
criteria) and the cost function were kept identical to that used in the previous stage.

The GA converged at the 15th generation, yielding the following parameter values:
aT = 0.1190 h−1, e f = 0.0283 c, and τ = 266.48 h, with a corresponding NRMSE of 0.0809.
Figure 4 presents the simulation results obtained with these parameters in conjunction with
the experimental data from [8].

The PSO algorithm converged at the 13th iteration, identifying the following parame-
ters: aT = 0.1514 h−1, e f = 0.0347 c, and τ = 335.4283 h. The resulting NRMSE was 0.0791.
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Figure 5 displays the corresponding simulation results for tumor cell dynamics using the
parameters identified via PSO.

As in the previous phase, the parameter set obtained by PSO yielded the lowest
NRMSE value and will therefore be adopted for the optimization of the immunother-
apy protocol.

It is important to emphasize that the protocol under study achieves a notable reduction
of tumor cells. However, experimental results indicate that, at its peak, tumor burden
reaches a level close to the sacrifice threshold. The goal of the immunotherapy optimization
approach presented in the next section is to improve these outcomes by ensuring that tumor
cell levels remain below those observed with the current protocol.
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Figure 4. Calibration of the system (10)–(17) to experimental data using GA.
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Figure 5. Calibration of the system (10)–(17) to experimental data using PSO.

It should be noted that although tumor regression or elimination can be achieved,
cancer recurrence is observed, that is, tumor cells eventually resume growth, and the
resulting curve tends to saturate near the carrying capacity KT = 1.6 × 1010 of cancer cells,
reflecting the behavior seen in real biological systems.
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4.4. Scheduling Optimization of Dendritic Cell Immunotherapy

Once the parameter values enabling a reliable reproduction of tumor cell dynamics
were identified (by fitting the experimental data from the immunotherapy described in the
previous section), we assert that the mathematical model defined in Equations (10)–(17)
is biologically appropriate for deriving optimized therapeutic schedules from an initial
baseline protocol.

To determine an optimal administration schedule that enhances the efficacy of den-
dritic cell immunotherapy, it is necessary to define a suitable cost function. In this study, we
consider the minimization of the area under the curve (AUC) of tumor cells T. The AUC
is computed by evaluating the tumor cell population over time, given a candidate set of
injection times (see Equation (20)).

Assuming a fixed dose per injection, metaheuristic optimization algorithms are used
to identify the optimal set of administration times s that minimizes the cost function.
The cardinality of the set s, that is, the number of injections, is also fixed throughout the
optimization process.

As initial schedule, we adopt the protocol proposed in [8], which consists of four
dendritic cell injections, each with a dose of V = 6 × 105 cells, administered at

s = {0, 230, 460, 690} hours.

This schedule serves as a reference due to its reduced total dose compared to the
experimental scheme presented in [27] (1 × 106 dendritic cells once a week for 3 weeks).
Accordingly, the number of injection times is set to four, and the individual dose remains
fixed (V = 6 × 105).

The parameter values used in the simulations correspond to those identified in the
previous stages: β = 7.5235, γ = 1.0002, rT = 0.0191 h−1, aT = 0.1514 h−1, e f = 0.0347 c,
and τ = 335.4283 h. The remaining parameters are adopted from [8] (see Table 2), with the
exception of the tumor carrying capacity, which is set to KT = 1.6 × 1010 cells.

The optimization problem is solved in a search space E ⊂ R4. Once a solution is
found, the injection times are ordered in ascending sequence to comply with the scheduling
constraints defined in (18).

To simulate tumor-related mortality, a Simulink block was implemented such that
when the tumor population exceeds 95% of its carrying capacity KT , it remains constant at
that level for the remainder of the simulation, thereby ignoring the effects of subsequent
dendritic cell administrations.

Figure 6 illustrates the tumor cell dynamics under the initial protocol. Over a 5000-h
simulation window, the area under the tumor cell curve is 2.8372 × 1013 cell·h.

To optimize the administration schedule, the metaheuristic algorithms GA and PSO
were implemented. The algorithm parameters and initial conditions were set identically to
those used in the previous stages.

The GA converged after 113 generations, yielding the optimized schedule

s = {0.0014, 0.1548, 1342.1, 2270.2} hours.

This result suggests an effective strategy of three injections: one at time zero with a
double dose (V = 1.2 × 106), and two subsequent injections at standard dose. The corre-
sponding tumor growth is shown in Figure 7, with a reduced AUC of 1.3599 × 1013 cell·h.
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Figure 6. Tumor growth under the initial therapy over a 5000-h simulation period.
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Figure 7. Tumor growth under the optimized therapy obtained via GA, over a 5000-h time window.

The PSO algorithm converged after 11 iterations, yielding a schedule

s = {0.5, 18.6485, 1341.5, 2254.1} hours.

The corresponding tumor dynamics are presented in Figure 8, with an AUC of
1.3668 × 1013 cell·h.

It is noteworthy that both optimization strategies converged to similar therapeutic
schedules. Specifically, the outcomes suggest the administration of three injections: an
initial one with a double dose at the beginning of the treatment, followed by two standard-
dose injections at approximately 1342 h (59 days) and 2270 h (94 days).
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Figure 8. Tumor growth under the optimized therapy obtained via PSO, over a 5000-h time window.

Table 3 summarizes the numerical differences between the baseline protocol and the
optimized schedules. The table reports the AUC values and percentage reductions in AUC
over a 5000-h window, as well as number of injections and total administered dose for each
protocol. These results show that both GA and PSO produce substantial reductions in tumor
burden—approximately 52% relative to the baseline—without increasing the total dendritic
cell dose. This table complements the visual comparison provided in Figures 7 and 8 and
highlights the magnitude of improvement achieved through optimization.

Table 3. Comparison between the baseline protocol and the optimized schedules obtained via GA
and PSO.

Protocol AUC (Cell·h) Reduction (%) Injections Total Dose

Baseline [8] 2.8372×1013 – 4 2.4 × 106

GA-Optimized 1.3599×1013 52.1% 3 2.4 × 106

PSO-Optimized 1.3668×1013 51.8% 3 2.4 × 106

5. Discussion
This section highlights the contributions of the obtained results in comparison to

previous studies, particularly those presented in [8,18]. Furthermore, it emphasizes the
limitations of the considered mathematical model.

As discussed in Section 2, the adoption of the generic growth law yields a more realistic
representation of tumor progression compared to the traditional Gompertz growth law.
Although both models predict that the tumor cell population saturates at the carrying
capacity KT , the value used in [8] (KT = 1.6 × 1012) does not align with experimental
observations, indicating that host death (mouse) occurs when the tumor cell count reaches
approximately T = 1.6 × 1010.

As presented in Section 4.2, the optimized value of the tumor growth rate (rT = 0.0191)
is an order of magnitude greater than the value reported in [8], suggesting that the Gom-
pertz model is insufficient to reproduce realistic tumor dynamics. This substantial difference
further supports the use of the generic growth law.

In light of the updated value for KT and the estimated growth rate rT , it was nec-
essary to re-optimize the sensitive model parameters aT , τ, and e f , as identified in [8].
The optimized values for the maximal cytotoxic efficiency of immune cells (aT = 0.1190 h−1

with GA and aT = 0.1514 h−1 with PSO) are close to the previously reported value
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(aT = 0.1136 h−1). However, the identified values for the time delay τ and the effective acti-
vation rate of dendritic cells e f differ significantly: GA yields τ = 266.48 h and e f = 0.0283 c,
while PSO yields τ = 335.43 h and e f = 0.0347 c, in contrast to the values considered
in [8] (τ = 232 h and e f = 0.05 c). Importantly, both parameters were estimated within
experimentally supported ranges, ensuring that the optimized values remain biologically
plausible and do not require extrapolation beyond experimentally observed limits. To ver-
ify that the fitting procedure did not compensate for structural bias, we compared the
quality of fit using the original versus optimized parameters. With the original parameters,
the NRMSE between the simulated immunotherapy response and experimental data was
0.3539, while the optimized parameters reduced the NRMSE to 0.0791, representing a 78%
improvement in model performance. Moreover, independent optimization runs using
both GA and PSO consistently converged to similar parameter regions, indicating that the
optimized values are intrinsic to the model-data relationship rather than artifacts of local
minima or compensatory tuning.

Regarding the model identifiability, the presented analyses suggest that practical
non-identifiability is minimal. GA and PSO converged to the same region across repeated
runs, and the parameters of interest affect distinct temporal features of the tumor–immune
dynamics. This separation in influence reduces the likelihood of interchangeable solutions.
The substantial reduction in NRMSE further supports reliable parameter calibration. In sum-
mary, while no nonlinear biological model is entirely immune to partial non-identifiability,
the combined evidence from independent algorithms, repeated optimizations, and the
distinct dynamical roles of parameters indicates that the calibrated values for the system
parameters are robust, biologically grounded, and practically identifiable, rather than
artifacts of structural bias or overfitting.

A further contribution of this work is the substantial reduction in both the number
of administrations and the total dendritic-cell dose required to achieve tumor control.
The PSO and GA optimized protocols obtained here recommend three injections within a
3000-h window: an initial dose of 1.2 × 106 DCs followed by two boosters of 6 × 105 DCs,
for a total of 2.4× 106 DCs. This dose efficiency contrasts sharply with previously proposed
strategies. In [7], tumor eradication was observed only for doses ≥ 1 × 107 DCs, regardless
of the dosing interval tested (48–192 h), far exceeding the doses used in our optimized
protocol. In [8], an initial four-dose schedule was optimized into two injections: a large
pulse of 1.8 × 106 DCs at t = 303 h and a second dose of 6 × 105 DCs at t = 879 h, totaling
2.4 × 106 DCs over a 1000-h horizon, matching our total dose but over a shorter treatment
window. Finally, in [18], the optimized protocol consists of 53 injections of 1.93548 × 105

DCs each, administered over a 5000-h time window, yielding a total dose of 1.0258 × 107

DCs, more than four times higher than the dose required by our optimized schedules.
Taken together, these comparisons indicate that the protocols derived in this work achieve
tumor control with substantially fewer injections and markedly lower cumulative doses
than those previously reported in the literature.

Figures 7 and 8 show that, using the optimized protocols, the tumor cell population
remains below the decrease threshold for approximately 4000 h and stabilizes below
the experimental sacrifice threshold thereafter. These outcomes are markedly improved
compared to those reported in [8,18].

The optimal dosing schedules result in very long gaps between doses (an initial double
dose at the beginning of treatment, followed by two injections at approximately 59 and
94 days). This extended spacing does not depend on the persistence of DCs themselves,
which have a limited lifespan of 3–7 days in lymphoid tissues [32]. Instead, the efficacy
of these schedules relies on the capacity of injected DCs to prime and establish long-lived
memory T-cell populations during their brief window of activity [33]. Once activated by
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antigen-presenting DCs, a subset of CD8 T cells differentiates into memory cells that persist
for months in the absence of continuous antigenic stimulation [34]. Subsequent DC booster
doses do not require the survival of previous DC injections; instead, they recall and rapidly
re-expand these established memory populations [25].

Crucially, this long-term protection has been directly demonstrated experimentally in
models analogous to ours. In [35], vaccination with Bone marrow-derived dendritic cells
(BMDCs) loaded with B16 melanoma antigens induced protective immunity against tumor
rechallenge 60 days later. Similarly, Umansky et al. detected functional melanoma-specific
memory T cells in mice more than 20 weeks after vaccination with BMDCs [36]. These
studies confirm that standard BMDC vaccines can generate robust memory responses that
persist well beyond the 2–3 month intervals identified by our optimization, providing
strong biological validation of our computational results.

Despite adopting a more realistic immune activation efficiency (e f = 0.0347), the op-
timized protocols obtained via GA and PSO still achieve achieves tumor control for ap-
proximately 4000 h. This further emphasizes the robustness and clinical relevance of the
identified vaccination strategies.

The reactivation of tumor growth indicates the necessity of additional therapeutic
interventions to sustain long-term treatment efficacy.

The main limitations of the study related to the mathematical model are described below.

I. The model is deterministic and therefore cannot capture stochastic fluctuations, rare
events, or agent-level heterogeneity; stochastic differential equation approaches or
agent-based models would be required to quantify the influence of chance and spatial
structure on delayed regrowth and recurrence [37].

II. The model does not include explicit mechanisms for T-cell functional exhaustion or
progressive loss of effector function under chronic antigen exposure; incorporating
exhaustion dynamics or state-switching effector phenotypes may be essential for
predicting long-term tumor control [38,39].

III. Third, cytokine dynamics and cytokine-mediated toxicity (e.g., cytokine release syn-
drome) were not represented; including cytokine compartments and toxicity con-
straints would enable safety-aware optimization of vaccine dose and schedule [40].

IV. The model does not incorporate inter-individual variability in immune competence,
tumor antigenicity, or DC pharmacokinetics; population-level (mixed-effects) model-
ing or uncertainty quantification would be necessary to evaluate robustness and to
identify individualized dosing strategies [41].

V. Practical clinical constraints (such as patient adherence, clinic availability, and dis-
cretized injection times) were not included in the continuous-time optimization; in-
corporating feasibility constraints and discrete-time decision variables would better
approximate real-world implementation [42].

These limitations define clear avenues for future work, including stochastic or agent-
based extensions, exhaustion and cytokine submodels, population-based calibration,
and clinically feasible optimization frameworks.

6. Conclusions
The results presented in this paper suggest that metaheuristic optimization can be a

powerful tool for designing dynamic and adaptive treatment protocols. Future research
may explore alternative cost functions that incorporate clinically relevant criteria such
as toxicity, immune exhaustion, or patient-specific tumor characteristics. Additionally,
introducing full dose optimization, allowing injection sizes to vary rather than remain fixed,
could provide greater flexibility and lead to more effective treatment strategies. Moreover,



Appl. Sci. 2025, 15, 13233 20 of 22

randomized or adaptive vaccination schedules could be investigated to increase robustness
against biological variability or uncertainties in model parameters.

The framework presented here opens avenues for the development of more precise
and efficient immunotherapy strategies. In addition to optimizing treatment delivery,
the results highlight the potential for using mathematical models as decision-support
tools in oncology, guiding therapeutic interventions that maintain tumor dynamics within
controllable thresholds during and after the treatment period.
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