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ABSTRACT

This study presents a machine-learning—guided optimal control framework for adaptive
immunotherapy dosing, integrating a mechanistic Quantitative Systems Pharmacology (QSP)
model with surrogate learning and real-time policy optimization. The workflow combines state-

estimation—driven patient modeling, neural surrogate prediction for fast approximations, and KEYWORDS

either Model Predictive Control (MPC) or Reinforcement Learning (RL) to generate dynamic, Machine Learning—Guided
personalized dosing schedules that balance tumor reduction and toxicity constraints. The system Adaptive Dosing,

is evaluated using cost-runtime profiling, epoch-ratio convergence analysis, multi-metric Quantitative Systems
performance assessment, and decision-latency characterization to ensure real-time clinical Pharmacology (QSP),

feasibility. Results demonstrate that ML-accelerated control reduces compute burden by >30%,
improves tumor-reduction objectives by 15-25% versus baseline rule-based dosing, and
maintains latency within sub-100-ms limits required for online therapy adjustments. The
proposed hybrid ML-QSP adaptive dosing architecture provides a scalable foundation for
precision immunotherapy optimization, enabling safe, robust, and computationally efficient
treatment personalization.

Optimal Control,
Reinforcement Learning,
Model Predictive Control

1. Overview

A sophisticated mathematical model, known as the QSP model, is going to be developed in order to mechanistically
mimic the intricate and ever-changing interactions that take place between the tumour cells, the immune system, and the
immunotherapy treatment inside a software-based patient. This QSP model takes into account how the drug works and
how it gets into the body. It also looks at things like how the tumour grows, how various immune cells (such T cells) are
activated and multiply, and how the medicine works in the body. Then, this mechanistic simulation is integrated with Optimal
Control Theory (OCT) and Machine Learning (ML). Reinforcement Learning (RL) is a common method employed. The
machine learning part acts as a "controller" that looks at the current state of the QSP simulation (like the size of the tumour
and the levels of immune cells) and patient-specific factors over and over again. Its goal is to maximize therapeutic efficacy
(like getting rid of the tumour) while minimizing toxicity or adverse effects. It then figures out the best dosage and schedule
for the medicine (which is the same as the control input). This adaptive, closed-loop technology makes it possible to design
a highly personalized, precise dosage plan that can be changed in real time based on how the patient is responding. This
is more than just the idea of fixed, regulated treatment routines.

2. Introduction

Human cell life is regulated by intricate networks of interactions among molecular structures, signalling pathways,
and epigenetic modifications, whereby the multiscale system dictates cellular activity. However, these networks and their
inter-layer interactions can become compromised owing to disturbances, resulting in different disorders (Sever & Brugge,
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2015). Drug discovery is essential to contemporary medicine; nonetheless, the market introduction of pharmaceuticals is
often hindered by many factors, including insufficient comprehension of drug behaviour at the systemic level and
undesirable side effects (Yildirim et al., 2016). Understanding the mechanisms of disease networks, identifying new
therapeutic targets, and developing successful treatments necessitates the examination of individual components, such as
genes, RNA, or proteins, as dynamic systems across many scales (Kitano, 2002). The comprehension of biological
processes has been transformed by the advent of high-throughput technologies and the aggregation of biomedical data;
nonetheless, these data necessitate integrative and dynamic approaches to understand dataset repositories and expedite
novel discoveries. Another element to address is the interactions between drugs and their targets, as well as drug-drug
interactions, and their systemic implications. Pharmaceutical businesses and academic institutions use multiple techniques
for drug target identification (Fidler et al., 2019; Nijsen et al., 2018). Various modelling method for quantitative systems
pharmacology (QSP) have been established, Boolean, encompassing statistical (Bayesian), empirical curve fitting, spatio-
temporal (partial differential equations), temporal (ordinary differential equations), integrative, agent-based, and machine
learning techniques that facilitate the integration of molecular pathways with clinical outcomes and pharmacology (Geerts
et al., 2020). Integrating quantitative temporal and geographic data into QSP models can provide more precise predictions
of drug discovery targets, clinical outcomes, and pharmacokinetic/pharmacodynamic interactions. Numerous published
QSP models are formulated as multi-compartment nonlinear systems of ordinary differential equations (ODE) (Cheng et
al., 2017). Recent advancements in data-driven healthcare and biomedical research have emphasized the integration of
multi-omics data, machine learning, and clinical knowledge to better understand complex disease mechanisms and enhance
decision-making processes. In the context of cancer and immunotherapy, growing evidence highlights the role of
immunomodulatory and anticancer interventions, including bioactive compounds and oxidative stress regulation, in
improving therapeutic outcomes (Abu Issa et al., 2025).

Furthermore, lifestyle and behavioral health factors, such as physical activity and systemic health conditions, have
also been linked to disease progression and treatment effectiveness, reinforcing the need for holistic modeling approaches.
The rapid evolution of machine learning techniques in healthcare, including deep learning-based disease classification and
predictive modeling, has demonstrated significant potential in improving diagnostic accuracy and optimizing treatment
strategies. When combined with mechanistic frameworks such as Quantitative Systems Pharmacology (QSP), these
interdisciplinary advancements provide a comprehensive foundation for modeling tumor-immune interactions and enabling
adaptive, personalized therapeutic interventions in modern precision medicine.

The immense volume of data produced by contemporary technologies necessitates comprehensive strategies to
tackle pharmaceutical difficulties more effectively. The discipline of "big data" seeks to analyses information from statistics
that include complicated or enormous quantities of data (Talevi et al., 2020). An instance of big data used in drug
development is observational data, exemplified as Electronic Health Records (EHR), which include individuals' distinct
medical attributes such as test findings, comorbidities, therapies, and observed outcomes (Adler-Milstein et al., 2017). In
pharmaceutical research, ML has been utilized inside automated pipelines to facilitate and expedite preclinical wet-lab
investigations, drug discovery, and clinical trials. Opportunities exist to use ML techniques at practically every phase of
drug research and development (Vamathevan et al., 2019). For instance, it can employ ML to identify and validate new
targets (Costa et al., 2010; Jeon et al., 2014), uncover biomarkers (Mamoshina et al., 2018), forecast treatment responses
(Athreya et al., 2019), degeneration (TomaSev et al., 2019), anticipate disease progression (Lim & van der Schaar, 2018),
design and optimize small-molecule components (Riniker et al., 2014), and risk factors (Alaa & van der Schaar, 2018;
McCauley & Darbar, 2016), and enhance analyses of high-throughput imaging in computational pathology. ML can enhance
drug candidate development by pharmacokinetics, forecasting favourable physicochemical properties, effectiveness, and
safety (Wang et al., 2005; Yamashita et al., 2017).
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Figure 1: Application of ML in Supporting Challenges and Limitations of Quantitative System Pharmacology (Wang et al.,
2005).
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The application of ML techniques across various stages of quantitative systems pharmacology modelling, including
assessing risks relative to potential benefits for clinical decision-making, forecasting treatment responses, conducting
model simulations, analyzing database information, estimating model parameters, and predicting drug targets. Figure 1
represented the prospective domains where QSP modelling can gain advantages from ML techniques. Nonetheless,
significant prospects exist for the amalgamation of QSP models with ML to enhance drug development and
pharmacometrics overall. Therefore, cooperation among statisticians, QSP modellers, clinical pharmacologists, and ML
engineers is essential to fully use integrative methodologies and comprehensive data resources.

T cells are now recognized as central players in the immune surveillance and cytotoxicity against tumors (Waldman
et al., 2020). Over the last ten years, many categories of tumour immunotherapies leveraging T cell immunity, including T
cell engagers, immune checkpoint inhibitors (ICls), and adoptive cellular therapies, have arisen as potential therapeutic
treatments for cancer patients (Zhang & Zhang, 2020). In the tumour microenvironment, tumour cells, various immune
checkpoints (both inhibitory and stimulatory) present on T cells, and other immune cells interact dynamically. Typically, the
functions of inhibitory checkpoints prevail, leading to evasion of immune detection and suppression of the anti-tumor
immune response (He & Xu, 2020). Consequently, the domain of immune checkpoint inhibitors has garnered substantial
research attention and achieved considerable advancements, resulting in several authorized therapeutics across various
cancer types. In 2011, Ipilimumab, a "monoclonal antibody (mAb)" that targets "cytotoxic T-lymphocyte-associated protein
4 (CTLA4)", was the first "immune checkpoint inhibitor (ICI)" sanctioned by the U.S. "Food and Drug Administration
(FDA)" for the treatment of metastatic melanoma (Mansh, 2011). Programmed cell death ligand 1 (PD-L1)/Programmed
death receptor-1 (PD-1). This is another checkpoint axis that has been shown to play a crucial role in the regulation of T
cells. As a result, a number of approved blockbuster monoclonal antibodies (mAbs) that target the PD-1/PD-L1 pathway
have been developed, including pembrolizumab, nivolumab, durvalumab, and atezolizumab (Li et al., 2019; Wu et al,,
2019).The progress in immune checkpoint inhibitors (ICIs) has significantly altered the cancer therapy paradigm, with an
increasing number of studies and clinical trials exploring ICl combinations in recent years (Lim et al., 2021).

The efficacy and potential of immune checkpoint inhibitor (ICl) combinations in cancer therapy have spurred the
invention and development of bispecific antibodies (BsAbs) capable of concurrently targeting two distinct immune
checkpoints. By focusing on two immuno-modulatory checkpoints and pathways, distinct from the mechanisms of T cell
or NK cell engagers, such BsAbs can overcome the limits of classical monoclonal antibodies (mAbs) to more effectively
stimulate immune cell activation and improve anti-tumor effectiveness. In 2022, Cadonilimab, a bispecific antibody targeting
PD-1 and CTLA-4, got regulatory clearance in China for the treatment of patients with recurrent or metastatic cervical
cancer, representing the first approval of an immunomodulatory checkpoint-targeting bispecific antibody in clinical practice
(Keam, 2022). As interest in this field expands, a growing array of immuno-modulatory BsAbs targeting various
immunological checkpoints are advancing into clinical development, with over 60 BsAbs at various clinical stages and
several more in preclinical research (Klein et al., 2024; Zhang et al., 2023).

The primary elements of the QSP model included immune checkpoint-mediated interactions among T cells, tumour
cells, and antigen-presenting cells (APCs), in addition to in vivo drug pharmacokinetics and targeting. We concentrated on
the TCR-mediated signalling cascade and principal immunological checkpoints, including PD-L1, PD-1, CD80/CD86,
CD28, CTLA4, LAG3, CD155, TIGIT, 0X40L, 0X40, 4-1BBL, and 4-1BB, which are expressed on tumour cells, T cells, or
antigen-presenting cells (APCs) (Figure 1). T cell activation in the model transpires via the interaction of the TCR/CD3
complex with the “major histocompatibility complex (MHC)” on “antigen-presenting cells (APCs)” and tumour cells, with
the physical engagement of CD80/CD86 on APCs with CD28 on T cells., and 4-1BB (Bommhardt et al., 2019). The main
focus was on TCR-mediated cell signalling, which included important intracellular signalling proteins, transcriptional factors,
and activation mechanisms, such as PI3K, ZAP70, ERK, NF-kB, and AKT (Hwang et al., 2020). These cytokines, which can
be released from T cells by activated NF-kB, ERK, and AKT, can improve tumour cell death and stimulate T cell proliferation
(Jorgovanovic et al., 2020; Setrerrahmane & Xu, 2017).

Conversely, the regulatory effects of the immunological checkpoints are achieved by their equivalent interactions. An
example of an inhibitory immunological checkpoint is the binding of PD-1 to PD-L1 on tumour cells and APCs. This can
attract SHP2, which in turn downregulates the phosphorylation of ZAP70 and PI3K in the intracellular signalling of T cells,
leading to their deactivation (Wu et al., 2021). The binding of TIGIT on T cells to CD155 on tumour cells and antigen-
presenting cells (APCs) can downregulate the activation of ZAP70 and NF-kB in T cell intracellular signalling, hence inhibiting
T cell activation (Liu et al., 2022). The LAG3 checkpoint on T lymphocytes can cause the sequester of essential activating
adaptor proteins from their co-receptors CD4/CD8, therefore inhibiting the beginning of TCR-mediated signalling and
subsequent signal transduction (Hivroz, 2022). In contrast, stimulatory immunological checkpoints can augment T cell
growth and functionality. The model demonstrates that the interaction between 4-1BB and 4-1BBL elevates ERK and AKT
phosphorylation in T cell intracellular signalling, whilst the 0X40-0X40L interaction between antigen-presenting cells (APCs)
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and T cells enhances AKT and NF-kB phosphorylation, hence promoting T cell activation (Konstorum et al., 2019).
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Figure 2: Diagram Describing the Mechanistic Model Structure Including Tumor Cells, T Cells and Apcs (Xu et al.,
2025).

The model mostly examines the interactions of T cells, antigen-presenting cells (APCs), and tumour cells inside the
tumour microenvironment, including the interplay of several immunological checkpoints that might influence T cell
activation and anti-tumor cytotoxicity. mAbs and BsAbs treatments can interact with their respective immune checkpoints
to modulate these mechanisms, enhancing T cell responses and promoting tumour reduction. (B) the model following a
sequence that commences with cell signalling pathways, advances to in vitro cell co-culture, and culminates in vivo research
in mice.

The mouse model includes many modules, allowing it to precisely clarify the pharmacodynamics of various antibodies
in mice. At the cellular level, T lymphocytes can multiply and directly induce tumour cell apoptosis. The mechanisms of
various antibody treatments were outlined: that either directly bind and sequester (as in the case of blocking antibodies,
e.g., PD-1) or activate (as with activating antibodies, e.g., 4-1BB) their checkpoint targets, hence modifying checkpoint
interactions and signalling, especially in T cells. In vivo, pharmacokinetics of antibodies and the biodistribution were involved
to predict intratumoral drug concentration, and tumour growth inhibition over time can be simulated by combining all the
aforementioned modules into the QSP model.

3. Background Study

Substantial progress has been made in using deep learning for cancer detection and diagnosis in medical images.
Yet, there is limited success on prediction of treatment response and outcomes, which has important implications for
personalized treatment strategies.

A significant hurdle for clinical translation of current data-driven deep learning models is lack of interpretability, often
attributable to a disconnect from the underlying pathobiology. Here, we present a biology-guided deep learning approach
that enables simultaneous prediction of the tumor immune and stromal microenvironment status as well as treatment
outcomes from medical images. We validate the model for predicting prognosis of gastric cancer and the benefit from
adjuvant chemotherapy in a multi-center international study. Further, the model predicts response to immune checkpoint
inhibitors and complements clinically approved biomarkers. Importantly, our model identifies a subset of mismatch repair-
deficient tumors that are nonresponsive to immunotherapy and may inform the selection of patients for combination
treatments (Jiang et al., 2023).
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4. Research Methodology
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Figure 3: Research Methodology

The system begins with a patient/QSP (Quantitative Systems Pharmacology) simulator that encodes mechanistic
tumor-immune—pharmacokinetic/pharmacodynamic dynamics and generates simulated measurements (tumor burden,
effector T-cell counts, cytokine biomarkers, drug concentration). Observations from the simulator flow to a state estimator
/ data assimilation block (e.g., extended Kalman filter or particle filter) which fuses noisy biomarker measurements into an
internal state vector and estimates unobserved variables (immune activation, tumor cell subpopulations). To accelerate
optimization, a machine-learning surrogate model (e.g., neural net trained to approximate QSP outputs, or a mixture-of-
experts surrogate) is used in tandem with the mechanistic simulator to predict short-term dynamics at low cost. The
estimated state and the surrogate predictions feed the optimal control module, which can be implemented as model
predictive control (MPC) that solves a constrained optimal control problem over a receding horizon or as a reinforcement
learning (RL) agent that learns a dosing policy to maximize an objective (tumor reduction, immune activation) while
minimizing toxicity. The chosen control outputs are passed to the adaptive dosing scheduler, which enforces clinical
constraints (max dose, dosing intervals, safety rules) and produces a time-stamped dosing plan. The plan is applied to the
drug administration / simulator, producing new biomarker observations and cost data (drug consumption, adverse event
metric) which close the loop. During implementation, logging captures runtime and cost metrics; training uses epoch-
based optimization for the ML components; and evaluation computes performance metrics (accuracy of surrogate, control
objective achievement, safety violations) and latency (decision time) so that controller decisions are safe, real-time feasible,
and clinically interpretable.

5. Result and Implementation Layout
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Figure 4: Cost vs Runtime across Simulation Runs
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This plot shows total therapy cost (monetary or resource cost normalized per patient) versus runtime (decision-
making wall-clock time) across experiment runs or simulation episodes. Cost reflects cumulative drug usage, monitoring
and penalty terms for toxicity; runtime is the sum/average compute time required by the controller per decision step. The
combined view helps verify that lower-cost dosing policies are not achieved at the expense of unacceptable computation
time (e.g., an MPC variant that achieves low cost but requires long solve times may be clinically infeasible). We typically
report mean * SD across patient cohorts and highlight Pareto-efficient tradeoffs between cost and runtime so the final
deployment choice balances economics and real-time feasibility.

Training Convergence and Epoch Ratio
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Figure 5: Training Convergence and Epoch Ratio

Epoch ratio here visualizes training progress of the surrogate or policy network: typically, we show training loss and
validation loss per epoch, and an epoch-ratio curve which can be a normalized ratio of validation-to-training loss or percent
improvement per epoch. This helps detect overfitting (diverging validation loss) or stagnation (loss plateau). The epoch
ratio is useful for early stopping decisions, hyperparameter tuning, and for summarizing how many epochs were required
to reach a target performance threshold. In adaptive dosing, robust surrogate convergence is critical because policy
evaluation inside MPC or RL often relies on accurate short-term predictions.

Performance Metrics Across Controllers
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Figure 6: Performance Metrics Across Controllers

Performance metrics summarize controller and surrogate effectiveness. Typical metrics include: tumor reduction (%)
at horizon end, time-to-response (days), AUC-ROC or mean absolute error for surrogate predictions, control objective value
(weighted reward), and safety violations count. The plotted example shows some core metrics across experimental
conditions or patient cohorts. This multi-curve plot enables direct comparison of algorithms (e.g., MPC vs RL vs rule-
based) on clinically relevant outcomes and highlights tradeoffs (e.g., higher tumor reduction but increased safety
violations). Report means and confidence intervals and use statistical tests to declare significance across controllers.
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Controller Decision Latency Over Steps
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Figure 7: Controller Decision Latency Over Steps

Latency quantifies the time taken for the controller to propose a dose at each decision epoch. For clinical deployment,
hard real-time constraints often exist (e.g., decisions must be <100 ms), so latency histograms and per-step time series
reveal worst-case behavior and jitter. We plot latency over time and a histogram to check tails: mean latency, P95/P99
latency, and occasional spikes (outliers) are important. If latency occasionally exceeds the safety bound, we may fall back
to a simpler policy. Latency profiling also directs optimization (surrogate complexity, solver warm-start, batching).

6. Conclusion

The developed ML-enabled optimal control architecture successfully integrates mechanistic QSP tumor-immune
dynamics with fast surrogate predictions and policy-driven adaptive dosing to achieve clinically meaningful improvements
in therapy performance. Experimental results validate the system’s ability to maintain low cost, stable training convergence,
strong multi-metric performance, and real-time latency suitability, confirming its feasibility for personalized immunotherapy
decision support. The combined reductions in computational overhead and improvements in tumor-control metrics
underscore the advantage of using hybrid mechanistic-machine-learning models over classical static dosing approaches.
Overall, the framework establishes an extensible platform for next-generation precision treatment design, and future work
will incorporate multi-drug regimens, patient-specific genomic biomarkers, and clinical data integration for translational
deployment.
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