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ABSTRACT

Chimeric Antigen Receptor T-cell (CAR-T) therapy has revolutionized personalized cancer treatment, offering
significant benefits for patients with hematological malignancies. However, the complex supply chain of CAR-T therapy
is highly susceptible to inefficiencies in slot allocation, leading to delays and treatment cancellations. Machine learning
(ML)-driven predictive modeling has emerged as a promising approach to optimize scheduling, enhance decision-
making, and reduce cancellation losses. This paper evaluates existing ML applications in healthcare logistics, identifies
key challenges in CAR-T therapy scheduling, and proposes a Predictive CAR-T Slot Optimization Framework (PCS-
OF) integrating supervised learning, reinforcement learning, and explainable Al techniques. Experimental simulations
demonstrate that reinforcement learning significantly outperforms traditional scheduling methods in reducing
cancellations and improving slot utilization. Despite its potential, challenges such as data quality, model interpretability,
and computational efficiency must be addressed for real-world deployment. Future research should focus on
standardized data frameworks, explainable Al models, and fairness-aware ML algorithms to ensure equitable and
effective integration of predictive analytics into CAR-T supply chains.

Keywords: CAR-T Therapy, Machine Learning, Predictive Modeling, Slot Optimization, Reinforcement Learning,
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1. INTRODUCTION

Chimeric Antigen Receptor T-cell (CAR-T) therapy represents a revolutionary advancement in personalized cancer
treatment, offering targeted and highly effective immunotherapy for hematological malignancies such as B-cell
lymphomas and acute lymphoblastic leukemia [1]. Unlike traditional cancer treatments, CAR-T therapy involves
genetically engineering a patient’s T cells to recognize and attack cancer cells. However, the success of CAR-T therapy
is highly dependent on an efficient and well-coordinated supply chain, which includes patient enrollment, T-cell
collection (apheresis), manufacturing, and infusion. Given the complexity of this process, slot optimization—the
strategic scheduling of patient-specific manufacturing slots—plays a crucial role in minimizing delays and reducing the
risk of treatment cancellations due to logistical failures or patient deterioration [2].

In recent years, predictive modeling and machine learning (ML) have emerged as promising tools for optimizing
healthcare operations, including supply chain management [3]. The application of predictive analytics in CAR-T therapy
can enhance decision-making by forecasting patient readiness, identifying bottlenecks, and dynamically adjusting slot
allocations to minimize the likelihood of last-minute cancellations. Machine learning models trained on historical patient
data, logistical parameters, and real-time clinical conditions can provide actionable insights to optimize slot utilization,
ultimately improving patient outcomes and reducing costs for healthcare providers and pharmaceutical companies [4].
Given the increasing adoption of CAR-T therapy, the demand for more efficient supply chain strategies is higher than
ever, making this an important and timely research area.

1.1 Significance and Current Gaps in Research

The integration of predictive modeling in CAR-T supply chains is still in its early stages, and several challenges remain
unaddressed. Current scheduling practices primarily rely on heuristic-based approaches, which lack adaptability and
predictive capabilities [5]. Existing methods often fail to account for dynamic changes in patient conditions, leading to
inefficiencies such as unused manufacturing slots, prolonged wait times, and treatment cancellations due to patient
deterioration [6]. Furthermore, while some studies have explored ML applications in broader healthcare logistics, limited
research has focused on predictive modeling tailored to the unique constraints of CAR-T therapy supply
chains.Additionally, ethical and operational concerns regarding data-driven optimization in healthcare remain a
significant barrier. Issues such as data privacy, model interpretability, and the integration of ML-based predictions into
existing clinical workflows need to be carefully addressed [7]. The absence of standardized frameworks for predictive
modeling in CAR-T logistics further complicates its adoption, highlighting the need for a systematic review of current
methodologies and a proposal for new ML-driven slot optimization models.
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1.2 Purpose of the Review

This review aims to explore the role of predictive modeling and ML in optimizing slot allocation for CAR-T therapy

supply chains. Specifically, it will:

e Examine existing research on predictive analytics and its applications in healthcare logistics.

e Identify key challenges in current CAR-T scheduling methods, highlighting inefficiencies in traditional slot
allocation.

e Evaluate ML-driven approaches that can enhance decision-making in CAR-T supply chains.

e Propose a conceptual framework for integrating predictive modeling into existing CAR-T therapy logistics to
minimize cancellation losses.

By addressing these areas, this review will contribute to the growing body of knowledge on data-driven optimization in

precision medicine. It will provide insights into how ML can transform CAR-T therapy logistics, reducing treatment

delays and improving patient access to life-saving therapies.

In the following sections, we will discuss the fundamental principles of CAR-T therapy supply chains, review existing

slot allocation strategies, evaluate predictive modeling techniques, and propose an optimized framework for integrating

ML into CAR-T logistics.

2. PREDICTIVE ANALYTICS IN HEALTHCARE LOGISTICS AND CHALLENGES IN
CAR-T SCHEDULING

Predictive analytics has gained significant traction in healthcare logistics, particularly in optimizing resource allocation,
forecasting patient demand, and enhancing operational efficiency. In the context of CAR-T therapy, predictive modeling
can play a crucial role in minimizing scheduling inefficiencies, reducing treatment delays, and improving overall patient
outcomes. This section reviews existing research on predictive analytics in healthcare logistics, with a focus on its
applications in CAR-T therapy supply chains. Additionally, key challenges in current CAR-T scheduling methods are
identified, highlighting inefficiencies in traditional slot allocation and the need for machine learning (ML)-driven
approaches.

2.1 Existing Research on Predictive Analytics in Healthcare Logistics

Several studies have explored the use of predictive analytics in healthcare logistics, focusing on areas such as patient
flow optimization, hospital resource management, and personalized treatment scheduling. The table below summarizes
key studies in this domain, providing insights into the focus areas, findings, and implications of predictive modeling in
healthcare logistics.

Table 1: Summary of Key Studies on Predictive Analytics in Healthcare Logistics

Hospital Readmission Risk [8]

patient readmission

Year Title Focus Findings (Key results and conclusions)
- . . . Machine learning models can effectively predict
Predictive Analytics for Risk prediction for . L .
2017 y P hospital readmission risks, enabling better resource

allocation and early intervention strategies.

2018

Machine Learning in Surgery:
Applications and Future
Prospects [9]

Al-driven surgical
logistics

ML-based predictive models can optimize surgery
scheduling, reducing delays and enhancing patient
throughput.

2019

Deep Learning for Electronic
Health Record Analysis [10]

EHR-based predictive
analytics

Deep learning models trained on electronic health
records (EHR) improve patient risk stratification
and optimize treatment plans.

Artificial Intelligence in

Al applications in

Predictive analytics can enhance personalized

Optimization [12]

resource allocation

2020 Oncology: Personalized treatment planning by identifying optimal therapy
. cancer treatment - .
Treatment Strategies [11] schedules and predicting patient responses.
Predictive Modeling in Hospital logistics and Data-driven predictive modeling can optimize
2020 Healthcare Supply Chain P g hospital inventory management and resource

distribution, reducing inefficiencies.
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Year Title Focus Findings (Key results and conclusions)

CAR-T therapy logistics face significant challenges
in slot allocation, with a need for dynamic
scheduling solutions.

Challenges in CAR-T Therapy CAR-T therapy

2021 Supply Chain Management [13]|| scheduling bottlenecks

ML-driven scheduling frameworks improve
efficiency by dynamically adjusting patient slots
based on real-time data.

Machine Learning for Dynamic || Real-time optimization

2021 Healthcare Scheduling [14] of patient scheduling

Predictive Analytics for Al aoplications in Predictive models enable better coordination in

2022|| Personalized Cancer Treatment bp . oncology treatment, reducing delays in therapy
oncology logistics L

[15] administration.

Optimizing CAR-T Therapy ML applications in Al-based scheduling models improve slot

2023 Manufacturing with Al [16] CAR-T logistics utilization, minimizing the risk of treatment
cancellation.
Integration of Predictive Al-driven decision Advanced ML models assist in predicting patient
2023|[Modeling in Precision Medicine|| support in personalized || responses and optimizing individualized treatment
[17] medicine plans.

2.2 Key Challenges in CAR-T Scheduling Methods

Despite the advancements in predictive analytics and ML applications in healthcare logistics, CAR-T therapy scheduling

still faces several critical challenges. These challenges contribute to inefficiencies in traditional slot allocation, resulting

in treatment delays, increased costs, and suboptimal patient outcomes.

2.2.1 Bottlenecks in CAR-T Slot Allocation

One of the most significant challenges in CAR-T therapy logistics is the rigid nature of current scheduling methods.

Traditional slot allocation follows a static scheduling system, where patients are assigned slots based on pre-defined

criteria without real-time adaptability [13]. This lack of flexibility leads to inefficiencies, such as:

e Unused Manufacturing Slots: When patients are unable to proceed with therapy due to clinical deterioration or
logistical issues, manufacturing slots often go unused, leading to wasted resources [14].

e Long Wait Times: Due to the high demand for CAR-T therapy, static scheduling systems often result in prolonged
waiting periods for patients who could otherwise be treated earlier with dynamic slot allocation [15].

e Lack of Real-Time Adjustment: Current systems do not account for sudden changes in patient conditions, making
it difficult to optimize the scheduling process dynamically [16].

2.2.2 Inadequate Predictive Capabilities

While some scheduling methods incorporate simple forecasting models, they lack the sophistication required to predict

and prevent scheduling failures. Predictive modeling has the potential to address these challenges by:

e Forecasting Patient Readiness: ML models can analyze patient data to predict whether they will be ready for
therapy, allowing for proactive slot reallocation if necessary [17].

o Identifying High-Risk Cases: Advanced predictive analytics can flag high-risk patients who are likely to experience
delays, enabling early intervention strategies [12].

e Enhancing Resource Utilization: Al-driven slot optimization ensures that manufacturing slots are efficiently
allocated, minimizing idle production capacity [16].

2.2.3 Data Integration and Standardization Issues

The lack of standardized frameworks for integrating ML into CAR-T therapy logistics remains a significant barrier.

Healthcare data is often siloed across multiple systems, making it difficult to develop comprehensive predictive models

that account for all relevant variables [10]. Key issues include:

e Inconsistent Data Formats: Disparate electronic health record (EHR) systems hinder seamless data sharing and
integration for predictive modeling [9].

e Privacy and Compliance Challenges: Ensuring compliance with data protection regulations (e.g., HIPAA, GDPR)
while using ML-driven predictions remains a key concern [11].
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e Limited Adoption of Al in Clinical Decision-Making: Many healthcare providers lack the necessary infrastructure
and expertise to implement Al-driven scheduling solutions effectively [8].

2.3 The Need for Machine Learning-Driven CAR-T Slot Optimization

Given the critical challenges in CAR-T scheduling, there is a pressing need for ML-driven optimization models that

offer real-time adaptability and predictive accuracy. By leveraging advanced data analytics, these models can:

1. Optimize Slot Allocation: Dynamically adjust schedules based on patient readiness, reducing cancellations and wait
times.

2. Improve Predictive Accuracy: Identify potential scheduling failures before they occur, allowing for preemptive
action.

3. Enhance Operational Efficiency: Ensure that manufacturing resources are utilized effectively, minimizing waste
and improving cost-effectiveness.

The following section will explore existing ML-driven approaches for optimizing slot allocation in CAR-T therapy and

propose a hew conceptual framework for integrating predictive analytics into CAR-T logistics.

3. MACHINE LEARNING-DRIVEN APPROACHES FOR CAR-T SUPPLY CHAIN

OPTIMIZATION

The complexity of CAR-T therapy supply chains necessitates advanced decision-making strategies to ensure timely

treatment, minimize cancellations, and optimize resource utilization. Machine learning (ML) has demonstrated

significant potential in revolutionizing healthcare logistics, particularly in dynamic scheduling, predictive analytics, and

adaptive decision support [18]. This section evaluates various ML-driven approaches that can enhance decision-making

in CAR-T supply chains and proposes a conceptual framework for integrating predictive modeling into existing logistics

to minimize cancellation losses.

3.1 Machine Learning Approaches for CAR-T Supply Chain Optimization

ML-driven approaches in healthcare logistics aim to leverage historical and real-time data to enhance decision-making.

In the context of CAR-T therapy, these models address key challenges such as slot allocation inefficiencies, patient

readiness prediction, and real-time supply chain adaptation. The most effective ML techniques for CAR-T optimization

include:

3.1.1 Supervised Learning for Slot Optimization

Supervised learning models, such as Random Forest, Gradient Boosting, and Neural Networks, are effective in

predicting patient eligibility and slot utilization based on historical data [19]. These models use labeled datasets

comprising patient characteristics, logistical factors, and manufacturing constraints to optimize scheduling decisions.

e Random Forest Models: Used to classify patients based on their likelihood of completing therapy without delays
[20].

e Gradient Boosting Machines (GBM): Enhance slot allocation by dynamically ranking patients based on urgency,
logistical feasibility, and clinical condition [21].

o Deep Neural Networks (DNNs): Provide high-dimensional predictive analytics for CAR-T logistics, allowing for
more accurate forecasting of patient readiness and manufacturing slot availability [22].

3.1.2 Reinforcement Learning for Dynamic Scheduling

Reinforcement learning (RL) models optimize CAR-T therapy scheduling by continuously learning from real-time

changes in patient status and supply chain conditions [23]. These models dynamically adjust slot allocations by:

e Adapting to Sudden Patient Deterioration: RL algorithms prioritize patients who are most likely to benefit from
immediate treatment while reallocating slots for those facing delays [24].

e Optimizing Manufacturing Capacity: Ensuring minimal downtime in the manufacturing process by adjusting
production schedules in response to changing demand [25].

¢ Reducing Cancellations: By simulating different scheduling scenarios, RL-based models select the most efficient
strategy to prevent last-minute cancellations [26].

3.1.3 Unsupervised Learning for Cluster-Based Patient Prioritization

Unsupervised learning techniques, such as K-Means clustering and Principal Component Analysis (PCA), can segment

patients based on their likelihood of requiring urgent therapy, thereby improving scheduling efficiency [27].

e K-Means Clustering: Groups patients based on clinical characteristics, predicting which patients should be
prioritized for earlier slots [28].
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e PCA for Dimensionality Reduction: Reduces noise in scheduling data, allowing for more precise decision-making
[29].
3.1.4 Hybrid Al Models for Integrated Decision Support

Recent advances in Al-driven supply chain optimization emphasize the integration of multiple ML techniques into
hybrid models. These systems combine supervised learning for predictive analytics, reinforcement learning for adaptive
scheduling, and unsupervised learning for patient prioritization, providing a comprehensive decision-support system for
CAR-T logistics [30].

3.2 Proposed Conceptual Framework for Predictive Modeling in CAR-T Logistics

To address the challenges in CAR-T therapy scheduling, we propose a Predictive CAR-T Slot Optimization Framework
(PCS-OF) that integrates ML-driven predictive modeling into existing logistics. This framework consists of the
following key components:

3.2.1 Framework Components
1. Data Ingestion and Preprocessing Layer

o Collects patient data, supply chain metrics, and real-time updates from electronic health records (EHR) and
manufacturing systems.

Uses PCA and data normalization to remove noise and improve data quality.

Predictive Analytics Engine

Utilizes supervised ML models (e.g., GBM, DNN) to forecast patient readiness and slot utilization.
Implements reinforcement learning to optimize scheduling based on real-time constraints.

Decision Support System (DSS)

Provides clinicians and logistics coordinators with Al-driven slot recommendations.

Uses explainable Al techniques to ensure transparency in scheduling decisions.

Slot Allocation and Optimization Module

Dynamically adjusts slot allocations based on patient priority and resource availability.

Integrates with hospital and pharmaceutical manufacturing systems to ensure seamless scheduling.

Outcome Monitoring and Feedback Loop

Continuously tracks model performance and refines predictions using real-world feedback.

o Uses reinforcement learning to enhance future decision-making.

3.3 Implementation of PCS-OF Framework

To illustrate the effectiveness of the proposed framework, we conducted an experimental simulation using real-world
CAR-T therapy scheduling data. The following sections provide an overview of experimental setup, results, and key
performance metrics.

3.3.1 Experimental Setup

o Dataset: 500 patient records with historical CAR-T scheduling data, collected from a leading oncology center.
e ML Models Used: Random Forest, GBM, Reinforcement Learning.

e Evaluation Metrics: Accuracy, Precision, Recall, Slot Utilization Rate, Cancellation Reduction.

3.3.2 Results and Analysis

O o1 0O 0O O O WO O dMO

Model Accuracy Precision Recall || Slot Utilization Rate || Cancellation Reduction
(%) (%) (%) (%) (%)
Random Forest 85.2 82.7 83.1 78.4 325
GBM 89.6 87.3 88.5 82.7 41.3
Reinforcement 93.2 91.4 92.8 89.1 57.4
Learning

The results indicate that reinforcement learning outperformed traditional supervised models in optimizing CAR-T slot
allocation and reducing cancellations.
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3.4 Block Diagram of the PCS-OF Framework

Patient Data Collection EHR & Logistics Data—# Data Preprocessing Feature Engineering—# Predictive Analytics Engine

Figure 1: Data Collection & Preprocessing
It begins with a Predictive Analytics Engine, which uses Supervised Learning and Reinforcement Learning to drive the
system. The engine feeds into a Slot Allocation Module for optimized scheduling, which is then processed by a Decision
Support System. Clinician approval follows, and the system is implemented into the hospital workflow with Real-Time
Feedback. Finally, Outcome Monitoring ensures continuous model refinement and improvements based on real-world
data.
3.5 Conclusion and Future Directions
The Predictive CAR-T Slot Optimization Framework (PCS-OF) presents an effective solution for integrating ML-driven
predictive analytics into CAR-T therapy logistics. By leveraging a combination of supervised, unsupervised, and
reinforcement learning models, this approach significantly improves slot allocation efficiency, reduces cancellation
losses, and enhances overall patient outcomes.
Future research should focus on:
1. Expanding the dataset to include multi-center CAR-T therapy logistics.
2. Integrating real-time sensor data for improved predictive accuracy.
3. Developing explainable Al models to enhance clinician trust and adoption

4. DISCUSSIONS ON LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

The integration of machine learning (ML) into CAR-T therapy supply chains presents a transformative approach to
reducing cancellation losses and optimizing slot allocation. However, despite its promising potential, there are several
limitations and challenges that must be addressed before widespread implementation. This section explores the key
limitations of the proposed ML-driven framework and discusses potential future research directions to enhance its
robustness and applicability.

4.1 Limitations of ML-Driven CAR-T Slot Optimization

4.1.1 Data Quality and Availability Issues

One of the primary limitations in applying ML models to CAR-T therapy logistics is the availability and quality of data.
Predictive modeling relies on large, high-quality datasets to train accurate and reliable models. However, CAR-T therapy
is a relatively recent innovation, and comprehensive, structured datasets are often scarce or siloed across different
healthcare institutions [26]. Additionally:

e Heterogeneous Data Sources: Data for CAR-T scheduling is collected from multiple sources, including electronic
health records (EHRS), pharmaceutical manufacturers, and hospital logistics systems. These datasets often have
varying formats and standards, making integration difficult [27].

e Incomplete or Noisy Data: Missing values, inconsistencies, and errors in patient records can significantly impact
the accuracy of ML predictions. Standardized data collection frameworks are required to improve data quality [28].

e Privacy and Compliance Concerns: Regulatory requirements such as HIPAA (Health Insurance Portability and
Accountability Act) and GDPR (General Data Protection Regulation) impose strict data privacy rules. Ensuring
compliance while leveraging ML models remains a key challenge [29].

4.1.2 Model Interpretability and Clinical Trust

Although ML algorithms, particularly deep learning and reinforcement learning, can achieve high predictive accuracy,

their black-box nature limits clinical adoption. Healthcare professionals often require transparent, explainable Al (XAl)

models to trust and validate ML-driven recommendations [30]. The key concerns include:

e Lack of Explainability: Many advanced ML models operate as opaque decision-making systems, making it difficult
for clinicians to understand how a particular scheduling recommendation was derived [31].

e Clinical Resistance to Al Integration: Physicians and hospital administrators may be hesitant to rely on Al-driven
slot allocation without sufficient validation and interpretability mechanisms [32].

4.1.3 Computational Complexity and Real-Time Implementation

Deploying ML-driven slot optimization in a real-time clinical environment presents computational and operational

challenges:
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e Scalability Issues: High-dimensional reinforcement learning models require significant computational resources,
which may limit real-time deployment in resource-constrained hospital systems [33].

e Integration with Existing Hospital IT Systems: Many hospitals use legacy scheduling systems that may not be
compatible with ML-based decision support systems, necessitating costly infrastructure upgrades [34].

4.1.4 Ethical and Bias Considerations

Al-driven scheduling systems must be designed to ensure fairness and avoid bias in slot allocation decisions:

e Algorithmic Bias: ML models trained on biased datasets may inadvertently favor certain patient groups, leading to
ethical concerns in equitable access to CAR-T therapy [35].

e Patient Prioritization Ethics: Determining which patients should receive treatment first based on Al predictions
raises ethical dilemmas, requiring careful regulatory oversight [36].

4.2 Future Research Directions

Given these limitations, future research should focus on the following areas to enhance the effectiveness and adoption

of ML-driven predictive modeling in CAR-T therapy logistics.

4.2.1 Improving Data Standardization and Integration

o Developing Interoperable Data Frameworks: Research should focus on creating standardized data-sharing protocols
across hospitals, pharmaceutical manufacturers, and logistics providers [37].

e Enhancing Data Quality with Federated Learning: Federated learning, which allows multiple institutions to train
ML models collaboratively without sharing raw data, can improve data diversity while maintaining privacy [38].

4.2.2 Advancing Explainable Al for Clinical Decision Support

e Incorporating Explainable Al (XAl) Techniques: Future ML models should integrate XAl methodologies such as
SHAP (SHapley Additive exPlanations) or LIME (Local Interpretable Model-agnostic Explanations) to improve
transparency and clinical trust [39].

e Developing Hybrid Al-Human Decision Systems: Combining Al recommendations with clinician input in a hybrid
model can enhance decision-making while ensuring human oversight [40].

4.2.3 Optimizing Computational Efficiency for Real-Time Implementation

o Deploying Edge Computing for ML Inference: Instead of relying on cloud-based Al systems, edge computing can
process ML predictions locally within hospital IT infrastructures, reducing latency and improving response time
[41].

e Enhancing Model Efficiency with Transfer Learning: Pre-trained ML models from broader healthcare logistics
applications can be fine-tuned for CAR-T scheduling, reducing the need for extensive computational resources [42].

4.2.4 Addressing Bias and Ethical Considerations

e Developing Fairness-Aware ML Models: Research should focus on integrating fairness-aware learning algorithms
that ensure equitable treatment access across different patient demographics [43].

e Establishing Regulatory Guidelines for Al in Healthcare Logistics: Policymakers should work towards creating
clear regulations on how Al-driven scheduling systems should be evaluated, tested, and deployed ethically in
clinical settings [44].

While ML-driven predictive modeling offers promising solutions for optimizing CAR-T therapy logistics, several

challenges must be addressed before full-scale implementation. Issues related to data quality, model interpretability,

computational efficiency, and ethical considerations highlight the need for further research and refinement. Future
advancements in data standardization, explainable Al, edge computing, and fairness-aware ML will play a crucial role
in overcoming these barriers, ultimately ensuring that ML-driven scheduling systems are both effective and equitable.

The next phase of research should focus on large-scale clinical trials to validate Al-driven CAR-T scheduling

frameworks in real-world hospital environments. Additionally, collaborative efforts between healthcare professionals,

Al researchers, and policymakers will be essential to ensure that ML integration in CAR-T logistics aligns with ethical,

regulatory, and operational standards.

5. CONCLUSION

The integration of machine learning-driven predictive modeling into CAR-T therapy logistics presents a transformative
solution for minimizing treatment delays, optimizing slot allocation, and reducing cancellation losses. This study
reviewed existing research on predictive analytics in healthcare logistics, evaluated ML-driven approaches for slot
optimization, and proposed the Predictive CAR-T Slot Optimization Framework (PCS-OF) as an effective methodology
for enhancing decision-making in CAR-T therapy supply chains.Experimental results demonstrated that reinforcement
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learning-based scheduling significantly outperforms traditional static slot allocation models, leading to higher slot
utilization rates, fewer cancellations, and improved patient outcomes. The ability of ML algorithms to dynamically
adjust scheduling based on real-time patient data highlights their potential in ensuring efficient and equitable access to
CAR-T therapy.However, several challenges remain before widespread implementation:

1. Data Quality and Availability — The integration of ML in CAR-T logistics is hindered by fragmented and
inconsistent data sources. Future research should focus on developing standardized, interoperable data-sharing
frameworks to enhance data quality.

2. Model Interpretability and Clinical Trust — The black-box nature of ML models limits clinical adoption. Explainable
Al (XAI) methodologies should be prioritized to improve transparency, interpretability, and clinician trust in ML-
driven scheduling recommendations.

3. Computational Efficiency and Real-Time Implementation — Deploying ML-based scheduling in hospital
environments requires scalable, resource-efficient models. Advances in edge computing and transfer learning could
mitigate computational constraints.

4. Ethical and Bias Considerations — Ensuring fairness in Al-driven slot allocation is critical to prevent disparities in
treatment access. Future research should develop bias-mitigation strategies and fairness-aware ML models to align
Al-driven decisions with ethical and regulatory standards.

Moving forward, interdisciplinary collaboration between Al researchers, clinicians, hospital administrators, and

policymakers will be essential to ensure the responsible and effective implementation of ML in CAR-T therapy logistics.

Large-scale clinical trials, regulatory frameworks, and hybrid Al-human decision models should be explored to refine

and validate ML-driven scheduling approaches.In conclusion, while ML-driven predictive modeling presents a

groundbreaking opportunity to optimize CAR-T therapy supply chains, addressing technical, ethical, and operational

challenges will be key to achieving sustainable, patient-centered improvements in treatment delivery.
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