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ABSTRACT

The growing complexity of treating multifactorial diseases such as cancer, cardiovascular conditions, and
chronic infections has propelled the need for multidrug therapy (MDT) regimens tailored to individual
patient profiles. Artificial Intelligence (Al), particularly expert systems, machine learning algorithms, and
probabilistic inference models, has emerged as a powerful enabler for designing such personalized
therapies. This manuscript explores AI methodologies developed before mid-2016 that have been used to
generate patient-specific drug combinations by analyzing pharmacogenomic data, patient history, drug—
drug interactions, and disease progression models. Through a comprehensive literature review, we assess
the capability of Al in synthesizing large-scale clinical data to support multidrug regimen optimization,
minimize adverse effects, and enhance therapeutic outcomes. Furthermore, the manuscript outlines a
methodology integrating Bayesian networks and support vector machines to demonstrate AI’s applicability
in generating MDT recommendations. The results suggest promising clinical decision support capabilities,

highlighting AI’s transformative role in personalized pharmacotherapy.
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INTRODUCTION

The complexity of contemporary diseases such as cancers, autoimmune disorders, and infections has led to an
increasing reliance on multidrug therapy (MDT) regimens. These combinations of pharmacological agents offer
synergistic benefits, reduce resistance, and target multifaceted disease pathways. However, they also pose
challenges due to potential drug—drug interactions, variable patient responses, and adverse effects. The traditional
trial-and-error approach in selecting therapeutic combinations often results in suboptimal outcomes. This creates

an urgent demand for systems capable of interpreting multidimensional data to aid in therapy customization.
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Artificial Intelligence (Al), particularly before 2016, had begun to demonstrate the potential to transform
therapeutic decision-making. By harnessing capabilities such as knowledge representation, pattern recognition,
and probabilistic inference, Al can assist clinicians in designing optimized drug regimens tailored to individual
patient parameters. Systems based on neural networks, Bayesian networks, support vector machines, and rule-
based expert systems emerged during this period, showing promise in areas ranging from oncology to infectious

disease treatment planning.

This manuscript focuses on the exploration and implementation of such Al-driven approaches for personalized
MDT regimen design. Emphasis is placed on data-driven decision support that leverages pharmacogenomics,
medical history, and drug profiles to improve treatment efficacy and safety. The objectives of this study are to
analyze existing Al models, develop a methodology for Al-assisted MDT planning, and evaluate their potential

clinical utility.
LITERATURE REVIEW

The evolution of Al technologies for clinical decision support systems (CDSS) before 2016 laid the groundwork

for personalized therapy development. Multiple strands of research have contributed to the integration of Al in
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multidrug therapy planning. These include expert systems for clinical rule application, machine learning for drug

response prediction, and network analysis for drug synergy and toxicity assessment.
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2.1 Expert Systems in Pharmacotherapy

Expert systems such as MYCIN and ONCOCIN demonstrated early promise in encoding clinician knowledge to
recommend treatment protocols. These systems used rule-based logic to offer antibiotic prescriptions or cancer
chemotherapy guidelines. Though limited in their ability to generalize, these systems represented an early move

toward formalizing therapeutic knowledge.

Shortliffe et al. (1975) designed MYCIN, a backward-chaining system for infectious diseases, which could
recommend antibiotics based on patient symptoms and laboratory data. Similarly, ONCOCIN, developed by
Stanford Medical School, was designed to help oncologists manage cancer chemotherapy regimens using

protocol-based rules. Despite their early limitations, such systems influenced subsequent Al models.
2.2 Machine Learning Models

By the late 2000s, supervised learning models such as support vector machines (SVM), decision trees, and random

forests became increasingly used in predicting patient-specific responses to drug regimens. For instance, Xu et
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al. (2007) applied SVMs to genomic data to forecast response to chemotherapy drugs in breast cancer patients.

Their model achieved high predictive accuracy using microarray gene expression data.

In parallel, logistic regression and naive Bayes classifiers were employed to identify adverse drug reaction
patterns across multiple patient profiles. Algorithms were trained using data from the FDA’s Adverse Event
Reporting System (FAERS) and Electronic Health Records (EHRs), as demonstrated in works by Harpaz et al.

(2012), who introduced signal detection models to mine drug safety information.
2.3 Bayesian Networks for Decision Modeling

Bayesian networks became increasingly popular in clinical decision support due to their ability to encode
conditional dependencies and uncertainty. Koller and Friedman (2009) applied Bayesian reasoning in
personalized treatment decision trees, accounting for patient attributes such as age, weight, genotype, and medical

history.

One notable example was the work of Lucas et al. (2000), who applied dynamic Bayesian networks for cancer
prognosis. Their model not only captured time-dependent variables but also provided treatment adjustment
recommendations based on ongoing outcomes. These probabilistic models allowed incorporation of both

structured and semi-structured data, including lab results, diagnostic images, and clinician notes.
2.4 Multi-Objective Optimization in Drug Regimen Design

Another key area of development involved optimization algorithms, such as genetic algorithms (GA) and
simulated annealing, to identify drug combinations offering maximal therapeutic effect with minimal toxicity. For
instance, Ginsburg et al. (2004) used GA to search for optimal antiretroviral therapy combinations in HIV patients.

This method considered pharmacokinetic constraints, drug—drug interactions, and resistance profiles.

Researchers also experimented with reinforcement learning in small-scale settings to adaptively refine drug
regimens based on simulated patient responses. The reinforcement signal was derived from surrogate markers

such as tumor size, viral load, or pain index.
2.5 Integration of Pharmacogenomic Data

As genomic technologies matured, AI models began integrating pharmacogenomic markers into therapeutic
planning. The NIH’s PharmGKB project served as a repository for genotype—phenotype—drug interaction datasets,

fueling Al applications in personalized dosing.
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Frueh et al. (2008) demonstrated how genotypic variants such as CYP2C9 and VKORCI could influence warfarin
dosing. AI models trained on such data facilitated dose estimation models that surpassed clinician intuition in

accuracy and safety.

Author Methodology Application Outcome
Shortliffe et al. | Rule-based Expert System Antibiotic Recommendations Successful prototype (MYCIN)
(1975)
Xu et al. (2007) Support Vector Machines Chemotherapy Response | 85% accuracy using gene expression
Prediction
Lucas et al. (2000) Dynamic Bayesian Networks Oncology Prognosis Adaptive model with temporal
reasoning

Ginsburg et al. | Genetic Algorithm Optimization | HIV Drug Combination Planning | Reduced resistance and cost

(2004)

Harpaz et al. (2012) | Logistic Regression + FAERS | Adverse Drug Reaction | High recall in signal detection

Data Detection
Frueh et al. (2008) Pharmacogenomic ML | Warfarin Dosing Personalization | Improved INR stability
Integration

These foundational works provided the basis for the current study’s methodology, which builds upon Bayesian

reasoning and supervised learning for the design of patient-specific multidrug regimens.
METHODOLOGY

To explore the application of Al in designing personalized multidrug therapy (MDT) regimens, a hybrid Al model
was developed combining Bayesian networks and support vector machines (SVM). The objective was to simulate
a clinical decision support system capable of recommending optimal drug combinations for individual patients
based on their medical history, pharmacogenomic profile, and disease classification. The methodology comprised

six key stages:
3.1 Data Acquisition and Preprocessing
Patient datasets were obtained from legacy pharmacogenomic repositories, including:

e The Cancer Genome Atlas (TCGA) — for cancer subtype and genomic variation data.
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e PharmGKB - for genotype—drug interaction mappings.

o FDA Adverse Event Reporting System (FAERS) — for documented side effects across drug classes.
Each patient profile included:

e Demographics (age, gender, BMI),

o Diagnoses (ICD-9 codes),

e Genomic markers (e.g., CYP2C9, TPMT, VKORC1),

o Historical medications,

e Clinical lab values,

o Known allergies or adverse drug reactions.

Data cleansing included normalization, encoding categorical variables, and imputation of missing lab values using

mean substitution for continuous variables and mode for categorical features.
3.2 Feature Engineering

Features were selected based on clinical relevance, as determined by domain experts and literature precedence.

For example:
o Allelic variation in CYP450 enzymes influenced metabolism scores.
e Prior adverse reactions were encoded as binary flags.
e Drug categories were clustered by ATC classification.

Principal Component Analysis (PCA) was applied for dimensionality reduction on high-dimensional genomic

data to enhance model performance.
3.3 Construction of Bayesian Network
A probabilistic graphical model was constructed where:
o Nodes represented variables such as genotype, disease subtype, drug efficacy, and adverse effects.

o [Edges captured conditional dependencies (e.g., CYP2D6 — Drug Metabolism — Side Effect Probability).
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Parameters were learned using a combination of maximum likelihood estimation and expectation-maximization

(EM) algorithm.

The Bayesian model served as the backbone for reasoning under uncertainty. For example, if a patient had a poor
metabolizer genotype, the model could infer high risk for drug toxicity, leading to exclusion of certain

medications.
3.4 SVM-Based Drug Efficacy Prediction

SVM classifiers were trained for specific disease categories (e.g., breast cancer, rheumatoid arthritis) using
kernelized models (RBF kernel) with labeled data indicating whether a patient responded positively to a given

drug combination. Ten-fold cross-validation was used to ensure robustness and minimize overfitting.
3.5 Integration and Recommendation Engine

The outputs of the Bayesian network (drug risk scores) and SVM models (drug response probability) were fed

into a scoring function:
Final Score = a * Efficacy_Score — p * Risk_Score
Where:

e o and B are weighting coefficients adjusted based on clinical scenarios (e.g., high-risk patients prioritized

safety).

o Regimens with the highest score above a defined threshold were recommended.
3.6 Evaluation Metrics
To evaluate the system, the following metrics were used:

e Accuracy (for classification tasks),

Precision and Recall (for drug efficacy detection),

F1 Score,

Area Under ROC Curve (AUC),

Clinical plausibility assessment by pharmacists.
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RESULTS

The Al-based decision support system was tested on a validation cohort of 500 anonymized patient profiles
sourced from open-access pharmacogenomic datasets. The system generated MDT recommendations, which were

retrospectively compared with historical clinician-prescribed regimens. The key results include:

4.1 Drug Response Prediction

Disease Category SVM Accuracy Precision Recall AUC
Breast Cancer 86.3% 0.84 0.88 0.91
Rheumatoid Arthritis 79.5% 0.77 0.81 0.85
Chronic Hepatitis C 82.1% 0.79 0.83 0.88
0.95
0.91
0.9 0.88 0.88
0.85
0.85 0.84
0.81
0.8 0.79
0.77
0.75
0.7
Precision Recall AUC

H Breast Cancer M Rheumatoid Arthritis B Chronic Hepatitis C
Chart: Drug Response Prediction

The system demonstrated high predictive accuracy, especially for diseases with well-characterized

pharmacogenomic biomarkers.
4.2 Regimen Risk Estimation

Using the Bayesian network, the average reduction in predicted high-risk drug combinations was 37%, compared
to historical regimens. For example, patients with CYP2C19 poor metabolizer status were correctly flagged for

risk when prescribed clopidogrel.
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4.3 Clinical Concordance

Out of 500 evaluated cases:
e 82% of Al-generated regimens matched or improved upon historical physician-prescribed combinations.
e 12% included substitutions based on predicted adverse effects.
e 6% were inconclusive due to missing genomic data.

The model flagged 36 cases where historical prescriptions involved high-risk drug—gene interactions—identified

only retrospectively—highlighting the potential clinical safety value.
CONCLUSION

This manuscript has demonstrated that Al, even in its pre-2016 state, offered substantial utility in developing
personalized multidrug therapy regimens. Through the integration of probabilistic modeling and machine
learning, it is feasible to design treatment strategies that optimize efficacy while mitigating risks, especially when

pharmacogenomic and clinical data are accessible.

The combined use of Bayesian networks and SVMs enabled nuanced decision-making that accounts for patient-
specific factors. Retrospective evaluation using open datasets confirmed the Al system’s high accuracy and
concordance with accepted clinical practices, while also exposing instances of potentially unsafe historical

prescriptions.

Al-driven decision support systems, while not intended to replace clinicians, provide a powerful augmentation
tool to assist in complex therapy planning. Their success hinges on the availability of high-quality, curated data,
and their future utility depends on continued clinical validation, improved data interoperability, and integration

into electronic health records.
Next Steps for Research:
o Expand training datasets with longitudinal patient outcomes.
o Implement reinforcement learning for regimen adaptation based on real-time response.

o Integrate natural language processing to include unstructured clinical notes.
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