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Abstract

Artificial intelligence is increasingly positioned as a decision-support layer for prioritizing
combination therapies in multigenic diseases, where single-target interventions often fail. This
paper examines the systems-level architecture required to translate molecular,
pharmacological, and clinical data into actionable combination therapy rankings. The central
argument is that the primary challenge is not only predictive accuracy but also the
construction of robust socio-technical infrastructure capable of integrating heterogeneous
evidence, network-level disease models, and adaptive learning loops. The discussion
addresses structural trade-offs in centralized and federated architectures, data harmonization
across omics and real-world health records, network-based reasoning, and deployment
constraints in clinical environments. Special attention is given to fairness, transparency,
regulatory alignment, and long-term sustainability. The prioritization of combination
therapies requires balancing polypharmacology, patient heterogeneity, and uncertainty in
mechanistic evidence. The paper explores how graph-based representations and community
detection can reveal candidate synergies while cautioning against overreliance on black-box
predictors. It concludes with policy recommendations for auditing, documentation, and
continuous monitoring of AI-driven therapeutic prioritization systems.

Keywords

artificial intelligence, combination therapy, multigenic disease, network medicine,
computational prioritization, socio-technical infrastructure.

1. Introduction

The therapeutic landscape for common chronic conditions such as cardiovascular disease,
type 2 diabetes, neurodegenerative disorders, and many cancers is increasingly understood as
a multigenic and multifactorial problem. Single-agent interventions often produce partial or
transient responses because biological systems compensate through parallel signaling
pathways and regulatory feedback. Artificial intelligence has emerged as a compelling
instrument for systematically searching the combinatorial space of possible therapeutic
interventions. High-performance medical artificial intelligence systems now process large-
scale clinical and molecular data to support diagnostic and prognostic tasks [1]. In drug
discovery and development, machine learning has been applied to target identification,
compound screening, and clinical trial enrichment, illustrating both the breadth and the
complexity of possible applications [2]. However, combination therapy prioritization



introduces distinct systems-level demands because the search space is combinatorial, the
evidence base is fragmented, and clinical translation requires coordination across molecular
biology, pharmacology, informatics, and care delivery.

Multigenic diseases do not arise from a single altered gene but from distributed perturbations
across interacting biological networks. Network medicine has provided a conceptual and
computational foundation for representing disease as a set of topological disruptions in
molecular interaction networks, enabling the identification of disease modules and potential
intervention points [3]. Network pharmacology extends this logic to drug action by examining
how compounds modulate multiple targets and pathways rather than a single receptor [4].
These perspectives suggest that rational combination therapy prioritization should be
reframed as a search for complementary perturbations that jointly restore network state or
block escape mechanisms. The difficulty is that the number of possible combinations, doses,
and schedules grows rapidly, and the experimental validation of every candidate is infeasible.

Deep learning and related techniques offer new capabilities for representation learning,
pattern recognition, and uncertainty estimation across high-dimensional biological data, but
they also introduce obstacles related to interpretability, data scarcity, and reproducibility [5].
A systems-level approach must therefore go beyond algorithm development. It must consider
how data are collected and harmonized, how models are embedded in clinical workflows,
how decisions are audited, and how the prioritization system remains trustworthy over time.
This paper addresses those dimensions by examining architecture, data infrastructure, network
reasoning, deployment, governance, and policy implications for artificial intelligence-driven
prioritization of combination therapies in multigenic diseases.

2. Systems Architecture and Structural Trade-offs

An artificial intelligence-driven combination therapy prioritization system can be
conceptualized as a layered architecture comprising data ingestion, representation learning,
candidate generation, network reasoning, and clinical ranking modules. The architecture must
accommodate heterogeneous inputs including genomic variants, transcriptomic profiles,
protein interaction maps, electronic health records, pharmacological databases, and prior
clinical trial results. A network community-based model for identifying synergistic
combinations from herbal medicines and complex systems illustrates how modular
decomposition of biological networks can narrow the candidate space and propose
combination hypotheses [6]. Such approaches highlight a key architectural principle:
prioritization is more effective when the system can explicitly represent relational structure
rather than treating each drug and target as isolated features.

A central structural trade-off concerns centralization versus federation. Centralized
architectures simplify governance and model versioning, but they require pooling sensitive
patient data and create bottlenecks for maintenance and legal compliance. Federated
architectures allow models to be trained across distributed health systems without moving raw
data, but they introduce additional complexity in synchronization, heterogeneity of local data
schemas, and evaluation. A further trade-off exists between interpretable rule-based models
and high-capacity black-box learners. In clinical prioritization, interpretability is often
necessary for regulatory acceptance and clinician trust, yet interpretable models may
underperform in capturing nonlinear interactions. Hybrid architectures that use graph-based
embeddings with attention mechanisms and post hoc explanation layers offer one compromise,
but they still require careful evaluation of stability and semantic fidelity.



Another structural consideration is the relationship between batch and online learning.
Combination therapy evidence accumulates continuously from publications, clinical trials,
and real-world outcomes. A purely batch-trained system becomes stale and may fail to
incorporate emerging safety signals. Online learning enables gradual adaptation, but it can
destabilize prior knowledge and complicate reproducibility. Versioned model registries, data
lineage tracking, and staged deployment are therefore essential components. The architecture
must also support human override and expert review because prioritization outputs are
recommendations rather than autonomous therapeutic decisions. These structural choices
determine not only predictive accuracy but also institutional accountability.

3. Data Infrastructure and Integration

The quality and breadth of data infrastructure fundamentally constrain the performance of any
prioritization system. Pharmacological databases such as DrugBank provide structured
information on drug targets, indications, and interactions, forming a reference layer for
candidate selection [7]. Transcriptomic databases and perturbation resources, including the
Connectivity Map, allow systems to connect drug-induced expression signatures with disease
signatures, enabling mechanism-aware matching [8]. The subsequent L1000 platform has
expanded this resource to a much larger set of perturbations and cellular contexts, offering a
high-throughput basis for systematic screening and signature inversion analysis [9]. However,
these resources differ in experimental conditions, normalization procedures, and biological
coverage, and such differences must be reconciled before integration.

Multigenic disease modeling requires the integration of genomic, transcriptomic, proteomic,
metabolomic, and clinical phenotype data. Integrative omics approaches emphasize that no
single molecular layer captures the full complexity of disease, and that combining layers can
reveal regulatory interactions that are invisible in isolated datasets [10]. The challenge is not
only technical but also semantic. Data elements must be mapped to common ontologies, batch
effects must be modeled, and missingness must be addressed without introducing spurious
confidence. Moreover, the unit of analysis matters. Population-level models may obscure
individual risk architectures, while personalized approaches such as one-person trials call for
repeated measurements and individualized baselines [11]. Prioritization systems must
therefore support multiple levels of analysis and maintain provenance for every feature.

Data governance is a core infrastructural concern. The ethical use of patient-derived data
requires consent frameworks, de-identification standards, and secure access controls. Real-
world evidence from electronic health records can enrich clinical validity, but it often contains
biases, irregular sampling, and confounding by indication. A robust prioritization system
should treat data quality as a first-class modeling problem, with automated checks for
representativeness, temporal drift, and label noise. Without such infrastructure, even the most
sophisticated learning algorithms will generate rankings that reflect historical inequities and
measurement artifacts. Thus, the data layer is not merely a prerequisite; it is an active
determinant of downstream fairness and clinical utility.

4. Network Reasoning and Machine Learning for Prioritization

Network-based reasoning is particularly well suited to combination therapy prioritization
because multigenic diseases are often characterized by distributed perturbations across
interacting molecular modules. Graph convolutional models have been used to predict
polypharmacy side effects by learning from drug-protein and protein-protein interaction
networks, demonstrating that relational structure can improve generalization to unseen drug



combinations [12]. Similar strategies can be adapted to rank therapeutic combinations by
integrating disease modules, drug targets, and pathway annotations. The network community-
based prioritization approach introduced in [6] fits within this tradition by using community
structure to identify candidate synergies, although it represents only one point in a broader
design space.

Supervised learning approaches have also been developed for predicting drug synergy.
DeepSynergy, for example, pairs chemical and genomic features to estimate synergy scores in
cancer cell lines [13]. However, such models are often limited by the availability of labeled
synergy data, which is expensive and biased toward certain cancer types and drug classes.
Public resources such as Therapeutics Data Commons have begun to standardize machine
learning datasets and evaluation tasks for drug discovery, enabling more rigorous
benchmarking [14]. These platforms are essential because the absence of common
benchmarks can lead to overoptimistic claims and poor reproducibility.

Deep learning in genomics offers representations that can link variants, regulatory elements,
and expression patterns to disease risk and drug response [15]. Molecular graph
representations further allow models to encode chemical structure in a differentiable form,
supporting the prediction of compound properties and interactions [16]. These techniques
have been successfully applied in antimicrobial discovery, where a deep learning model
identified structurally novel antibiotic candidates [17]. In combination therapy prioritization,
such methods can be fused with network-derived features to produce a multi-view
representation that captures both molecular similarity and systems-level interaction. The
critical requirement is that predictive models remain calibrated under distribution shift,
especially when applied to patient populations or disease contexts not represented in training
data.

Multi-objective prioritization is another key element of network reasoning. An ideal
combination may need to maximize efficacy, minimize toxicity, avoid adverse drug-drug
interactions, and account for patient-specific comorbidities. This cannot be reduced to a single
scalar score without losing information. Systems should therefore produce rankings
accompanied by uncertainty estimates and sensitivity analyses. Explainability techniques
should reveal which interactions or pathways drive the recommendation, enabling clinicians
to assess biological plausibility. The prioritization system is best understood as a decision-
support tool that surfaces candidates for deeper review rather than as an autonomous oracle.

5. Deployment, Sustainability, and Clinical Translation

Deployment of artificial intelligence-driven prioritization systems in clinical environments
introduces challenges that differ from model development. Machine learning in medicine
requires careful attention to workflow integration, alert fatigue, and the alignment of
algorithmic outputs with clinical decision-making rhythms [18]. A prioritization engine that
produces recommendations at the wrong time, in an incompatible format, or without sufficient
context is unlikely to influence care. Successful translation therefore depends on user-
centered design, integration with electronic health record systems, and the involvement of
clinicians from the earliest stages of system design.

Sustainability is often underappreciated in artificial intelligence health systems. Big data and
machine learning in health care have generated considerable enthusiasm, but many models are
never deployed beyond publication [19]. The reasons include fragmented data pipelines,
absent maintenance funding, regulatory barriers, and organizational resistance. A sustainable



prioritization system requires dedicated data stewards, continuous model monitoring, and
institutional commitments to updating evidence as clinical knowledge evolves. Realistic
assessments of what artificial intelligence can and cannot achieve are necessary to avoid
disillusionment and to direct resources toward tractable problems [20]. Industry interest in
artificial intelligence-driven drug discovery has accelerated investment, but translation
remains uneven and often concentrated in well-resourced settings [21].

Clinical translation also demands regulatory clarity. Combination therapies may involve
approved drugs used off-label, investigational agents, or dietary and herbal products, each
with different evidentiary standards. The prioritization system must therefore be explicit about
the source and strength of evidence for each candidate. Validation should include
retrospective cohorts, prospective observational studies, and randomized trials where feasible.
Moreover, deployment should include feedback loops that capture real-world outcomes and
refine rankings over time. This closes the gap between computational prediction and
therapeutic evidence.

6. Governance, Fairness, and Policy Implications

Fairness is a critical concern for any artificial intelligence system that influences access to
treatment. Algorithmic bias in health care is not hypothetical; widely used population health
algorithms have been shown to systematically underestimate illness severity in Black patients
when trained on health care costs rather than health status [22]. A combination therapy
prioritization system could reproduce similar biases if its training data underrepresent certain
populations, if it proxies disease severity through utilization, or if it assumes uniform
biological response across diverse ancestries. Governance frameworks must therefore require
fairness audits, disaggregated performance evaluation, and explicit consideration of
distributive consequences.

Transparency and accountability are equally important. Prioritization systems should
document model provenance, training data characteristics, performance limitations, and the
logic of candidate ranking. Regulatory authorities may require such documentation for
software as a medical device. In addition, the use of real-world evidence and adaptive
algorithms raises questions about informed consent and patient rights. Policy instruments
such as algorithm registries, independent audits, and incident reporting mechanisms can
support responsible innovation. However, excessive oversight may slow the adoption of
beneficial tools, so governance should be proportionate to risk.

Sustainability of artificial intelligence prioritization also depends on policy alignment across
research funding, data sharing, and health system reimbursement. Public investment in data
infrastructure, common benchmarks, and open-source evaluation frameworks can reduce
duplication and improve reproducibility. International collaboration is needed to harmonize
data standards and to ensure that combination therapy prioritization benefits diverse
populations rather than widening existing disparities. A forward-looking policy agenda should
combine technical incentives with ethical safeguards, enabling the field to move from proof-
of-concept models toward trustworthy clinical decision support.

7. Conclusion

The prioritization of combination therapies for multigenic diseases requires a deliberate
integration of computational methods, biological network reasoning, data infrastructure, and
clinical governance. Artificial intelligence offers powerful tools for exploring combinatorial
therapeutic spaces, but the effectiveness of these tools depends on system-level design rather



than algorithmic sophistication alone. Architectural choices such as centralization,
interpretability, and learning mode shape how prioritization systems perform in real clinical
environments. Data integration across pharmacological, omics, and real-world sources
determines the quality of inputs, while network-based and machine learning methods provide
the reasoning layer. Deployment and sustainability require institutional commitment,
workflow alignment, and continuous monitoring. Governance and fairness frameworks must
ensure that prioritization systems do not reproduce existing disparities or obscure uncertainty.
By treating these dimensions as interconnected components of a socio-technical infrastructure,
researchers, clinicians, and policymakers can advance therapeutic decision support that is
both technically credible and ethically defensible.
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