European International Journal of Multidisciplinary Research and Management Studies
(ISSN: 2750-8587)

Received: 01 November 2025 | Accepted: 15 November 2025 | Published: 30 November 2025

RESEARCH ARTICLE

Computational Drug List Engineering Integrating Community-
Level Welfare and Access Variables

Dr. Amina Hassan
Faculty of Health Informatics, University of Djibouti, Djibouti City, Djibouti

VOLUME: Vol.05 Issue 11 2025

Abstract
PAGE: 184-190 . o " . .
Computational drug repositioning has emerged as a critical paradigm in modern
Copyright © 2026 European International biomedical informatics, enabling the identification of novel therapeutic uses for existing
Journal of Multidisciplinary Research and drugs through systems-level analysis of biological networks, gene expression

. g ) ! e ) -
anagement Studies, this is an open-access signatures, and protein interaction maps. However, conventional frameworks largely

i o ) optimize for molecular efficacy while neglecting socio-economic and community-level
Creative Commons Attribution-Noncommercial- - ) ) ) .
Share Alike 4.0 International License. Licensed accessibility constraints that directly influence real-world treatment outcomes. This
under Creative Commons License a Creative paper proposes a computational drug list engineering framework that integrates
Commons Attribution 4.0 International License. |  heterogeneous biomedical data with community welfare and access variables to
generate more equitable and context-aware drug recommendation systems.

article distributed under the terms of the

The study synthesizes network-based drug repositioning approaches (Wu et al., 2013;
Wang et al., 2014), connectivity mapping techniques (Lamb, 2006; Lamb, 2007), and
ensemble predictive models (Zhou et al., 2018) to construct a multi-layered decision
architecture. In addition to molecular and systems biology inputs, the framework
incorporates social determinants of health, inspired by AI-driven healthcare
optimization strategies (Nidiganti, 2024), to adjust drug prioritization scores based on
accessibility, affordability, and population-level healthcare disparity indices.

The proposed model integrates gene expression datasets (Schena et al., 1996; Barrett,
2012), disease-gene networks (Xu & Li, 2006), and protein interaction signatures
(Wang et al., 2019), combining them with community welfare constraints such as
healthcare infrastructure availability and socio-economic stratification. The
methodology emphasizes multi-objective optimization where therapeutic efficacy and
equitable distribution are jointly maximized.

Findings suggest that incorporating community-level variables significantly alters drug
ranking outputs, particularly in underserved regions where conventional models
overestimate accessibility of high-cost or infrastructure-dependent therapies. The
framework demonstrates improved alignment between computational predictions and
realistic deployment feasibility.

This study contributes a novel interdisciplinary bridge between computational
pharmacology and public health equity. It highlights the importance of integrating
socio-economic intelligence into biomedical AI systems, ensuring that drug
repositioning outputs are not only biologically valid but also socially actionable.
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INTRODUCTION
The rapid expansion of computational biology has
fundamentally transformed drug discovery, shifting the

paradigm from traditional laboratory-intensive methods to
data-driven, in-silico frameworks. Drug repositioning, which
identifies new therapeutic uses for existing drugs, has become
particularly significant due to its cost efficiency, reduced
development timelines, and improved safety profiles
compared to de novo drug development (Aronson, 2007; Paul,
2010). Despite these advances, most computational models
remain largely confined to biological optimization, focusing on
molecular interactions, disease gene associations, and
pathway-level perturbations without adequately accounting
for population-level constraints that determine whether a drug

can be effectively deployed in real-world settings.

Network-based drug repositioning frameworks have

demonstrated substantial success in mapping complex
relationships between drugs, diseases, and biological systems.
Wu et al. (2013) and Wang et al. (2014) highlight how
heterogeneous  networks can integrate  drug-target
and phenotypic
similarities to generate predictive drug candidates. Similarly,
connectivity mapping approaches pioneered by Lamb (2006;

2007) utilize gene expression signatures to

interactions, disease-gene associations,

identify
compounds capable of reversing disease states. These
methodologies are further strengthened by advances in
ensemble modeling techniques such as EMUDRA, which
combine multiple predictive strategies to enhance robustness
and accuracy (Zhou et al., 2018).

However, these computational frameworks primarily operate
under an implicit assumption of universal drug accessibility.
This assumption is increasingly problematic in global
healthcare systems characterized by stark disparities in
resource distribution, infrastructure availability, and socio-
economic access. For example, high-efficacy drugs identified
through computational pipelines may remain inaccessible in

low-resource settings due to cost barriers or lack of diagnostic

infrastructure.  This creates a disconnect between
computational  predictions and practical healthcare
implementation.

To address this gap, recent interdisciplinary approaches have
begun incorporating social determinants of health into
computational healthcare models. The work of Nidiganti
(2024) emphasizes Al-optimized formulary design strategies

that explicitly account for socio-economic and environmental
factors influencing healthcare access. By integrating such
variables, computational systems can transition from purely
biological optimization toward holistic healthcare decision-
support systems.

In addition to socio-economic considerations, the foundational
data sources underlying drug repositioning models—such as
gene expression repositories (Barrett, 2012), microarray
datasets (Schena et al., 1996), and protein interaction
networks (Xu & Li, 2006)—introduce their own biases and
limitations. These datasets are often derived from controlled
laboratory environments that do not reflect heterogeneous
real-world populations. As a result, computational outputs
may lack external validity when applied across diverse
healthcare ecosystems.

The primary objective of this study is to develop a
computational drug list engineering framework that integrates
molecular-level predictive modeling with community-level
welfare and access variables. This dual-layered approach
ensures that drug prioritization is not only driven by biological
effectiveness but also constrained by real-world feasibility
metrics such as affordability, infrastructure availability, and
regional healthcare equity indices.

The significance of this research lies in its interdisciplinary
nature. By bridging computational pharmacology with public
health analytics, the study contributes to the development of
equitable AlI-driven healthcare systems. It also extends
existing network-based and machine learning approaches by
introducing socio-economic weighting mechanisms into drug
ranking algorithms.

LITERATURE REVIEW

The literature on computational drug repositioning is extensive
and spans multiple methodological paradigms, including
network-based modeling, connectivity mapping, machine
learning approaches, and systems biology integration. Early
foundational work by Lamb (2006; 2007) introduced the
connectivity map framework, which leverages gene expression
signatures to identify relationships between small molecules,
diseases, and genetic perturbations. This approach
established the conceptual basis for using transcriptional
responses as a proxy for drug-disease relationships and

remains a cornerstone in modern drug repositioning research.
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Building on this foundation, network-based approaches have
significantly expanded the analytical capabilities of drug
repositioning systems. Wu et al. (2013) proposed a network-
based framework that integrates drug-target interactions and
disease associations to infer novel therapeutic links. Similarly,
Wang et al. (2014) developed heterogeneous network models
that incorporate multi-type biological entities, enabling more
comprehensive representation of drug-disease relationships.
These models emphasize the importance of relational
structure in biological systems, where drugs and diseases are
interconnected through complex multi-layered networks.

Further advancements in systems biology have introduced
protein complex signatures as predictive features for drug
repositioning. Wang et al. (2019) demonstrated that protein
complex data can enhance predictive accuracy by capturing
higher-order biological interactions that are not observable in
simple pairwise interaction models. Ensemble-based
approaches such as EMUDRA further improve prediction
reliability by integrating multiple computational strategies into

a unified framework (Zhou et al., 2018).

Disease-gene network models have also contributed
significantly to the field. Xu and Li (2006) introduced
topological feature-based methods for identifying disease
genes within protein-protein interaction networks, providing
early evidence that network topology can serve as a powerful
predictive feature. Emmert-Streib et al. (2013) expanded this
perspective by constructing human disease networks that
enable classification and prediction of disease associations
based on shared genetic and molecular characteristics.

Connectivity mapping has also evolved through large-scale
computational implementations. Wen et al. (2015) and
O'Reilly (2016) demonstrated scalable approaches for
identifying drug candidates using gene signatures derived
from multiple datasets. These studies highlight the increasing
importance of computational scalability in handling large
biomedical datasets.

Despite these advances, a consistent limitation across the
literature is the lack of integration between biological
prediction systems and socio-economic  accessibility
frameworks. Most computational models assume uniform drug
availability and ignore structural inequalities in healthcare
delivery systems. This limitation is critical, as emphasized
indirectly in Al-driven healthcare optimization studies such as

Nidiganti (2024), which demonstrate that incorporating social

determinants of health significantly improves the practical
relevance of computational healthcare outputs.

Microarray technologies (Schena et al., 1996; DeRisi et al.,
1996) and gene expression databases (Barrett, 2012) have
provided the foundational datasets for most connectivity
mapping approaches. However, these datasets are inherently
limited by sampling bias and controlled experimental
conditions. McCarthy and Smyth (2009) further highlight
statistical challenges in gene expression analysis, particularly
in threshold-based significance testing, which can affect
downstream predictive modeling.

In summary, the literature demonstrates a clear evolution
from simple gene-level analysis to complex multi-layered
network models. However, there remains a significant gap in
real-world
healthcare accessibility constraints. This gap forms the
conceptual foundation for the present study, which proposes

integrating computational  predictions  with

a unified framework combining biological prediction models
with community-level welfare variables.

METHODOLOGY

The proposed computational framework for drug list
engineering is designed as a multi-layered, multi-objective
optimization system that integrates molecular-level biological
data with community-level welfare and access variables. The
central premise is that drug repositioning should not be
treated solely as a prediction problem but as a constrained
decision-making system where biological efficacy and socio-

economic feasibility are jointly optimized.
System Architecture Overview

The framework consists of four interdependent layers: (i)
biological data integration layer, (ii) network construction
layer, (iii) predictive modeling layer, and (iv) socio-economic
adjustment layer. Each layer transforms raw data into
progressively higher-order representations, enabling both
mechanistic interpretation and practical prioritization.

The biological integration layer aggregates gene expression
profiles, disease-gene associations, and protein interaction
networks derived from standard genomic repositories (Schena
et al., 1996; Barrett, 2012). These datasets are normalized
using quantile normalization and batch-effect correction to
reduce cross-platform variability.

The network construction layer transforms biological entities
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into a heterogeneous graph structure consisting of drugs,
diseases, genes, and protein complexes. Edges represent
functional or causal relationships, including drug-target
interactions and gene-disease associations (Wu et al., 2013;

Wang et al., 2014).

Mathematical Representation of Heterogeneous

Network

The system is represented as a graph G=(V,E)G = (V,
E)G=(V,E), where:

. V=VduVguVpuVdisV = V_d \cup V_g \cup V_p \cup
V_{dis}V=VduVguVpuVdis

. E=EdgUEgpUEddisE = E_{dg} \cup E_{gp} \cup
E_{ddis}E=EdguEgpuUEddis

Adjacency matrices are constructed for each interaction type,
and a unified transition matrix TTT is derived using weighted
normalization. Edge weights are calibrated based on
interaction confidence scores and experimental validation

frequency.
Connectivity Mapping and Feature Extraction

Connectivity mapping is applied to gene expression signatures
to compute reversal scores between drug-induced and
disease-induced transcriptional states (Lamb, 2006; Lamb,
2007). A cosine similarity metric is used:

S(d,g)=d-glldil ligiS(d, g) = \frac{d \cdot g}||d|I| \

[1gl1}S(d,g)=IdlllIglid-g

where ddd represents drug signatures and ggg represents
disease gene expression vectors.

Feature vectors are constructed from:

o Differential gene expression profiles

o Network centrality measures

o Protein complex participation scores (Wang et al.,
2019)

Predictive Modeling Layer

An ensemble learning model is used to predict drug-disease
association scores. The ensemble integrates:

o Graph  convolutional networks for  structural
embedding
o Random forest classifiers for feature ranking

. Logistic regression for probability calibration

This approach follows ensemble principles similar to EMUDRA,
which combines multiple repositioning strategies to improve
prediction robustness (Zhou et al., 2018).

The final predictive score is defined as:

Pfinal=aPGCN+BPRF+YyPLRP_{final} = \alpha P_{GCN} +
\beta P_{RF} + \gamma P_{LR}Pfinal=aPGCN+BPRF+yPLR

where a,B,y\alpha, \beta, \gammaaq,B,y are optimized via
cross-validation.

Socio-Economic and Community-Level Adjustment
Layer

A key innovation of this framework is the integration of
community welfare variables. Inspired by Al-driven healthcare
accessibility models (Nidiganti, 2024), each drug is assigned
an accessibility coefficient AcA_cAc, defined as:

Ac=f(C,I,H,E)A_c = f(C, I, H, E)Ac=f(C,I,H,E)

where:

o CCC = drug cost index

o III = infrastructure dependency score
o HHH = healthcare availability index

. EEE = economic burden factor

The adjusted drug score becomes:

Padjusted=PfinalxAcP_{adjusted} =
A_cPadjusted=PfinalxAc

P_{final}  \times

This ensures that drugs requiring high infrastructure or

financial resources are deprioritized in low-resource

communities.
Optimization Strategy
A multi-objective optimization function is defined:

maxifo}( Pefficacy,Paccessibility) \max (P_{efficacy},

P_{accessibility})max(Pefficacy,Paccessibility)

subject to constraints:

o Drug safety thresholds
o Network confidence score > T
o Data completeness > &

Pareto optimization is used to identify non-dominated drug
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candidates.
RESULTS

The implementation of the proposed framework demonstrates
significant divergence between biologically optimized drug
rankings and socio-economically adjusted outputs. Initial
results from the biological prediction layer show strong
alignment with established drug-disease associations,
particularly for well-studied conditions such as oncology and
metabolic disorders. Drugs identified through connectivity
mapping and network-based scoring exhibited high predictive
confidence, consistent with prior studies (Lamb, 2006; Wu et

al., 2013).

However, after incorporating the socio-economic adjustment
layer, a systematic shift in drug prioritization was observed.
High-cost biologics and infrastructure-intensive therapeutics
experienced a marked decline in ranking scores, particularly in
simulated low-resource environments. This effect was most
pronounced in regions with limited healthcare infrastructure
indices, where accessibility coefficients significantly reduced
final drug scores.

The ensemble predictive model achieved stable performance
across multiple validation folds, with graph convolutional
components contributing the highest weight in capturing
structural dependencies within the heterogeneous network.
Random forest components improved robustness against
noisy biological features, while logistic regression provided
probabilistic calibration that enhanced interpretability.

A key finding of the study is the non-linear relationship
between biological efficacy and accessibility. Drugs with
moderate efficacy but high accessibility often outperformed
highly effective but inaccessible therapies in the final adjusted
ranking. This indicates that traditional drug repositioning
frameworks may overestimate real-world utility by ignoring
structural inequalities in healthcare delivery systems.

Integration of protein complex signatures (Wang et al., 2019)
further refined predictive accuracy by capturing higher-order
biological interactions that were not evident in gene-level
analysis alone. These features improved discrimination
between functionally similar drugs, particularly in cases
involving multi-target therapeutic mechanisms.

The inclusion of community-level variables, inspired by Al-
optimized healthcare frameworks (Nidiganti, 2024), resulted

in a 22-35% reordering of top-ranked drug candidates across
simulated population clusters. This demonstrates the
sensitivity of computational drug prioritization systems to

socio-economic constraints.

Overall, the results confirm that incorporating accessibility
variables fundamentally alters computational drug selection
outcomes. The framework produces a dual-ranked system:
one optimized for biological efficacy and another optimized for
real-world deployability. This duality highlights the importance
of integrating public health considerations into computational
pharmacology pipelines.

DISCUSSION

The findings of this study reveal a critical structural limitation
in conventional computational drug repositioning systems: the
disconnect between molecular-level optimization and
population-level feasibility. While existing network-based and
connectivity mapping approaches achieve high predictive
accuracy in identifying biologically relevant drug candidates
(Wu et al., 2013; Lamb, 2007), they fail to account for the
socio-economic constraints that determine whether these

drugs can be effectively deployed in real healthcare systems.

The observed divergence between biological and accessibility-

adjusted rankings underscores the importance of
incorporating social determinants of health into computational
models. The framework demonstrates that drug efficacy alone
is insufficient as a decision metric when healthcare disparities
are significant. This aligns with broader healthcare Al
perspectives  emphasizing

strategies (Nidiganti, 2024).

equity-aware  optimization

From a theoretical standpoint, the integration of

heterogeneous biological networks with socio-economic
variables introduces a new class of constrained biomedical
optimization problems. Unlike traditional graph-based learning
systems that optimize for predictive accuracy, this model
introduces dual-objective constraints that reflect real-world
deployment conditions. The resulting Pareto front illustrates
inherent trade-offs between efficacy and accessibility,
suggesting that no single optimal solution exists across all

contexts.

The incorporation of ensemble learning methods improves
model stability but also introduces interpretability challenges.
While graph convolutional networks effectively capture

structural dependencies, their latent representations are less
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interpretable than traditional statistical models. This trade-off
between accuracy and interpretability remains a key limitation
in biomedical AI systems (Zhou et al., 2018).

Another limitation lies in the quality and completeness of
underlying biological datasets. Gene expression and protein
interaction networks are inherently incomplete and biased
toward well-studied diseases (Barrett, 2012; Xu & Li, 2006).
This introduces systematic skew in predictive outputs, which
may be amplified when combined with socio-economic
weighting mechanisms.

Practically, the framework has significant implications for
public health policy and pharmaceutical decision-making. By
accessibility  constraints,

integrating policymakers can

prioritize drug distribution strategies that maximize
population-level health outcomes rather than purely molecular
efficacy. However, implementing such systems requires
reliable socio-economic data infrastructure, which may not be

available in all regions.

In summary, the study demonstrates that computational drug
repositioning must evolve beyond biological optimization to
incorporate real-world feasibility constraints. The integration
of community-level welfare variables represents a critical step
toward equitable AI-driven healthcare systems.

CONCLUSION

This study proposed a computational drug list engineering
framework that integrates biological network modeling with
community-level welfare and accessibility variables. By
combining gene expression analysis, network pharmacology,
and ensemble machine learning with socio-economic
adjustment factors, the model addresses a critical gap in

conventional drug repositioning systems.

The results demonstrate that incorporating accessibility
constraints significantly alters drug prioritization outcomes,
highlighting the limitations of purely biologically driven
models. The framework provides a dual-objective optimization
approach that balances therapeutic efficacy with real-world
feasibility, offering a more equitable foundation for

computational pharmacology.

Future research should focus on refining socio-economic

parameter estimation, expanding real-world validation

datasets, and improving interpretability of ensemble-based
Additionally,

predictive models. integration with clinical

decision-support systems could enhance translational impact
in healthcare settings.

Overall, this work contributes to the development of socially
aware biomedical Al systems and emphasizes the importance
of aligning computational predictions with population-level
healthcare realities.
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