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Introduction 

Drug repurposing is strategically attractive because it can generate therapeutic hypotheses from existing pharmacological 

knowledge rather than beginning with entirely new chemical entities. Curated repurposing resources and biomedical 

knowledge graphs have shown how known drug properties, disease associations, and molecular evidence can be systematically 

organized for computational inference [1,  2]. Yet a predicted drug–disease association alone is rarely sufficient to motivate 

experimental follow-up, because translational researchers need to know why a candidate is plausible before investing 

resources. This creates a strong need for repurposing models that return mechanistic evidence rather than only ranked 

candidates. 

The biological data available for repurposing are unusually rich, spanning disease transcriptomic profiles, drug-induced gene 

expression signatures, pathway databases, target annotations, and protein interaction networks. The Connectivity Map and 

L1000 resources established a large-scale foundation for comparing disease states with drug perturbation profiles [3], while 

LINCS-oriented systems resources have expanded the use of cellular response signatures as reusable computational features 

[4]. Drug signature platforms such as L1000FWD further support the idea that perturbational transcriptomics can be queried 

as a mechanistic space for candidate discovery [5]. However, without interpretability, these signals may remain detached from 

the pathway and target biology that would make a prediction actionable. 
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Drug repurposing can accelerate the transition from biological hypothesis to therapeutic evaluation 

by leveraging compounds with existing pharmacological knowledge; however, many computational 

predictions remain challenging to act upon because their underlying biological rationale is not 

explicit. Current repurposing models often treat drug–disease associations as black-box predictions, 

limiting their utility for biologists and clinicians who need to understand the pathways, targets, or 

transcriptomic relationships supporting a proposed indication. To address this, an explainable 

machine learning model can be designed to predict drug repurposing opportunities while providing 

transparent biological explanations for each prediction, highlighting influential transcriptomic 

signatures, pathway signals, and target proteins. Such a multi-modal model could integrate disease 

expression profiles, drug perturbation signatures, pathway enrichment features, and protein–protein 

interaction network proximity, with SHAP-based attribution and pathway-level attention 

decomposing predictions into interpretable biological components. Conceptually, the system would 

output a ranked set of drug–disease pairs alongside evidence narratives that specify the relevant 

pathways, target proteins, and directions of transcriptomic reversal, rendering each prediction 

biologically plausible. By providing interpretable insights, an explainable repurposing model would 

transform computational repositioning from a mere screening exercise into a hypothesis-generation 

framework, enabling scientists to prioritize predictions for experimental or translational follow-up. 
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Recent progress in explainable artificial intelligence makes it possible to attribute predictions to genes, targets, pathways, 

graph paths, or latent biological features. Network-based deep learning models have been proposed for in silico repositioning 

[6], while interpretable knowledge-graph and reasoning-path approaches demonstrate that model outputs can be connected to 

biological entities rather than treated as opaque scores [7, 8]. Explainability is especially important in systems pharmacology 

because drug action is distributed across molecular networks and cellular programs, not confined to a single isolated feature. 

A useful XAI model should therefore translate statistical evidence into biological reasoning that medicinal chemists, 

pharmacologists, and disease experts can examine. 

The central thesis of this article is that an explainable repurposing model should predict drug–disease relationships and 

simultaneously provide a pathway- and target-level rationale for each prediction. Such a model would combine transcriptomic 

reversal, pathway enrichment, target-network proximity, and knowledge-graph context into a unified decision process [9, 10]. 

Its explanation layer would identify which disease genes, perturbation signatures, targets, and biological pathways contributed 

most to the predicted opportunity. This design would help bridge the gap between computational screening and experimental 

validation by making predictions easier to critique, prioritize, and refine. 

 

Background 

Principles of Drug Repurposing 

Computational drug repurposing includes signature matching, network-based prioritization, literature mining, knowledge-

graph completion, and supervised learning over known drug–disease relationships. Signature-based approaches compare drug-

induced molecular changes with disease-associated changes, while network approaches examine how drug targets relate to 

disease modules in the interactome [11, 12]. Literature-derived and knowledge-graph methods add another layer by connecting 

drugs and diseases through genes, pathways, phenotypes, and biomedical concepts [13, 14]. Across these strategies, biological 

plausibility remains essential because a candidate that is statistically ranked but mechanistically unexplained is unlikely to 

inspire confidence. 

 

Transcriptomic Signatures and Drug Perturbation Data 

Transcriptomic signatures provide a systematic way to represent both disease states and drug-induced cellular responses. The 

Connectivity Map, L1000 platform, and related perturbational resources make it possible to ask whether a compound could 

reverse a disease-associated expression program [3, 5]. Deep representation learning has also been used to encode gene 

expression profiles for drug repurposing, suggesting that disease and compound signatures can be compared in a learned 

molecular space [15]. Still, interpretation is complicated by context dependence, including cell type, perturbation conditions, 

platform differences, and batch effects. 

 

Biological Pathways and Gene Set Enrichment 

Pathway and gene set enrichment analyses help convert high-dimensional gene-level measurements into interpretable 

biological themes. Instead of asking whether thousands of genes individually support a repurposing prediction, a pathway-

aware model can ask whether immune signaling, metabolic regulation, cell-cycle control, or stress-response programs are 

directionally altered. Pathway-guided neural models and enrichment-oriented drug response frameworks show how structured 

biological knowledge can constrain or explain machine learning outputs [16, 17]. This makes pathway-level features valuable 

both for prediction and for communicating the biological logic behind a candidate. 

 

Target Networks and Proximity in the Interactome 

Target-network methods rest on the idea that effective drugs often act near disease-associated proteins within the human 

interactome. Network medicine studies of repurposing have used proximity between drug targets and disease modules to reason 

about candidate mechanisms [11, 12]. Integrative frameworks can combine target networks with expression, pathway, and 

clinical knowledge to generate mechanistically grounded hypotheses [18, 19]. In an explainable model, the same network 

features should not only influence prediction but also reveal which target–disease relationships make the candidate plausible. 

 

Explainable AI for Biological Discovery 

Explainable AI methods can help transform model outputs into biological interpretations by attributing predictions to features, 

graph edges, pathways, or molecular entities. Knowledge-guided graph neural networks, transformer-based architectures, and 

visible neural models have been used to make drug response or drug activity prediction more interpretable [20, 21]. Studies 

comparing interpretable and non-interpretable architectures also highlight that transparency must be evaluated carefully rather 

than assumed from model design alone [22]. For drug repurposing, the key challenge is not merely to produce explanations, 

but to ensure that the explanations are biologically coherent and useful for downstream decision-making. 

 

Model Development Overview 

High-Level Framework 

The proposed framework would ingest disease transcriptomic signatures, drug perturbation signatures, pathway enrichment 

scores, target-network features, and known drug–target relationships. A supervised learning module could estimate the 

likelihood that a drug–disease pair represents a plausible repurposing opportunity, drawing inspiration from network-based 
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deep learning and knowledge-graph approaches [6, 10]. A separate explanation module would then decompose the prediction 

into transcriptomic, pathway, target, and graph-based contributions. The goal is to make the model’s reasoning visible without 

claiming that computational evidence alone establishes therapeutic efficacy. 

Figure 1 illustrates the proposed explainable drug repurposing architecture, showing how transcriptomic signatures, pathway 

enrichment, and target-network evidence are transformed into ranked drug–disease hypotheses with biologically interpretable 

explanations. 

 

 
Figure 1. Explainable Drug Repurposing Architecture Using Transcriptomics, Drug Signatures, Pathways, and Target 

Networks. 

 

Core Input Features 

The core feature set would include disease-associated differentially expressed genes, drug-induced expression changes, 

pathway enrichment summaries, and protein-network proximity between drug targets and disease proteins. Transcriptomic 

features would encode whether a drug perturbation is expected to oppose or reinforce disease biology, following the broader 

logic of perturbational signature matching [3, 15]. Pathway features would summarize coordinated biological programs, while 

target features would describe whether a compound’s known targets sit close to disease-relevant proteins in the interactome 

[11]. Known drug–target annotations and repurposing resources would provide structured supervision and biological context 

for training [1]. 

 

Design Principles 

The model should output more than a repurposing score; it should also produce a ranked explanation identifying influential 

pathways, targets, genes, and transcriptomic contrasts. Knowledge-graph completion and reasoning-path models show that 

drug–disease predictions can be accompanied by interpretable routes through biological entities [2, 8]. This principle can be 

extended by presenting directional contributions, such as whether reversal of an inflammatory pathway increases support for 

the prediction or whether target-network proximity drives the score. The explanation should be understandable to a biologist 

while remaining faithful to the model’s actual decision process. 

 

Data Sources and Feature Engineering 

Assembling Disease and Drug Transcriptomic Profiles 

Disease expression profiles could be curated from public repositories, disease-focused studies, or cancer transcriptomic 

resources, while drug perturbation profiles could be drawn from Connectivity Map, LINCS L1000, or related drug-signature 

collections. Harmonization would require consistent gene identifiers, comparable expression contrasts, and careful 

normalization before disease and drug signatures are compared [3, 4]. Query tools such as L1000FWD illustrate how 

perturbational profiles can be organized for interpretable exploration of drug-induced molecular states [5]. Feature engineering 

should preserve both gene-level directionality and higher-level biological context so that later explanations remain traceable. 

Table 1 defines the main evidence domains that should be integrated into the proposed explainable repurposing model and 

clarifies how each domain contributes separately to prediction and biological interpretation. 

 

Table 1. Multi-Modal Evidence Domains for Explainable Drug Repurposing Prediction 

Evidence 

domain 

Primary 

biological 

question 

addressed 

Representative input 

features 

How the domain 

contributes to 

prediction 

How the domain 

supports 

explanation 

Main interpretive 

risk 

Disease 

transcriptomic 

signature 

What molecular 

program 

characterizes the 

disease state? 

Differentially 

expressed genes, 

disease-associated 

expression contrasts, 

tissue- or disease-

Defines the disease 

molecular state 

against which 

candidate drugs are 

compared 

Identifies genes and 

biological programs 

that make the 

disease 

representation 

interpretable 

Disease signatures 

may vary by tissue, 

cohort, platform, 

disease stage, or 

preprocessing 

method 
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specific expression 

profiles 

Drug 

perturbation 

signature 

What molecular 

changes does a 

compound induce? 

Drug-induced 

expression changes, 

L1000 or Connectivity 

Map perturbation 

profiles, dose- and 

time-dependent 

cellular responses 

Allows comparison 

between disease 

biology and 

compound-induced 

molecular reversal 

or reinforcement 

Shows whether the 

drug plausibly 

opposes disease-

associated 

expression patterns 

Cell-line context, 

dose, exposure time, 

and assay conditions 

may not match the 

disease setting 

Transcriptomic 

reversal 

features 

Does the drug 

oppose the disease-

associated 

expression pattern? 

Directional reversal 

scores, gene-level 

concordance or 

discordance, disease–

drug contrast vectors 

Provides a core 

repurposing signal 

by estimating 

whether a drug 

may counteract 

disease biology 

Explains predictions 

through specific 

reversed genes or 

gene programs 

Apparent reversal 

may reflect 

technical artifacts or 

non-disease-specific 

stress responses 

Pathway 

enrichment 

features 

Which biological 

processes organize 

the gene-level 

evidence? 

Enriched pathways, 

gene-set activity 

scores, disease-

activated and drug-

suppressed pathway 

contrasts 

Reduces high-

dimensional gene 

data into 

biologically 

meaningful 

predictive units 

Enables pathway-

level explanations 

such as 

inflammatory, 

metabolic, cell-

cycle, or stress-

response 

mechanisms 

Pathway databases 

are incomplete, 

overlapping, and 

biased toward well-

studied mechanisms 

Drug–target 

annotations 

Which proteins are 

directly or 

indirectly 

modulated by the 

candidate drug? 

Known targets, target 

classes, mechanism-

of-action annotations, 

curated 

pharmacological labels 

Connects candidate 

drugs to molecular 

mechanisms and 

known 

pharmacology 

Supports target-

centric rationales 

for why a drug may 

influence disease 

biology 

Target annotations 

may be incomplete, 

context-dependent, 

or biased toward 

approved and well-

studied drugs 

Protein–

protein 

interaction 

network 

proximity 

Are drug targets 

located near 

disease-relevant 

proteins in the 

interactome? 

Drug target–disease 

protein distance, 

shared network 

neighborhoods, 

disease-module 

proximity 

Adds systems-level 

plausibility beyond 

isolated target 

matching 

Highlights network 

neighborhoods or 

target–disease paths 

supporting the 

prediction 

Interactome 

incompleteness and 

false-positive edges 

may distort 

proximity-based 

explanations 

Knowledge-

graph context 

What structured 

biomedical 

relationships 

connect drug, 

target, disease, 

pathway, and 

phenotype? 

Drug–target–pathway–

disease relations, 

graph paths, semantic 

links, known drug–

disease associations 

Supports relational 

inference over 

heterogeneous 

biomedical 

evidence 

Produces 

interpretable 

reasoning paths that 

can be inspected by 

experts 

Reasoning paths are 

limited by the 

quality, coverage, 

and bias of the 

underlying graph 

Prior 

repurposing 

knowledge 

Has related drug–

disease evidence 

been observed 

before? 

Known indications, 

historical repurposing 

pairs, curated drug 

resources, disease–

drug associations 

Provides 

supervision and 

contextual 

grounding for 

candidate ranking 

Helps distinguish 

novel hypotheses 

from candidates 

supported by prior 

biomedical 

evidence 

Leakage and 

circular evidence 

can inflate apparent 

model performance 

if not controlled 

 
Pathway Enrichment as Structured Features 

For each disease and drug signature, enrichment analysis could be performed against pathway and gene-set resources to create 

structured activity profiles. These pathway-level summaries would reduce the dimensionality of transcriptomic data while 

retaining interpretable biological meaning, as shown conceptually by pathway-guided and enrichment-based predictive models 

[16, 17]. The resulting features could represent whether a pathway is activated in disease, suppressed by a drug, or directionally 

reversed between the two. This design allows the explanation layer to refer to recognizable biological processes rather than 

only isolated genes. 

 

Network Proximity and Target Features 

Target-network features would be derived by mapping drug targets and disease-associated proteins onto a human protein–

protein interaction network. The model could represent how close a drug’s targets are to disease proteins, whether targets and 

disease proteins share pathways, and whether relevant graph neighborhoods contain known mechanistic links [11, 12]. 

COVID-19 repurposing studies using network medicine and integrative frameworks illustrate how target proximity and 

systems-level context can support candidate prioritization [18, 19]. In the proposed model, these features would also support 

target-centric explanations that identify which proteins or network neighborhoods are responsible for a prediction. 
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Explainable Model Architecture 

Predictive Model Core 

The predictive core could be implemented as a gradient-boosted tree ensemble over engineered multi-modal features or as a 

graph neural network over a drug–target–gene–pathway–disease graph. DeepDR demonstrates the feasibility of network-based 

deep learning for drug repositioning [6], while graph neural approaches to repurposing show how multiple sources of biological 

evidence can be harmonized in a single predictive structure [23]. Knowledge-graph frameworks provide an alternative 

architecture when the goal is to reason over typed biomedical relationships rather than fixed feature vectors [10, 24]. In all 

cases, the model should be treated as a hypothesis generator rather than a source of definitive therapeutic claims. 

 

Global and Local Explainability with SHAP 

Post-hoc SHAP values could be calculated for each feature to estimate how much transcriptomic reversal, pathway enrichment, 

target proximity, or graph-derived evidence contributes to a specific prediction. These local explanations would then be 

grouped into biological categories, such as cytokine signaling, kinase inhibition, metabolic regulation, or immune-cell 

activation, so that the output is concise enough for expert review. Interpretable drug-response and pathway-based models show 

that attribution becomes more useful when model features are aligned with biological structure [17, 25]. Global summaries 

could also reveal which categories of evidence the model generally relies on across diseases or drug classes. 

 

Additional Interpretability Layers 

If the model uses a graph neural network, attention or edge-level relevance mechanisms could highlight specific drug–target, 

target–pathway, or pathway–disease connections that support a candidate. Interpretable graph and transformer models in drug-

response prediction illustrate how attention-like mechanisms can connect predictions to molecular entities and biological 

knowledge [20]. Visible neural architectures similarly suggest that model structure can be aligned with known biology so that 

intermediate representations correspond to interpretable functional modules [21]. These layers should complement SHAP-

style attribution by showing not only which features matter, but also how evidence flows through the biological graph. 

 

Linking Predictions to Biological Pathways and Targets 

From SHAP Values to Pathway Narratives 

The explanation module would aggregate gene-level and pathway-level feature attributions into a pathway narrative for each 

predicted drug–disease pair. For example, instead of reporting only that a compound could be relevant to an inflammatory 

disorder, the model would describe whether the prediction is supported by reversal of cytokine signaling, stress-response 

pathways, or immune-cell activation programs. Pathway-guided prediction studies show that biological structure can make 

model outputs easier to interpret when pathways are used as explicit explanatory units [16, 17]. The narrative should therefore 

translate attribution patterns into cautious mechanistic language, such as stating that a candidate is supported by coordinated 

reversal of a disease-associated pathway and by target interactions consistent with that pathway. 

 

Target-Centric Explanation 

A target-centric explanation would identify whether the drug’s known targets are close to disease-associated proteins, 

embedded in relevant pathways, or connected through interpretable graph paths. Network medicine frameworks support this 

logic by treating drug targets and disease modules as interacting regions of the human interactome [11, 12]. Knowledge-graph 

repurposing models add a complementary view by tracing interpretable relationships between drugs, targets, diseases, and 

biological concepts [8, 26]. For a drug developer, this explanation would help distinguish a candidate supported by coherent 

target biology from one supported mainly by indirect statistical similarity. 

 

Visualising Transcriptomic Reversal 

Transcriptomic reversal could be visualised by showing genes whose disease-associated expression changes are directionally 

opposed by a drug perturbation signature. Connectivity Map and L1000-based resources provide the conceptual basis for this 

type of drug–disease comparison [3, 5]. Deep embedding approaches further suggest that expression profiles can be organized 

into a learned molecular space while still requiring interpretable views that expose the genes and pathways driving similarity 

or reversal [15]. A useful visualization would therefore connect gene-level reversal to pathway-level summaries rather than 

presenting a dense gene list without biological structure. Figure 2 illustrates how disease-associated gene-expression changes 

can be compared with drug perturbation signatures to identify directional reversal, summarize affected pathways, and judge 

whether the model explanation is biologically coherent enough to support candidate prioritization. 
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Figure 2. Gene-to-pathway visualization of transcriptomic reversal and explanation confidence 

 

Confidence and Limitations of the Explanation 

The model should distinguish predictions supported by a small number of coherent biological themes from predictions 

supported by many weak and diffuse signals. This distinction matters because an apparently high-ranking candidate may be 

less actionable if its explanation cannot be connected to plausible disease biology or target pharmacology. Interpretable 

architecture studies caution that transparency alone does not guarantee biological correctness, so explanations should be 

assessed for coherence, stability, and consistency with known mechanisms [22]. Explanation confidence should therefore be 

framed as a guide for prioritization rather than as proof that the candidate will succeed experimentally. 

 

Explainability Methods for Drug Developers 

Interactive Explanation Dashboard 

An interactive dashboard could allow scientists to browse predicted drug–disease pairs, inspect the top pathway themes, and 

drill down into the genes, targets, and network paths that support each candidate. Query-oriented perturbation resources 

demonstrate how drug-induced expression signatures can be made searchable for biological interpretation [5], while 

knowledge-graph frameworks show how drug–disease evidence can be represented through connected biomedical entities [2, 

10]. The dashboard should present transcriptomic, pathway, and target evidence in parallel so that users can evaluate whether 

the model’s rationale matches their domain knowledge. This interface would make explainability part of routine hypothesis 

review rather than a separate technical appendix. 

 

Exportable Evidence Reports 

For each prediction, the system could generate a concise evidence report summarizing the disease signature, the drug 

perturbation signature, the most influential pathways, and the target-network rationale. The Drug Repurposing Hub illustrates 

the value of curated drug annotations for connecting compounds to mechanisms, targets, and therapeutic context [1]. 

Literature-based and knowledge-graph approaches further support evidence reports by linking candidates to biomedical 

concepts that can be reviewed by experts [14, 24]. Such reports should be written as decision-support documents, not as claims 

of efficacy, and should make clear which evidence comes from transcriptomics, networks, pathways, or prior knowledge. 

 

Validation of Biological Coherence 

Explanation quality should be evaluated by asking whether the model recovers mechanisms that experts would consider 

plausible for known or historically supported repurposing examples. Mechanism-driven screening and drug-repurposing 

frameworks show that computational prioritization becomes more useful when model outputs can be interpreted through 

disease biology and drug action [27]. Integrative COVID-19 repurposing studies also illustrate how target mechanisms, 

pathway context, and transcriptional evidence can be combined into a biologically grounded hypothesis [18, 19]. The aim of 

this evaluation would not be to claim prospective success, but to assess whether the explanation layer produces mechanistic 

stories that domain experts can scrutinize. 

 

Feedback Loop from Experimental Follow-Up 

When researchers experimentally validate or invalidate a repurposing hypothesis, the outcome could be added to the model’s 

knowledge base and used to refine both prediction and explanation. Established disease–drug pair knowledge has been used 

to support computational repurposing, showing how prior evidence can structure learning over candidate associations [28]. 

After feedback is incorporated, SHAP-style attribution or graph relevance analysis could be repeated to identify which 

transcriptomic, pathway, or target features distinguished supported hypotheses from unsupported ones. This feedback loop 

would help the explanation engine evolve with biological evidence instead of remaining fixed at the time of model 

development. 
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Integration into Repurposing Pipelines 

Early-Stage Hypothesis Generation 

In an early-stage pipeline, the model could scan approved or clinically characterized drugs against a new disease signature and 

return a shortlist of candidates with attached biological rationales. Repurposing libraries and curated drug resources provide a 

practical foundation for such screening because they organize compounds with known mechanisms, annotations, and 

pharmacological context [1]. Network and graph-based methods can then connect these compounds to disease modules, 

transcriptomic states, and pathway perturbations [11, 23]. The resulting shortlist would be most useful when reviewed jointly 

by computational scientists, pharmacologists, clinicians, and disease biologists. 

 

Regulatory and Intellectual Property Considerations 

An explainable model could support translational planning by clarifying the biological mechanism proposed for a new drug 

indication. Knowledge-graph and systems-level repurposing frameworks are useful in this setting because they can connect a 

candidate to target biology, disease pathways, and prior biomedical evidence [2, 9]. A mechanistic explanation may also help 

teams formulate a coherent development rationale, although it should not be treated as a substitute for pharmacological, 

toxicological, or clinical evidence. The model’s role would be to organize and justify a testable hypothesis, not to determine 

regulatory acceptability. 

 

Evaluation Strategy 

Predictive Performance 

Predictive evaluation should use standard drug–disease association assessment strategies while avoiding leakage between 

training and evaluation examples. Knowledge-graph completion, supervised repurposing, and graph neural network studies all 

demonstrate the importance of evaluating predictions against known associations while preserving separation between related 

drugs, diseases, or mechanisms [10, 13, 23]. Metrics such as ranking quality and precision-oriented retrieval can be discussed 

conceptually, but the model should not be presented with invented performance values. The evaluation should emphasize 

whether the framework is suitable for prioritization and explanation rather than claiming validated therapeutic discovery. 

 

Explanation Quality and Actionability 

Explanation quality should be judged by whether the model’s pathway, target, and transcriptomic rationales are biologically 

plausible, internally consistent, and useful for expert decision-making. Interpretable drug sensitivity and drug-response models 

show that biological features can be exposed to users, but they also highlight the need to evaluate whether explanations are 

meaningful rather than merely available [20, 25, 29]. Expert review could examine whether the explanation identifies credible 

pathways, relevant targets, and coherent transcriptomic reversal for each candidate. Actionability should be understood as the 

degree to which the explanation helps scientists decide what to test next. 

Table 2 proposes an evaluation framework that separates predictive performance from explanation faithfulness, biological 

coherence, and practical actionability for translational decision-making. 

 

Table 2. Evaluation Framework for Prediction Quality, Explanation Quality, and Translational Actionability 

Evaluation 

dimension 

Core evaluation 

question 

Suggested 

assessment approach 

Evidence of 

strong 

performance 

Evidence of weak 

performance 

Relevance to drug 

developers and 

translational 

teams 

Candidate 

ranking validity 

Does the model 

prioritize 

biologically 

plausible drug–

disease pairs? 

Retrospective ranking 

against known drug–

disease associations 

using leakage-aware 

splits 

Known or 

historically 

supported 

candidates appear 

near the top 

without relying on 

duplicated 

evidence 

Rankings are driven 

by data leakage, 

popularity bias, or 

overrepresented 

disease areas 

Determines 

whether the model 

is useful for early 

hypothesis 

generation 

Time-aware 

generalization 

Could the model 

have identified later-

supported 

hypotheses using 

only earlier 

knowledge? 

Train on data 

available before a 

defined cutoff and 

evaluate against later 

evidence 

Later-supported 

hypotheses are 

prioritized with 

plausible pre-

existing evidence 

Performance 

collapses when 

future knowledge is 

removed 

Tests whether the 

system behaves 

like a realistic 

discovery aid 

rather than a 

retrospective 

pattern matcher 

Transcriptomic 

explanation 

coherence 

Do gene-level and 

signature-level 

explanations support 

a biologically 

meaningful disease–

drug relationship? 

Expert review of 

reversed genes, 

expression contrasts, 

and disease-relevant 

transcriptional 

programs 

Key reversed 

signatures align 

with known or 

plausible disease 

biology 

Explanations 

emphasize irrelevant 

genes, generic stress 

signatures, or 

contradictory 

expression effects 

Helps users judge 

whether 

transcriptomic 

evidence deserves 

experimental 

follow-up 
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Pathway 

explanation 

coherence 

Are high-attribution 

pathways 

mechanistically 

relevant to the 

proposed indication? 

Review top pathway 

attributions for 

biological plausibility, 

directionality, and 

consistency 

Explanations 

identify coherent 

disease-relevant 

pathways and 

specify whether 

they are reversed 

or reinforced 

Pathway rationales 

are diffuse, 

redundant, overly 

broad, or 

disconnected from 

disease mechanisms 

Supports 

mechanism-based 

prioritization 

rather than score-

based candidate 

selection 

Target-network 

interpretability 

Do target and 

network 

explanations clarify 

how the drug could 

influence disease 

biology? 

Inspect target 

proximity, graph 

neighborhoods, and 

target–pathway–

disease paths 

Drug targets are 

connected to 

disease modules 

through 

interpretable 

mechanisms or 

pathways 

Target evidence is 

indirect, unstable, or 

dependent on poorly 

supported network 

edges 

Helps distinguish 

candidates with 

actionable target 

biology from 

statistical 

associations 

Explanation 

faithfulness 

Do explanations 

reflect the model’s 

actual decision 

logic? 

Compare SHAP, 

attention, ablation, 

and feature-removal 

analyses 

Removing highly 

attributed features 

meaningfully 

changes 

predictions 

Explanations appear 

plausible but do not 

affect model outputs 

when removed 

Prevents attractive 

but misleading 

biological 

narratives 

Explanation 

stability 

Are explanations 

consistent under 

reasonable data or 

model 

perturbations? 

Repeat attribution 

after resampling, 

alternative 

normalization, or 

model retraining 

Major pathway 

and target 

rationales remain 

stable across 

perturbations 

Explanations change 

substantially despite 

similar candidate 

scores 

Increases 

confidence that the 

rationale is not an 

artifact of one 

model run 

Expert 

actionability 

Does the 

explanation help 

experts decide what 

to test next? 

Structured review by 

pharmacologists, 

disease biologists, 

medicinal chemists, 

and clinicians 

Reports suggest 

concrete assays, 

mechanisms, 

biomarkers, or 

validation 

experiments 

Reports are 

descriptive but do 

not guide 

experimental design 

or prioritization 

Converts 

explainable AI 

output into 

practical 

translational 

decision support 

Limitation 

transparency 

Does the system 

clearly state 

uncertainty and 

evidence gaps? 

Review evidence 

reports for missing 

data, context 

mismatch, annotation 

uncertainty, and 

unsupported 

assumptions 

Reports identify 

weak evidence 

domains and 

avoid efficacy 

claims 

Reports overstate 

computational 

predictions or hide 

data limitations 

Maintains 

appropriate caution 

in preclinical and 

translational 

planning 

 
Prospective Validation 

A prospective evaluation strategy would train the model using information available before a defined time point and then 

examine whether later-supported repurposing hypotheses would have been prioritized with plausible explanations. Time-aware 

evaluation is important because biomedical knowledge graphs, drug annotations, and transcriptomic resources evolve, which 

can otherwise make historical prediction tasks unrealistically easy [2, 10]. The explanation layer should be assessed alongside 

candidate ranking by asking whether the model represented the relevant mechanism in a form that experts could have 

interpreted before later evidence emerged. This design would test the model as a realistic hypothesis-generation system rather 

than as a retrospective pattern-matching exercise. 

 

Limitations 

Incompleteness of Biological Knowledge 

Pathway databases, drug–target annotations, and protein interaction networks are incomplete and biased toward well-studied 

genes, diseases, and therapeutic areas. Network-based repurposing depends on the quality of the interactome and disease-

module definitions, so missing or inaccurate edges can distort both predictions and explanations [11, 12]. Knowledge-graph 

methods face similar limitations because their reasoning paths are constrained by the entities and relationships already 

represented in the graph [8, 26]. As a result, an explainable model may produce clear but incomplete rationales, especially for 

understudied diseases or mechanisms outside current pathway knowledge. 

 

Transcriptomic Noise and Confounding 

Drug perturbation signatures are strongly influenced by cell line, dose, exposure duration, assay platform, and preprocessing 

choices. Large-scale resources such as Connectivity Map and LINCS L1000 make transcriptomic repurposing feasible, but 

they also require careful harmonization and interpretation across experimental contexts [3, 4]. A drug that reverses a disease 

signature in one cellular background may not have the same effect in the target tissue, and an explanation may reflect technical 

artifacts if confounding is not controlled. For this reason, transcriptomic evidence should be presented as one component of a 

broader mechanistic hypothesis rather than as a standalone justification. 
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Conclusion 

An explainable drug repurposing model can integrate disease transcriptomics, drug perturbation signatures, pathway 

enrichment, and target networks into a single hypothesis-generation framework. Its distinctive value is not only the ranking of 

candidate drug–disease pairs, but the ability to explain why each pair appears biologically plausible. 

The strongest feature of this approach is biological transparency. By producing pathway-level attribution narratives, target-

centric explanations, and transcriptomic reversal summaries, the model can help researchers interpret predictions in the 

language of disease mechanisms and pharmacology. 

Important challenges remain before such systems can be used routinely. Data quality, pathway incompleteness, target 

annotation bias, and context-dependent drug responses all limit the reliability of both predictions and explanations. 

Future progress will depend on open-source implementations, transparent benchmarks, and community-wide evaluation of 

explanation quality. Explainable AI for drug repurposing should ultimately be judged by whether it helps scientists generate 

clearer, more testable, and more biologically grounded therapeutic hypotheses. 
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