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Abstract

Oncology conditions are increasingly defined by their molecular profiles, and drug
repurposing exploits this new evidence to identify new therapeutic uses of autho-
rized/investigational medicinal products outside their original indication(s). This scoping
review mapped original research published between January 2022 and December 2024
to determine the impact of automated processes and artificial intelligence in generating
oncology candidates for drug repositioning, and 42 individual projects met the eligibility
criteria and were analyzed. The included studies demonstrate extensive use of computa-
tional approaches for candidate prioritization, large-scale data integration, and hypothesis
generation in oncology drug repurposing, creating opportunities for positive impact on
efficiency. The included projects most commonly were target-oriented and disease-oriented
and used multiple databases and computational validation procedures, while experimental
and clinical validation were less frequently reported. The available open-access litera-
ture suggests substantial activity in China and India, which can support the notion that
digitalization represents an important instrument in healthcare systems of low- and middle-
income countries but should be interpreted cautiously. While the search was limited to
PubMed and open-access English-language publications, we identified a relatively small
number of drug-oriented projects, the importance of providing publicly accessible source
code to reduce development costs, and the predominant role of academic institutions.
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targets (both primary and secondary). This underlies the possibility that a given medicinal
product may be effective against different diseases, namely, when a secondary biological
target of the drug is involved in the pathophysiology of another condition. Similar to
diseases, drug molecules themselves may also be investigated for similarity, which can
serve as the basis for initiating a repositioning process [1].

Earlier repurposing efforts were often serendipitous, whereas contemporary ap-
proaches are increasingly systematic and data-driven. A more rational and systematic
strategy in repositioning initiatives is used nowadays [2], where the interaction of a drug
molecule (D) with one or more targets (T) produces several biological effects, which may
be beneficial for a therapeutic indication (I) or may lead to adverse drug reactions (S). In
disease-oriented drug repositioning, the clinical use of a medicine is expanded from its
original indication (I) to a closely related indication (I2) (Figure 1). In target-oriented repur-
posing, identification of a new indication (I2) is linked to a well-established therapeutic
target, whereas in drug-oriented repositioning, a new target (T2) is identified that connects
the medicinal product to a novel indication [3].

DRUG-CENTRIC APPROACH

©
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Figure 1. Types of repurposing according to their primary focus [3]. The figure is adapted from [3]
and redesigned by the authors to reflect the scope of the present review.

At the core of repositioning lies a systematic understanding of molecule-target interac-
tions. Experimental identification of such interaction properties is limited by low efficiency
in both scope and throughput. This has led to the development of in silico methodologies
that leverage computational power to detect the most potent molecule—target interac-
tions [4]. The principal computational approaches include ligand-based, target-based,
and machine-learning-based methods. Ligand-based approaches utilize information on
candidate ligands and ligands within the target molecule to predict binding affinity; how-
ever, their performance is limited when few ligands are known for the target structure [5].
Target-based approaches are powerful tools for identifying spatial similarity between a
drug and its molecular target, but they require full knowledge of the three-dimensional
structures of both molecules, an especially challenging prerequisite for large receptors
(such as G-protein-coupled receptors), or candidate molecules selected for repositioning.
Incorporating artificial intelligence techniques (e.g., machine learning) into these processes
enables faster and more efficient detection of molecule—target similarity. This is achieved
by integrating database information on interactions between diverse ligands, grounded in
the principle that structurally similar ligands tend to interact with similar proteins. This
way, the need to fix one side of the process (drug molecule or target) is eliminated, allowing
simultaneous analysis of vast numbers of compound combinations. The most widely
used machine learning approaches include matrix-factorization-based, network-based, and
kernel-based models. Despite their advantages over other strategies, these approaches
require structured and comprehensive databases, which are not always available; moreover,
information on dose-response relationships or other key parameters may be lacking [6,7].
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One of the most prominent ligand-based approaches is quantitative structure-activity
relationship (QSAR) analysis, which aims to identify statistically significant correlations
between chemical structure and biological or toxicological properties expressed either
parametrically (pIC50, pEC50, and Ki) or qualitatively (active/inactive and toxic/non-
toxic), using regression or classification techniques, respectively [8]. Among target-based
approaches, molecular docking is the most widely applied method: it predicts with high
precision the conformation and binding of ligands within the active site of a target molecule.
Critical to this technique is determination of the spatial orientation at which ligand-target
binding results in the lowest binding energy and strongest intermolecular interactions,
thereby forming a stable ligand-target complex [9]. An illustrative example of machine
learning approaches is the use of large-scale biomedical datasets, such as electronic health
records, post-marketing surveillance data, and clinical trial databases. The availability of
extensive, heterogeneous clinical information facilitates integrated analyses combining
disease phenotypes, genetic or laboratory data, and drug exposure, where adverse event
reports may provide evidence that a given medicinal product modifies a particular pheno-
type. Clinical trial datasets may also contain information that is not analyzed because it lies
outside the primary hypothesis, and machine learning methods can reveal trends within
specific subpopulations and link them to demographic, genetic, or clinical characteristics,
thereby generating hypotheses for novel pharmacological effects of the investigational
product. Furthermore, additional data may be accumulated through study protocols re-
quiring the collection of biological samples and participant consent for future research
use. Alongside the inherent limitations of database completeness and data quality, ethical
and personal-data-protection considerations become particularly salient when handling
patient-level information [10,11].

The use of pre-existing data also introduces further challenges for drug repurpos-
ing. One such challenge is the accuracy and consistency of analytical models applied
to databases, as the use of different computational tools may generate variability and
uncertain reliability. Another characteristic limitation is the heterogeneity of databases,
which renders data structuring a slow and difficult process and highlights the need for
standardized information clusters [12]. Quality control of both the data and the methods
through which they were collected represents an additional constraint in database-driven
repositioning research, as does the need for common standards to facilitate comparison
of study outcomes [13]. Information contained in so-called “raw” databases may be of
lower quality than that in experimentally curated datasets, as the former often rely on auto-
mated literature screening rather than multistage validation processes. Discontinuation of
database updates also poses a risk to data quality when such resources are used to support
hypothesis testing [14].

Despite the rapid expansion of computational approaches in drug repurposing, the
evidence base remains fragmented with respect to oncology-specific applications, types
of repurposing strategies, validation practices, and code availability. In particular, it
is still unclear how often automated and Al-based pipelines progress beyond in silico
prioritization toward experimental or real-world confirmation. A focused mapping of
recent oncology repurposing studies is therefore needed to characterize the methodological
landscape and identify the main translational gaps. The objective of this scoping review was
to systematically map original research on automated processes and artificial intelligence
used to generate oncology drug-repurposing candidates, with emphasis on strategy type,
data sources, algorithms, validation level, code availability, and geographical distribution.
In addition, the review seeks to examine patterns with particular attention to the role of
academic and nonprofit organizations. By synthesizing this evidence, the review provides
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an overview of the current landscape, highlights methodological strengths and limitations,
and identifies gaps for future research and development in Al-driven drug repurposing.

2. Materials and Methods

We performed a scoping review on 21 April 2026, using the PubMed database. This
review was performed in accordance with the PRISMA (Preferred Reporting Items for
Scoping Reviews and Meta-Analyses) guidelines, and the PRISMA-ScR checklist can be
accessed in the Supplementary Material Section [15]. The source was selected owing to
its widespread use in scientific research, free and open access, and extensive volume of
available literature. In addition, this database allows for identification of interdisciplinary
approaches from chemistry- to pharmacy-focused. To limit the search results, the following
PubMed query was applied:

“(drug repurposing OR drug repositioning OR drug rescuing OR drug reprofil-
ing) AND (artificial intelligence OR machine learning OR natural language processing)
AND (oncology)”

This combination was selected to comprehensively capture the most commonly used
synonyms for drug repurposing, to direct the search toward subfields of artificial intelli-
gence frequently applied in healthcare, and to focus on oncology as a discipline character-
ized by a high concentration of unmet medical needs. In addition, the following eligibility
criteria were applied:

e Inclusion criteria: scientific publications reporting original research projects related to
drug repurposing, published in English between January 2022 and December 2024 and
available via open access to ensure transparency and reproducibility of data extraction
and methodological assessment.

e  Exclusion criteria: review articles, discussion papers, communications, conference
abstracts, editorials, and other non-original publication types.

Articles retrieved using the specified search terms and criteria were first subjected
to an initial title and abstract screening to further refine application of the inclusion and
exclusion criteria. Subsequently, all eligible publications underwent full-text analysis, and
key characteristics relevant to the review were extracted using a structured data charting
form: first author, country of origin, repurposing strategy, therapeutic focus, databases
used, algorithmic approach, validation level, funding statement/authors’ affiliations, and
code availability. Data charting was performed independently and then checked through
discussion to ensure consistency. All authors contributed to each screening phase, and in
cases where two or more authors classified a study differently, inclusion or exclusion was
determined following a consensus discussion.

3. Results

A total of 42 studies meeting the predefined eligibility criteria were included in the
analysis (Figure 2 and Appendix A). Across these studies, a consistent pattern emerges in
the application of artificial intelligence (Al) to oncology drug repurposing, particularly in
terms of output generation, methodological design, and data integration strategies.

3.1. Landscape of Study Selection and Geographic Origin

A total of 42 individual drug-repurposing projects were analyzed, representing a
significant expansion in the utilization of automated pipelines and artificial intelligence (Al)
within the last year. China (35.7%) represented the largest share of included open-access
PubMed-indexed studies in this dataset, followed by India (9.5%) and the USA (7.1%);
however, this should be interpreted as a descriptive finding rather than a measure of true
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global research intensity because the analysis was limited by the search strategy, database
selection, and open-access restriction.
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Figure 2. Scoping review flowchart.

3.2. Strategy Types and Therapeutic Focus

For the purposes of this review, target-oriented studies were defined as those primarily
aimed at identifying new ligands or binders for established molecular targets; disease-
oriented studies were those matching drug effects to disease signatures or phenotypes;
drug-oriented studies were those seeking new targets for known compounds. The ana-
lyzed projects showed the following distribution: target-oriented (45.2%), disease-oriented
(38.1%), and drug-oriented (16.7%). Target-oriented studies largely utilized molecular dock-
ing and tensor decomposition to identify new binders for established oncogenic proteins.
Disease-oriented approaches frequently employed transcriptomic reversal scoring (sSRGES)
to match drug-induced gene expression profiles against disease signatures.

Multi-cancer (pan-cancer) analysis was the most frequent indication (45.2% of studies),
emphasizing the ability of Al to identify broad-spectrum therapeutic candidates across
diverse tumor types. Specific focus areas included high-fatality or rare cancers such as
glioblastoma, hepatocellular carcinoma, and diffuse intrinsic pontine glioma (DIPG).

3.3. Algorithmic Diversity and Data Integration

The complexity of algorithms has evolved from traditional machine learning (ML) to
advanced deep learning (DL) architectures. Key methodologies included:

e  Graph neural networks (GNNs): used for complex drug-target-disease association mapping.

e Large language models (LLMs): recently integrated for target identification and evi-
dence synthesis, specifically using GPT-4 in prostate cancer research.

e  Explainable AI (XAI): introduced to address the “black box” nature of deep learning,
providing logic-based reasoning for drug—disease associations.
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Data integration was robust, with studies utilizing an average of eight-plus databases.
The most frequent sources included TCGA (The Cancer Genome Atlas), GEO (Gene Ex-
pression Omnibus), and DrugBank.

3.4. Levels of Validation

Validation was grouped into computational validation only, experimental validation,
and real-world evidence or clinical-data-based validation. While computational validation
remains the primary endpoint (35.7% of projects), there is an increasing trend toward higher-
level evidence. In total, 11.9% of studies progressed to in vitro and in vivo experiments
using animal models or cell viability assays, while only 7.1% of results utilized real-world
evidence (RWE) like electronic health records (EHR) and claims data to emulate clinical
trials, providing a direct bridge to clinical observation.

3.5. Transparency and Reproducibility

In total, 60% of studies (n = 25) provided publicly accessible source code, while 5%
(n = 2) provided code upon request. This indicates a relatively high level of methodological
transparency compared with traditional drug discovery approaches. In addition, a trend
for broader programming code sharing can be observed comparing the start and end years
of the study period.

4. Discussion
4.1. Efficiency and Output Patterns of Al-Driven Repurposing

The synthesized evidence indicates that Al-based repurposing frameworks con-
sistently generate a high number of candidate molecules while reducing reliance on
resource-intensive experimental screening. This efficiency appears to arise from three
converging factors:

e  Scalable computation.
e Integration of heterogeneous datasets.
e  Parallel evaluation of multiple drug—target relationships.

The included studies suggest that computational approaches may facilitate large-scale
candidate prioritization and integration of heterogeneous datasets. However, the present
review did not identify standardized quantitative measures that would allow direct com-
parison of efficiency, cost, development time, or candidate yield between Al-based and
conventional repurposing approaches. Choundhury et al. share the example that tradi-
tional methods relying on in vitro high-throughput screening involve large investments and
sophisticated experimental setups, where Al/ML-aided methods can be used to identify ini-
tial strong candidates, which is a powerful option to save resources and time [16]. Although
the development, training, and validation of artificial-intelligence-based methodologies
are also time-consuming, subsequent computation and candidate generation occur rapidly
owing to the high computational capacity of modern systems. Moreover, the availability of
publicly accessible source code in some projects indicates a shift toward reproducible and
collaborative research models, which can facilitate model reuse across indications, reduced
development costs, and acceleration of discovery cycles. This could potentially reduce or
even eliminate additional time and financial costs [17]. One of the projects included in
the analysis (RepurposeDrugs) is even available as a public web platform, which allows
not only monitoring of newly identified therapeutic applications, but also exploration of
specific drug—indication relationships [18]. In their paper, Allarakhia describes the con-
nections between information and communication-technology platforms, which facilitate
open sharing of resources, technology, and intellectual property. Sharing facilities and
joint program development to foster drug-repurposing human-capacity development are
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paramount for the cost- and time-effective advancement of new chemical entities targeting
rare and neglected diseases [19]. However, the absence of standardized benchmarking can
limit comparability between models. On this basis, it could be concluded that traditional
experimental repurposing demonstrates markedly lower efficiency compared with con-
temporary digital approaches. However, high-output volume usually does not directly
translate into clinical relevance, as most studies lack downstream validation.

4.2. Methodological Trade-Offs Across Repurposing Strategies

A divergence can be observed between repurposing strategies. Target- and disease-
oriented approaches demonstrate higher throughput and broader candidate generation.
Additionally, Khataniar et al. show that target-oriented strategies have a better chance
of uncovering valuable leads as these take minimal time to complete the entire screening
procedure and involve connecting a drug to a particular disease predicated on its target
proteins, opposite to the polypharmacological techniques of the drug-oriented ones. In
addition, pathway- or network-based techniques that leverage illness omics data, existing
signaling or biochemical functions, and interacting protein connections to reassemble
disease-specific circuits are presented to serve as key players in repositioning [20]. Drug-
oriented approaches, while producing fewer candidates, may offer greater mechanistic
novelty but require more detailed structural data. Findings from drug-oriented projects
further reveal this mechanism to be less efficient than target-oriented or disease-oriented
strategies. In their review, Parisi and colleagues likewise confirm the limited number of
outputs from drug-oriented projects, noting greater innovation and specificity as strengths,
but also highlighting the major challenge posed by the need for detailed crystal structures
to enable accurate modelling of molecular interactions. The authors further emphasize
the need to allocate additional resources to this form of repurposing, given that the other
two approaches tend to identify new applications of medicinal products in indications
closely related to the original one, which do not substantially contribute to reducing unmet
medical needs [3]. This suggests a trade-off between efficiency (quantity) and biological
specificity (quality). The dominance of target- and disease-based methods reflects their
lower technical barriers and compatibility with existing datasets.

4.3. Central Role of Data Integration

The consistent use of multiple databases across all studies suggests that data inte-
gration is a foundational component of Al-driven repurposing. However, this introduces
systemic challenges like variability in data quality, lack of standardization, and potential
propagation of bias. Despite high rates of methodological validation, there is a systematic
lack of experimental and clinical validation. This represents a critical bottleneck where most
models remain hypothesis-generating tools and very few progress to biological confirma-
tion or clinical application. This gap limits the practical impact of Al-generated candidates
and can contribute to the persistence of the “valley of death” in drug development. The
extensive use of multiple heterogeneous databases is driven by the need to extract diverse
information relating to diseases and/or targets and/or medicinal products—data that are
seldom stored within a single source. It may be noted that, with the exception of DrugBank,
which was established as a private initiative, most resources are developed and maintained
by governmental (most commonly affiliated with the National Institute of Health) and/or
academic institutions. Conversely, several of the analyzed studies also report the use of
datasets compiled within the work of other research groups or smaller databases lacking
institutional support and not included in established reference lists. This creates potential
risks related to unreliable data quality and the generation of misleading conclusions [21]. As
part of its mission to monitor data resources in the biological and health sciences, the Global
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Target-oriented

Disease-oriented

Biodata Coalition recommends prioritizing databases characterized by high scientific qual-
ity, robust information-lifecycle management frameworks, interoperability with other data
sources, and related safeguards [22]. The scientific community likewise converges around
the need for demonstrable quality standards, with a number of authors proposing key
evaluation parameters. Syed and colleagues define six categories (Figures 3 and 4).

B Geographic Origin M Strategy Type M Validation level

China
India
Drug-
oriented
N/A Computational

Other

Figure 3. Main review results.

Figure 4. Categories for database quality assessment [23]. The figure was designed by the authors
based on information reported in [23].

(021F:1113%
|

Although most of the articles validate their repurposing methodology, only a small
number of the projects contain experimental validation (new lab or in vivo experiments
performed by the authors) and experimental confirmation of translational relevance (e.g.,
functional biological validation, patient cohorts, and therapy-response evidence). In its
project on strengthening digital competencies and examining the use of artificial intelligence
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in healthcare, the National Health Service (NHS) highlights the importance of validation. To
enable ongoing monitoring and confirmation of technological performance, the following
forms of validation are described: [24]

1.  Internal validation: testing using a separate dataset, often derived from the original
training source. Such validation is generally conducted using retrospective data.

2. External validation: testing using datasets that are not part of the original training
source. This assesses whether the performance demonstrated during internal valida-
tion is maintained and evaluates the generalizability of the model. External validation
may be conducted either by the developer or an independent evaluator.

3. Local validation: in some cases, large-scale external validation may be avoided, and
local validation may instead be applied to ensure appropriate functioning within a
restricted dataset.

4.  Prospective validation using clinical-study data: real-time testing using real-world
data. This approach can also assess whether the technology provides advantages in
prediction and data analysis.

5. Ongoing performance monitoring: necessary to track effectiveness over time in re-
sponse to changes in population characteristics, technical parameters, or other influ-
encing factors.

Validation practices appear to function as a compensatory mechanism for these limita-
tions, although they are predominantly computational rather than experimental.

In addition to technological validation, the effective translation of Al-generated drug-
repurposing candidates into clinical practice is significantly reliant on academic leadership
and the development of specialized capabilities. Academic institutions have always been
pivotal in formulating repurposing methodology, creating collaborative research networks,
and closing the translational divide between computational discovery and clinical ap-
plication. Simultaneously, specialized educational programs, such as the REMEDi4ALL
Drug Repurposing Bootcamp for Academics, seek to enhance methodological proficiency
and expedite the translation of repurposing research into clinical applications through
interdisciplinary training and collaboration [25,26].

4.4. Algorithmic Convergence Toward Hybrid Models

The findings reveal trends toward multi-algorithm frameworks, where different Al
techniques are combined within a single pipeline. Four broad paradigms can be identified:

1.  Systems-level models (network-based and tensor-based).

2. Classical machine learning models (e.g., SVM and random forests).
3. Phenotype- and single-cell-aware models.

4. Hybrid Al-experimental pipelines.

Among these, hybrid models demonstrate the strongest translational relevance but
are least common due to higher resource requirements. Taguchi, Yeh, and Zhong use
systems-level association models (tensor decomposition, graph-based representations, or
network embedding), which emphasize global structure and pattern discovery but can
be agnostic to causality. Karampuri, Sarker, Adamek, and Lépez-Cortés utilize classical
machine learning and ensemble models (e.g., random forests, deep neural networks, and
hybrid ensembles) optimized for accuracy on held-out datasets, often treating biological
entities as interchangeable features. Liu, lanevski, and Jabarin work with single-cell and
phenotype-aware Al frameworks, which explicitly capture heterogeneity and context
specificity, a key advantage over bulk-omics Al, with additional strength being better
alignment with biological reality models. On the other hand, the main limitation is that
translational interpretation depends heavily on downstream validation. Zhang, Chen, Kim,
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Huang, and especially Lee use hybrid Al-experimental pipelines, in which they integrate
Al predictions with wet-lab or human data validation where Al is used as a prioritization
engine, not as a stand-alone discovery endpoint. This creates strong translational credibility
but lowers the throughput and narrows the scope [27,28].

Although only a small number of studies identified in this review explicitly incor-
porated large language models (LLMs), their emergence represents an important recent
development in Al-assisted drug discovery and repurposing. Unlike traditional machine
learning approaches that primarily analyze structured datasets, LLMs are capable of pro-
cessing and synthesizing large volumes of unstructured biomedical literature, clinical
reports, patents, and database records. This capability may facilitate target identification,
hypothesis generation, evidence summarization, and prioritization of candidate drug-
disease relationships. However, one of the principal concerns is hallucination, whereby
models generate plausible but factually incorrect statements, references, or biological re-
lationships. Such outputs may be difficult to detect without extensive domain-specific
validation and may introduce false hypotheses into the repurposing pipeline. Another
challenge relates to knowledge grounding. The reliability of LLM outputs depends heavily
on the quality, completeness, and recency of the underlying training data.

The swift integration of generative artificial intelligence is accompanied by significant
global investment and deployment initiatives. China’s national Al programs have facil-
itated the incorporation of artificial intelligence into healthcare systems and biomedical
research, whereas India has prioritized Al-driven public health innovation through partner-
ship among academia, healthcare providers, and industry. Comparable advancements are
increasingly seen in oncology medication repurposing and precision medicine, where artifi-
cial intelligence is emerging as a crucial element of translational research processes [29-31].
In rapidly evolving biomedical domains, model outputs may not reflect the most current
evidence and may inadvertently reproduce biases present in published literature.

Future applications may benefit from retrieval-augmented generation architectures,
integration with curated biomedical databases, and hybrid Al frameworks combining LLM-
based knowledge extraction with network analysis, molecular modelling, and experimental
validation. Such approaches may improve transparency, reduce hallucination risk, and
enhance the translational utility of LLM-assisted drug-repurposing workflows [32].

4.5. Structural Role of Academia

While academia drives innovation, limited industry participation may hinder large-
scale translation and commercialization. Among the 42 studies included in the review, only
one project was developed by a pharmaceutical company (Lee et al.), while all remaining
projects originated from academic institutions. This once again underscores the substantial
leadership role of academia in drug repurposing, as well as the need for additional support
to facilitate translation toward final outcomes. As previously said, academia serves as
a primary catalyst for drug repurposing. In 2011, Oprea and colleagues reported the
increasing academic involvement in drug repurposing, while at the same time warning
of the risk of entering the so-called “valley of death” following initial progress, where
scientific advances stagnate in the absence of sufficient regulatory support [25].

In response, alongside the establishment of supportive mechanisms by EMA and
FDA, numerous conferences have been organized addressing the role of academia in re-
purposing, including RExPO (REPO4EU), the International Drug Repurposing Conference
(REMEDI4ALL), and the Annual Drug Repositioning and Repurposing Conference (Ar-
rowhead Publishers), among others. The REMEDi4ALL initiative has further strengthened
this academic ecosystem by developing a specialized intensive training program in 2025
for researchers focusing on the complete pathway of drug repurposing and supporting the
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translation of hypotheses into accessible therapies [26]. The substantial contribution of aca-
demic institutions suggests that Al-driven repurposing is concentrated around academia,
with less involvement from industry. This may reflect publication bias (industry confiden-
tiality) or early-stage nature of Al-repurposing research.

The geographical distribution of projects observed in this review indicates that a
substantial proportion of the included open-access publications originated from China.
While previous literature highlights national Al strategies and digital health initiatives in
these countries, caution is warranted in drawing causal inferences from the present dataset.
Given the narrow temporal scope (single year), reliance on a single database (PubMed), and
restriction to open-access publications, the observed distribution may reflect publication
practices, indexing patterns, and funding mandates rather than actual global research
intensity. Therefore, our findings should be interpreted as descriptive rather than explana-
tory. Li and colleagues emphasize the strategic relevance of Al in the People’s Republic
of China, citing limited healthcare resources and the potential for improvement through
both virtual tools and physical technologies, such as robotics. They further note that this
development follows a deliberate national policy direction, exemplified by the Al develop-
ment strategy issued by the State Council in 2017 [29]. Gore and colleagues describe the
evolution and challenges of Al in the Republic of India, identifying innovation promotion
and collaboration between institutions, academia, and the private sector as central drivers
of digital transformation in healthcare, while also underscoring the critical importance of
database development and governance as a starting point for digitalization [30]. Despite
possessing substantial technological capacity and advancement in Al, the United States and
EU member states were represented by only two projects. This may be partly explained
by greater accessibility and coverage of healthcare services, which reduces the urgency of
accelerated digitalization, as well as by strict data-protection requirements that represent
additional barriers [31]. Future bibliometric analyses incorporating multiple databases (e.g.,
Scopus and Web of Science), subscription-based journals, and longer time horizons would
be required to determine whether the observed geographical pattern reflects a sustained
structural trend in Al-driven drug-repurposing research.

As Al-based models enable the integration of multiple algorithms within a single
analytical framework, they also demonstrate exceptionally high combined efficiency. This
is reflected in their capacity to process heterogeneous databases, reduce time and finan-
cial costs, enable model reuse and sharing across research teams, and generate multiple
valuable outputs.

As a strength of our work, we consider the discussion on the importance of methodol-
ogy validation due to the large quantity of utilized algorithms and databases and limited
real-world evidence confirmation, as well as the findings of project distribution by country.

Within the present scoping review, certain limitations should be acknowledged as well,
including reliance on a single database (PubMed). Although PubMed provides extensive
coverage of biomedical research, it does not comprehensively index computer science,
bioinformatics, engineering, or artificial intelligence venues. Consequently, methodological
studies published in sources such as IEEE Xplore, ACM Digital Library, arXiv, Scopus,
or Web of Science may have been underrepresented. Future reviews should incorporate
multiple bibliographic databases to provide a more comprehensive assessment of algorith-
mic diversity and methodological innovation in Al-driven drug repurposing. In addition,
the exclusion of review articles as a publication type, as well as the elimination of certain
records following abstract-level screening, may also represent sources of limitation for
the study.

The review was not designed to evaluate comparative efficiency outcomes. Most
included studies focused on methodological development and candidate generation rather
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than reporting standardized metrics such as computational costs, screening duration, hit
rates, or translational success rates. Consequently, quantitative conclusions regarding the
superiority of Al-based approaches cannot be drawn from the available evidence.

The discussion on the leadership role of academia and nonprofit organizations in the
whole repurposing process and in the implementation of automated processes and Al
in particular can be considered both as a strength (we reconfirm the popular opinion of
importance of regulatory agencies and scholarship) and a limitation (industrial research is
often not disclosed through publications and is not suitable for literature-based analyses).

An additional important limitation arises from the restriction to open-access publi-
cations. Open-access status is not a neutral proxy for scientific activity, as publication
models vary across countries, institutions, and funding frameworks. Industrial research
and translational medicinal chemistry projects are frequently published in subscription-
based journals or may remain unpublished due to intellectual property considerations. As
a result, the relatively small number of included studies and their geographical distribution
may partially reflect differences in publication accessibility rather than the true distribu-
tion of Al-driven drug-repurposing research. This limitation should be considered when
interpreting both the quantitative findings and the country-level analysis.

5. Conclusions

Oncology drug repurposing likewise benefits from advances in computational tech-
nologies through the introduction of algorithms such as artificial intelligence. The available
open-access literature indicates their application enables large-scale integration of heteroge-
neous datasets and systematic generation of repurposing hypotheses, although quantitative
comparisons with conventional approaches remain limited. It is further observed that the
majority of the identified repurposing projects incorporating artificial intelligence employ
multiple databases, provide publicly accessible source code, and implement methodologi-
cal validation procedures. The leading representation of China and India in the retrieved
open-access literature suggests active engagement in Al-driven oncology drug repurposing;
however, this observation should be interpreted cautiously, as publication accessibility
models and database selection may have influenced the apparent geographical distribu-
tion. The review also identifies limitations in the number of drug-oriented repurposing
projects, as well as the predominant role of academic institutions in driving this therapeutic
development strategy.

6. Future Directions

As authors, we believe that automated processes and artificial intelligence (AI) are
increasingly central to oncology drug repurposing, yet their translational impact remains
constrained by limited biological and clinical integration. Future research should priori-
tize hybrid computational-experimental frameworks, in which Al-driven predictions are
iteratively refined through functional validation using high-throughput cellular assays,
organoids, or perturbation screens. Such closed-loop systems can reduce false discovery
rates and improve biological relevance.

Advances in multimodal data integration will be critical to capturing the complexity of
cancer biology. Integrating genomic, transcriptomic, proteomic, metabolomic, and imaging
data through modern deep learning architectures may enable more accurate modeling of
drug mechanisms and tumor heterogeneity. In parallel, incorporation of single-cell and
spatially resolved data can reveal cell-state-specific vulnerabilities and microenvironment-
dependent drug responses, supporting more precise repurposing strategies.

To facilitate clinical adoption, future Al systems must emphasize explainability and
mechanistic interpretability, enabling transparent links between predicted candidates and
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underlying biological processes. Context-aware drug-ranking models that incorporate
clinical outcome data and real-world evidence may further enhance translational relevance
and patient specificity.

Finally, broader adoption of privacy-preserving learning frameworks, standardized
benchmarking datasets, and early engagement with regulatory stakeholders will be es-
sential to ensure robustness, reproducibility, and regulatory readiness of Al-generated
repurposing candidates. Collectively, these advances can accelerate the translation of
automated Al frameworks into clinically actionable oncology therapies.
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