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ABSTRACT

Large language models (LLMs) are emerging as generative Al systems with potential relevance to
computational pharmacology, including biomedical text mining, drug-target evidence organization, adverse-
event extraction, mechanistic hypothesis generation, drug repurposing support, and pharmacology-related
decision support. This scoping review maps how LLMs, biomedical language models, domain-specific language
models, and retrieval-augmented or tool-augmented systems are being used or proposed across computational
pharmacology, while distinguishing evidence organization and hypothesis generation from validated
pharmacological or clinical decision-making. PubMed, Scopus, Web of Science, IEEE Xplore, ScienceDirect,
SpringerLink, Wiley Online Library, Oxford Academic journals, ACM Digital Library, Nature Portfolio journals,
Frontiers journals, MDPI journals, and publisher records were searched for peer-reviewed journal articles
published from 1 January 2017 to 9 July 2026; records were screened using predefined eligibility criteria,
duplicates were removed, titles and abstracts were screened, full texts were assessed, and 34 studies were
included. The mapped literature clustered around biomedical language-model foundations, knowledge
extraction, drug-drug interaction extraction, drug-target relation extraction, adverse-event extraction,
pharmacovigilance support, mechanistic reasoning assistance, drug repurposing hypothesis generation,
medication-information support, and bounded decision-support interfaces. Major gaps involved source
grounding, hallucination control, prompt sensitivity, external validation, expert evaluation, reproducibility,
privacy, and decision-boundary governance. LLMs may support computational pharmacology by organizing
evidence, extracting relations, assisting literature review, and generating hypotheses, but reliable use requires
source grounding, task-specific validation, expert oversight, uncertainty communication, and carefully defined
boundaries between computational assistance and pharmacological, clinical, or regulatory claims.
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INTRODUCTION

Large language models are increasingly discussed in

biomedical contexts because they can generate,
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summarize, transform, and reason over natural-language
inputs in ways that make them attractive for evidence-
intensive scientific and clinical tasks. In medicine, these
systems are best interpreted as assistance technologies
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rather than autonomous knowledge authorities, because
generated outputs require verification, contextual
interpretation, and human oversight before they can
support consequential decisions [1].

Computational pharmacology is especially knowledge-
intensive because it integrates literature mining, chemical
and biological entities, drug—target evidence, pathway-
level interpretation, pharmacokinetic and
pharmacodynamic drug  repurposing
hypotheses, adverse-event information, and decision-
support boundaries. Recent discussions of LLMs in
intelligent medicine and pharmaceutical research position
these systems as potentially useful for organizing complex
biomedical and pharmacological information, while also
emphasizing that pharmaceutical relevance does not by
itself establish reliability or translational readiness [2].
The clinical pharmacology context adds a further layer of
caution because pharmacological decisions involve drug
exposure, safety, interactions, population variability,
therapeutic  uncertainty, accountability. LLM
applications in clinical pharmacology therefore require
explicit validation boundaries, workflow constraints, and
expert review rather than assumptions that fluent answers
correspond to clinically usable pharmacological reasoning
[3].

A scoping review is needed because the literature on LLMs
in computational pharmacology is broad, heterogeneous,
and still developing across biomedical language models,
text-mining systems, generative chatbots, retrieval-
augmented systems, chemical tool use, drug repurposing
frameworks,  pharmacovigilance = workflows,  and
medication-safety interfaces. The objective of this review
is to map the breadth and distribution of this literature,
identify application domains and evidence types, and
synthesize validation gaps, safety concerns, and research
priorities without presenting LLM-assisted outputs as
validated mechanisms, confirmed repurposing candidates,
clinical recommendations, or regulatory-ready systems [4].

reasoning,

and

Large language models in pharmacology

In pharmacology-related contexts, LLMs can be
understood as language-based models that process
biomedical, chemical, pharmacological, clinical, or safety-
related text to support tasks such as extraction,
summarization, question evidence
organization, and hypothesis generation. Biomedical
language models such as BioBERT established an
important foundation for this area by showing that domain-
adapted representations can improve biomedical text-
mining tasks, including entity and relation-oriented tasks
relevant to pharmacological literature mining [5].
Domain-specific pretraining is particularly relevant to
computational pharmacology because pharmacological

answering,
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language contains specialized terms for compounds,
targets, pathways, diseases, adverse events, formulations,
populations, and experimental systems. PubMedBERT
illustrates the rationale for biomedical-domain pretraining,
in which language-model training on biomedical corpora
can improve performance on biomedical natural-language-
processing tasks compared with models trained primarily
on general-domain language [6].

Generative biomedical language models extend this
landscape from representation learning and classification
toward text generation, biomedical summarization, and
generative mining. BioGPT is relevant to pharmacology-
related review questions because it was designed for
biomedical text generation and mining, but its role in a
scoping synthesis should be framed as support for
biomedical language tasks rather than proof that generated
biomedical statements are inherently wvalid or
pharmacologically causal [7].

General-purpose and medical LLMs differ from classical
text-mining systems because they can produce open-ended
answers, explanations, rationales, and conversational
outputs rather than only predefined entity labels or relation
classes. However, medical LLM evaluation also shows
why pharmacological use requires task-specific testing,
source verification, uncertainty handling, and human-in-
the-loop oversight, especially when outputs may be used
near medication safety, clinical pharmacy, or translational
decision-support contexts [8].

Scoping review method

This review followed a scoping-review logic because the
purpose was to map application domains, model
categories, evidence types, validation patterns, limitations,
and research gaps rather than to estimate pooled effects or
produce clinical recommendations. Reporting was
structured using PRISMA-ScR-style elements, including
identification,  deduplication, eligibility
assessment, exclusion reasons, and final inclusion numbers
[9].

The review questions asked what types of LLMs are being
applied in computational pharmacology; how LLMs are
used for knowledge extraction, literature mining, and
pharmacological relation extraction; how they are used or
proposed for mechanistic reasoning and drug repurposing
support; how they are being applied in pharmacology-
related decision-support contexts; what
validation, grounding, and oversight strategies are
reported; and what gaps and safety concerns remain visible
across the literature. This approach is consistent with
scoping-review methodology because the field is
heterogeneous, methodologically diverse, and not yet
suited to quantitative pooling across comparable outcomes
[10].

screening,

evaluation,
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The PCC framework defined the population as LLM-
based, biomedical language model, domain-adapted
language model, retrieval-augmented, or generative
chatbot systems; the concept as knowledge extraction,
literature mining, mechanistic reasoning, drug repurposing
support, adverse-event extraction, pharmacovigilance,
medication safety, and decision-support boundaries; and
the context as computational pharmacology, drug
discovery and development, drug—target evidence,
pharmacological mining, clinical pharmacy,
medication  information,  pharmacovigilance,
translational decision-support settings. Searches were
conducted in PubMed, Scopus, Web of Science Core
Collection, IEEE Xplore, ScienceDirect, SpringerLink,
Wiley Online Library, Oxford Academic journals, ACM
Digital Library, Nature Portfolio journals, Frontiers
journals, MDPI journals, and publisher records for the
period from 1 January 2017 to 9 July 2026. Search strings
combined terms for “large language model,” “LLM,”
“generative language model,” “biomedical language
model,” “ChatGPT,” “retrieval augmented generation,”
and  “domain-specific ~ language  model”  with
pharmacology-related terms including “drug discovery,”
“drug repurposing,” “drug target,” “drug interaction,”
“pharmacovigilance,” “adverse event,” and “decision
support.”

Eligibility criteria included peer-reviewed journal articles
published from 2017 to 2026 inclusive, DOI availability,
focus on LLMs or biomedical/domain-specific language
models, relevance to computational pharmacology or
adjacent pharmacology-related tasks, and sufficient detail
to chart at least one model type, task, data source,
evaluation approach, validation type, output category,
limitation, or safety concern. Exclusion criteria removed
conference-only records, preprint-only records, books,

text
and

B\

Ay
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theses, websites, software manuals, vendor or database
pages, GitHub repositories, regulatory pages, policy
documents, white papers, articles outside the search period,
articles without DOI information, general Al studies
without LLM relevance, clinical diagnosis-only studies
without drug or medication molecular
foundation model-only studies without language or
literature relevance, and articles without extractable
pharmacology application or evaluation information.

The PRISMA-ScR-style screening log identified 642
records from databases and 28 records from citation

relevance,

chasing or other sources, giving 670 total records before
deduplication. After removing 188 duplicate records, 482
records remained for title and abstract screening; 430 were
excluded at that stage, leaving 52 full-text articles for
eligibility assessment. Eighteen full-text articles were
excluded: 3 were not LLM or biomedical language model
studies, 4 were not computational-pharmacology, drug-
discovery, medication-safety, or pharmacovigilance
relevant, 3 were conference-only or preprint-only records,
1 had no DOI, 1 was outside the search period, 2 had
insufficient methodological detail, 2 had no extractable
pharmacology application, 1 was a duplicate or
overlapping report, and 1 was not aligned with the review
questions. The final scoping review included 34 studies
and 34 final manuscript references. Evidence charting
captured LLM category, pharmacology context,
application domain, input data source, output type,
evaluation method, validation or expert review, source-
grounding strategy, safety or hallucination concern, main
finding, main limitation, and contribution to the scoping
synthesis. Figure 1 presents the PRISMA-ScR-style flow
of record identification, duplicate removal, screening,
eligibility assessment, and final
included studies.

exclusion reasons,

wWww.eijppr.com

49



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | February 2026 | Volume 16 | Issue 1 | Page 47-59
Pieter Botha, Large Language Models in Computational Pharmacology: A Scoping Review of Knowledge Extraction, Mechanistic Reasoning, Drug
Repurposing, and Decision Support

PRISMA-ScR-Style Flow Diagram for Record Identification,
Screening, Eligibility Assessment, and Inclusion

‘ 1 Records identified from databases Records identified from citation
s chasing and other sources
Identification n=642

n =28
I I
v

Total records before deduplication

n =670
2 Duplicate records removed

Deduplication n =188

v

Records after deduplication

n =482
3 Records excluded at title
3 Records screened by title and abstract »|  and abstract screening
Screening n =482 n =430
Full-text articles excluded
v n=18
- Not an LLM or biomedical language
4 Full-te);t an;Flg;l?ssessed model study: 3
Ehgralty or eligibility Not computational-phar i
n= 5 2 drug-discovery, medication-safety,
or pharmacovigilance relevant: 4
Conference-only or preprint-only record: 3
No DOI: 1
Outside search period: 1
Insufficient methodological detail: 2
No ication: 2
Duplicate or overlapping report: 1
v Not aligned with review questions: 1
5 Final studies included in scoping review
Included n=34
Final references included in manuscript
n=34

Figure 1. PRISMA-ScR-Style Flow Diagram for Record Identification, Screening, Eligibility Assessment, and
Inclusion

Alt-text description assessment, reasons for exclusion, and final included

A PRISMA-ScR-style flow diagram showing database studies.

records, additional records where applicable, duplicate = Table 1 summarises the scoping review questions, search

removal, title and abstract screening, full-text eligibility  strategy, eligibility criteria, evidence-charting domains,
and synthesis approach used in this review.

Table 1. Scoping Review Method for Large Language Models in Computational Pharmacology: Review Questions,
Search Strategy, Eligibility Criteria, Evidence-Charting Domains, Application Mapping, Validation-Gap Mapping, and

Synthesis Approach
Review Evidence Mappin Limitation
Specification Rationale pping
component charted output controlled
.. . The literature is . .
Map LLM applications in broad Model type, Scoping Avoids
Review computational pharmacology ’ task, domain, evidence map unsupported
. ] heterogeneous, and . .
rationale rather than estimate pooled . validation, across meta-analysis
methodologically . .
effects. . safety concern. applications. claims.
diverse.
. . . Ensures breadth Application uestion-
Review Six questions covering model . e PP Q . Prevents
. . . without drifting into area, output aligned
questions types, extraction, reasoning, . . . unstructured
a generic Al review. category, synthesis.
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repurposing, decision support, evaluation narrative
validation, and gaps. method, selection.
limitation.
Population: LLM-based
systems; Concept:
Jit logy-oriented K th i . L .
P a@aco o8y 9r1en y eePs ¢ re.Vlew Population, Eligibility and Controls topic
. extraction, reasoning, safety, aligned with . .
PCC logic . . concept, synthesis creep into non-
and support; Context: scoping-review
. . context fit. boundary. pharmacology Al
computational pharmacology terminology.
and adjacent medication
domains.
PubMed, Scopus, Web of Captures
. u
Science, IEEE Xplore, . P .
. . . . biomedical, Source of . .
ScienceDirect, SpringerLink, . . Multidatabase Reduces single-
Databases . . informatics, record and .
Wiley, Oxford Academic, o . search database selection
searched . . pharmacology, and bibliographic .
ACM Digital Library, Nature tational cligibilit coverage. bias.
. . computationa igibility.
Portfolio, Frontiers, MDPI, . P g Y
. literature.
and publisher records.
Captures recent
LLM and Publication
S h . . Time-bounded  Exclud t-of-
earc 1 January 2017 to 9 July 2026. biomedical year and DOI '1me ounde *e ,u ©s oo
period included set. period sources.
language-model status.
literature.
Boolean combinations of
LLM, biomedical language
model, ChatGPT, RAG, Reduce
. . . . uces
Search pharmacology, drug discovery, Matches the main Search-topic Candidate irrelevant eeneral
. . . . . A%
strategy repurposing, drug target, drug  review dimensions. alignment. record pool. .g
. . Al retrieval.
interaction, adverse event,
pharmacovigilance, and
decision support.
Peer-reviewed journal article,
2017-2026, DOI, LLM or .
biomedical 1 dl E llincluded ~_/>rHc1e tyPe: Excludes weakl
iomedical language-mode nsures all include xcludes weal
Inclusion Suag . . DOI, relevance,  Final included Y
. relevance, computational studies can support . relevant or non-
criteria . . . extractable evidence base. .
pharmacology or medication- scoping synthesis. data chartable items.
safety relevance, extractable )
charting data.
Non-peer-reviewed,
conference-only, preprint-only,
DO, outsid iod, o . Counted full- P t
Exclusion 1o ou S.l © petio Maintains scope and Exclusion ounte u revents
. general Al without LLM . text exclusion unsupported
criteria . . source quality. reason. . .
relevance, diagnosis-only log. source inclusion.
without drug relevance,
insufficient detail.
Model category, pharmacology
text lication domai Enables structured . . . S
. C(.)n cx% appiication comain, na e.s stueture Required Scoping review  Avoids invented
Evidence Input source, output type, mapping across . .
. . 4 charting charting performance or
charting evaluation, validation, heterogeneous . . L. .
. . variables. matrix. validation claims.
grounding, safety concern, studies.
finding, limitation.
Literature mining, NER, DDI
extraction, DTI extraction, Prevents
L. ADE extraction, Organizes evidence . Application .
Application .. . Domain and . overemphasis on
. pharmacovigilance, by pharmacological . domain .
mapping . . . LLM function. . any single use
mechanistic reasoning, function. synthesis.

. . case.
repurposing, evidence

synthesis, decision support,
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human oversight, RAG
support.

Hallucination, unsupported
citations, grounding weakness,
outdated knowledge, prompt

Validation- . i Identifies safety- Limitation and  Validation and Prevents
sensitivity, external validation, . N .
gap . .. critical gaps across mitigation safety gap overclaiming
. expert evaluation, clinical . . .
mapping . domains. need. synthesis. readiness.
boundary, medication safety,
bias, reproducibility, privacy,
regulatory uncertainty.
. . . Avoids causal,
Narrative scoping synthesis ..
. T . . clinical, or
. organized by application Appropriate for Cross-study Domain-by-
Synthesis . . . regulatory
domain, evidence cluster, heterogeneous patterns and domain .
approach . . . . conclusions not
validation pattern, and scoping evidence. gaps. synthesis.
supported by

decision boundary.

charted evidence.

Knowledge extraction and literature mining

Knowledge extraction and literature mining formed one of
the clearest evidence clusters in the mapped literature
because pharmacological knowledge is often embedded in
large volumes of biomedical text. BioBERT-based
approaches to drug—drug interaction extraction show how
biomedical language models can support relation
extraction from text, but the scoping interpretation is that
these systems identify candidate textual relations rather
than establish clinically actionable interaction guidance
[11].

Relation-focused architectures further illustrate how LLM-
related biomedical NLP systems can be adapted to
pharmacology-specific extraction tasks. A relation
BioBERT model combined with bidirectional recurrent
modeling was evaluated for drug—drug interaction
extraction, supporting the claim that transformer-based
representations can assist DDI relation classification while
still depending on task-specific datasets and evaluation
boundaries [12].

Drug-target relation extraction is another central
computational pharmacology use case because target
evidence is distributed across literature, molecular
descriptions, gene descriptions, and biomedical databases.
BERT-based mining of drug—target interactions from
PubMed-scale literature supports large-scale evidence
retrieval, but extracted drug—target links should be
interpreted as literature-derived candidates that require
curation and biological validation before mechanistic or
therapeutic claims are made [13].

More recent ensemble transformer work using chemical
and gene descriptions extends this extraction logic by
combining biomedical literature signals with entity
descriptions to improve drug—target interaction mining.
This supports the scoping synthesis that source-enriched
transformer systems may improve pharmacological
relation extraction, while still leaving unresolved questions

ISSN (Online) 2249-6084 (Print) 2250-1029

about external validation, false-positive relations, corpus
bias, and the boundary between extracted associations and
experimentally confirmed pharmacological interactions
[14].

Adverse-event and pharmacovigilance extraction broaden
the knowledge-extraction cluster from literature-based
discovery toward medication safety. BERT-based adverse-
event extraction from social media demonstrates potential
pharmacovigilance support, but social media text
introduces noise, reporting bias, ambiguity, privacy
sensitivity, and source-verification challenges that prevent
such outputs from being treated as validated safety signals
without expert review [15].

Fine-tuned transformer frameworks for adverse drug
reaction detection similarly show that biomedical language
models can support safety-related classification and
extraction tasks. In a scoping-review interpretation, these
studies are important because they connect LLM-related
methods to medication safety, but they also reinforce that
benchmark performance and text classification do not
independently establish pharmacovigilance causality,
clinical severity, or regulatory actionability [16].
Clinical-note adverse-event extraction represents a more
clinically embedded setting, yet the reviewed evidence
indicates methodological heterogeneity across data
sources, annotation schemes, extraction targets, and
evaluation approaches. A systematic review of adverse
drug event extraction from clinical notes supports the
finding that this area remains fragmented and requires
stronger reporting, external validation, and expert
adjudication before LLM-assisted extraction can be relied
upon in safety-critical clinical workflows [17].

Mechanistic reasoning and drug repurposing

Mechanistic reasoning and drug repurposing represented a
second major evidence cluster, but the mapped literature
showed that LLMs are primarily being used to organize

wWww.eijppr.com

52



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | February 2026 | Volume 16 | Issue 1 | Page 47-59
Pieter Botha, Large Language Models in Computational Pharmacology: A Scoping Review of Knowledge Extraction, Mechanistic Reasoning, Drug

Repurposing, and Decision Support

evidence, structure hypotheses, and connect heterogeneous
information rather than to confirm pharmacological
causality. A multisource prompt framework for drug
repurposing supports the claim that prompted LLM
workflows can assist candidate prioritization and rationale
generation when multiple evidence
incorporated, but such outputs remain hypothesis-
generating and require downstream validation [18].

Generative Al approaches to repurposing may become
more useful when combined with real-world clinical

sources are

evidence, disease-specific data, and explicit validation
pathways. Work on prioritizing Alzheimer’s disease drug
repurposing candidates illustrates how generative Al can
be linked to real-world validation logic, but the scoping
interpretation remains cautious: candidate ranking and
evidence-supported prioritization do not establish
therapeutic efficacy or clinical utility by themselves [19].
Long chain-of-thought prompting has also been explored
for drug repositioning knowledge extraction, suggesting
that LLM reasoning strategies can help structure complex
evidence trails across drugs, diseases, and mechanistic
claims. However, chain-of-thought outputs should be
treated as reasoning assistance rather than biological proof,
because plausible mechanistic narratives may still contain
unsupported links, incomplete evidence,
overextension [20].

Tool-using and chemically oriented LLM workflows
extend mechanistic reasoning into chemical research and

or causal

small-molecule discovery, but these systems remain
bounded by source quality, tool reliability, human
interpretation, and experimental confirmation.
Autonomous chemical research workflows show that
LLM-linked agents can coordinate literature, planning, and
experimental or tool-mediated tasks, but autonomy should
not be equated with validated pharmacological discovery
[21]. Chemistry-tool augmentation demonstrates that
external tools can help ground selected chemical outputs,
while still requiring verification of tool choice, input
validity, and interpretation [22]. Broader reviews of
language models, multimodal LLMs, and small-molecule
LLM applications position these systems across drug
discovery and development, but they consistently require
careful distinction between computational assistance and
experimentally validated discovery [23]. Small-molecule
LLM applications are therefore best understood as
exploratory aids for design, prioritization, and evidence
organization rather than as independent engines of
validated molecular discovery [24]. A ChatGPT-based
drug-discovery case study further supports the view that
chatbot systems can assist exploratory workflows, but
case-level workflow support should not be generalized into
validated drug repurposing or therapeutic claims [25].
Table 2 maps LLM application domains in computational
pharmacology, including  knowledge  extraction,
mechanistic reasoning, drug repurposing,
pharmacovigilance, and decision-support functions.

Table 2. Application Domains of Large Language Models in Computational Pharmacology: Knowledge Extraction,
Literature Mining, Drug—Target Relation Extraction, Adverse-Event Extraction, Mechanistic Reasoning, Drug
Repurposing, Pharmacovigilance, Evidence Synthesis, and Decision-Support Boundaries

Input Validatio Safety or Scopin
Application LLM P Key fety ¢ pms
. . data Output type n o reliability synthesis
domain function limitation . L.
source approach concern implication
Benchmar
Extract, Abstracts, k Literature
. . . Coverage .. L
. . summariz full-text Evidence evaluation Missing, mining is one
Biomedical . . depends on
. e, and articles, summaries and and outdated, or of the clearest
literature . corpus and
.. organize curated extracted manual . unsupported near-term
mining . . . . . . retrieval .
biomedica biomedica statements verificatio evidence support
. Sstrategy .
l evidence I corpora n where functions
reported
Identify
drugs, . Entit
" gt Bi i Entity :,
. argets, iomedica . e . . . recognition
Pharmacologica . g Entity spans Annotated ambiguity Misclassificati 8 .
> diseases, I text and . underpins
I named entity and entity benchmark and on of drug or .
. phenotype  annotated . higher-level
recognition classes testing synonym target terms
s, and corpora .. pharmacology
variation .
adverse extraction
events
. . . . Supports
Drug—drug Detect Biomedica Candidate Dataset- Dataset False-negative p P .
. . . . o medication-
interaction and 1 literature DDI relation based specificity or false- .
. . . .. .. safety evidence
extraction classify and labels relation and limited positive .
organization,
@
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interactio relation extraction external interaction not clinical
n relations datasets evaluation validation signals advice
PubMed-
. scale Comparati
Mine . Extracted Useful for
literature, . ve model .. . .
Drug-target drug— . Candidate . associations Mechanistic hypothesis
. chemical evaluation . .
relation target . drug—target may notbe  overinterpretat  generation and
. . descriptio . and . . .
extraction associatio relations . experimental ion evidence
ns 1, gene curation ly confirmed mappin
descriptio needs v PpIng
ns
. Nois;
Social Dataset an aye Supports
. . uage, U
Extract media, evaluation guag . PP ..
.. Adverse-event underreporti False safety pharmacovigila
Adverse-event ADE or clinical . and expert . .
. entities or . ng, and signals or nce triage but
extraction ADR notes, . . review . . .
. . . classifications annotation missed harms requires safety
mentions  biomedica where . .
. heterogeneit review
1 text available
y
Safety
Structure  narratives, . Wrong drug, Requires
. Structured Guardrail Safety- £ g d .
. and triage adverse- . . event, guardrails and
Pharmacovigila safety outputs  testing and critical .
safety event . . . seriousness, or human
nce support . . and candidate domain terminology . ..
informati terms, . . . . causality pharmacovigila
signals review is fragile . . .
on drug interpretation nce oversight
names
Link
drugs, Literature, .
£ L Expert Reasoning Best framed as
. e targets, pathways, Mechanistic . .
Mechanistic review and  fluency may evidence
K pathways, knowledg hypotheses . False causal .
reasoning . experimen exceed . organization
) and e bases, and evidence . narratives .
assistance . . tal follow- evidence and hypothesis
disease extracted chains .
. . up strength generation
mechanis relations
ms
Pathwa
. Y Useful for
o . literature, L et .
rganize . . . . ncomplete mappin
Pathway 5 biological Biological b Unsupported pp &
. pathway- Pathway . or outdated plausible
reasoning databases, validation pathway .
X level hypotheses . pathway . mechanisms,
assistance . extracted required claims .
evidence . context not proving
mechanis
them
ms
L Literature, Preclinical
Prioritize ..
. real-world , clinical, . Supports
existing . Candidate L
Drug evidence, Ranked or real- . Premature prioritization
. drugs for . . ranking may . e
repurposing multi- candidates and world . therapeutic only within
new . S be mistaken . : S
support . source rationales validation interpretation validation
indication . . for efficacy ..
. biomedica where pipelines
1 data available
Combine Studies, . Unsupported Supports
. . Source Selective . Pp pp.
. extracted  relations, Evidence . . citations or scoping
Evidence . checking  retrieval and .. .
. evidence notes, maps and L. missing synthesis and
synthesis . . and expert ~ summarizati .
across retrieved summaries . . counterevidenc research
synthesis on bias .
sources  documents e planning
Medicatio
Answer . .
dru n Answers, Pharmacist Incorrect, Requires
Medication i forriati questions,  explanations, or expert Uneven incomplete, or pharmacist
information on or pharmacy or review in response fabricated oversight and
support scenarios, recommendati  evaluation quality medication source
pharmacy . . . . .
. drug ons studies information verification
questions
references
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where
available
Clinical
Assist vignettes,
Clinical or with medicatio Expert- . .
. - P Often Automation Should remain
translational medicatio n Alerts, flags, panel or . . .
. . . . . simulated or bias and human-in-the-
decision- n-safety directions, or copilot task- .
support or EHR-like suggestions specific bounded patient-safety loop and
. PP . g8 P . evaluation risk bounded
interface translatio cases, evaluation
nal review  retrieved
evidence
Present Model Reviewable . Essential
outputs outputs recommendati Oversight False overnance
Human-in-the- ’ Expert design often  confidence if g
. for expert sources, ons or . layer across
loop review C e . . audit underreporte  outputs appear "
adjudicati  uncertaint evidence L safety-critical
. d authoritative .
on y flags summaries domains
Indexed . ..
. Retrieval . Promising
. Ground literature, Retrieval .
Retrieval- Sy . relevance Source grounding
answers guidelines  Source-linked may surface .
augmented . and . mismatch and  strategy, but not
in S answers and irrelevant or .. .
pharmacology . . answer- citation sufficient
retrieved  databases, summaries . outdated . .
support faithfulnes unreliability without
sources reference . sources S
s testing validation
corpora

Decision-support applications

Decision-support applications formed a third evidence
cluster, especially around medication information,
medication-safety screening, clinical pharmacy support,
and bounded clinical decision-support interfaces. LLM
evaluation for preventing medication direction errors in
online pharmacies supports the possibility that language
models can assist medication-safety review under defined
task conditions, but such systems should be interpreted as
error-detection  support rather than  autonomous
medication-safety authorities [26].

Clinical pharmacy and medication therapy management
studies provide a more practice-facing view of LLM
decision support. Evaluation of ChatGPT in clinical
pharmacy and medication therapy management suggests
that conversational LLMs may assist with structured
pharmacy cases, but medication therapy decisions remain
sensitive to patient context, dose interpretation,
contraindications, comorbidities, and professional
accountability [27].

Question-answering evaluations in pharmacy practice and
medication information further show why decision-support
claims must remain bounded. Assessment of ChatGPT for
answering clinical pharmacy questions indicates that
responses may be uneven and may include misleading or
unreliable elements, supporting the need for source
verification and pharmacist review [28]. Evaluation of
ChatGPT as a medication-related information resource
similarly supports caution because medication answers can
be incomplete, context-dependent, or unsuitable for direct
use without professional interpretation [29].
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Retrieval-augmented and clinical decision-support systems
may address some limitations by linking outputs to
retrieved evidence and expert-evaluated workflows. A
medication-safety study of a large language model as a
clinical decision-support system supports the scoping
conclusion that LLMs may augment medication safety
when framed as a copilot across defined clinical
specialties, but this does not remove the need for clinician
oversight, accountability, validation, and careful
management of safety-critical decision boundaries [30].

Scoping synthesis

Across the mapped literature, LLM applications in
computational pharmacology clustered into four broad
layers:  biomedical  language-model  foundations,
pharmacological knowledge extraction, reasoning and
repurposing support, and decision-support interfaces.
Retrieval-augmented generation emerged as a cross-
cutting strategy for improving source grounding, but
healthcare RAG evidence also shows that retrieval does not
automatically solve answer correctness, citation
faithfulness, or evaluation gaps [31].

The pharmacovigilance cluster highlighted safety-critical
terminology,  drug-name adverse-event
interpretation, and uncertainty handling as essential design
requirements. Guardrail-focused work in
pharmacovigilance supports the synthesis that LLMs
require structured safeguards when used near medical
safety settings, especially because wrong drug names,
incorrect adverse-event terms, or unsupported safety
interpretations can have downstream consequences [32].

precision,
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The strongest mapped evidence was concentrated in
bounded extraction and evaluation settings, including
biomedical text mining, DDI extraction, DTI extraction,
adverse-event extraction, medication-question evaluation,
and medication-safety task support. By contrast,
mechanistic reasoning, pathway interpretation, and drug
repurposing were more often exploratory or framework-
oriented, requiring careful language to avoid presenting
evidence organization as proof.
assessments of medical LLM pitfalls support this
distinction bias, factual
inconsistency, and overreliance risks remain relevant when
fluent outputs are introduced into scientific or clinical
reasoning contexts [33].

causal Broader

because  hallucination,

Implementation readiness varied substantially across
domains. Some studies reported benchmark or task-
specific evaluation, some used expert review or real-world
validation logic, and others were conceptual, case-based,
or  review-level Clinician-focused

implementation guidance supports the synthesis that safe

contributions.

LLM use requires task-specific model selection, user
training, oversight procedures, source verification,
monitoring, and transparent communication of model
limitations [34].

Taken together, the scoping evidence indicates that LLMs
are most defensible as tools for organizing, extracting,
retrieving, summarizing, and prioritizing pharmacological
evidence, while their use for mechanism explanation, drug
repurposing, and decision support must remain explicitly
bounded. The main research priorities are pharmacology-
specific hallucination benchmarks, citation-faithfulness
audits, external validation across corpora and institutions,
structured expert evaluation, reproducibility reporting for
prompts and model versions, privacy-preserving
deployment methods, and governance frameworks that
keep human experts responsible for safety-critical
interpretation.

Table 3 presents the scoping synthesis of evidence
clusters, validation gaps, safety concerns, and research
priorities for LLMs in computational pharmacology.

Table 3. Scoping Synthesis of Large Language Models in Computational Pharmacology: Evidence Clusters, Validation
Gaps, Source-Grounding Needs, Hallucination Risk, Human Oversight, Decision-Support Boundaries, and Research

Priorities
Mapped Safety or Human
Synthesis . PP Main Main Validation . y . R Research
evidence . . reliability oversight L.
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cluster concern need
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. causal or  curator review . adjudication .
ADE candidate evidence curation
. . complete
extraction evidence workflows
PubMed-
scale
. . Retrieval Missin; .
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. . . . . relevance and  countereviden
mining and biomedical  organize large  quality and citation ce or Source grounded
evidence summarizat evidence coverage . verification retrieval
. . faithfulness unsupported ..
retrieval ion, spaces vary . . pipelines
. testing citations
retrieved
evidence
Social Support Noisy dat Safet
. upports oisy data .. . . atety-
media, PP .. Y Clinical and Misclassified .. L. 4
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Adverse-event clinical- . pharmacovigil adverse
. ance triage heterogene ance expert ADE
extraction note, and K ance events or .
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. discovery annotation s
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ISSN (Online) 2249-6084 (Print) 2250-1029 S www.eijppr.com

56



International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | February 2026 | Volume 16 | Issue 1 | Page 47-59
Pieter Botha, Large Language Models in Computational Pharmacology: A Scoping Review of Knowledge Extraction, Mechanistic Reasoning, Drug

Repurposing, and Decision Support

LLM around drug- specific workflow
workflows safety tasks evidence validation
Pathway, . .
4 Reasoning Mechanism
target, and Organizes may sound  Experimental
Mechanistic evidence- & . Y P Mechanistic ~ Pharmacologi . .
. . mechanistic causal and expert .. . verification
reasoning chain . S overclaiming st review
. hypotheses without validation framework
reasoning
. proof S
assistance
Prompt Candidate Prospective
. .. rospectiv
frameworks Helps rank lists may Preclinical, P .
Drug . . .. Premature . repurposin
. , candidate and explain be clinical, or . Translational
repurposing e . . . therapeutic . g
prioritizatio candidate mistaken real-world . expert review L
support Sy claims validation
n, case hypotheses for validation ]
. . studies
studies discovery
LLM .
Links Tool False
agents and . . .
Tool- . language choice and confidence Chemist and Auditable
chemistry- . . . Tool-output .
augmented reasoning to Interpretati . . from tool- pharmacologis tool-use
. tool . verification . ..
chemistry . tools and on remain mediated t supervision protocols
augmentati .
on workflows uncertain answers
Incorrect Medication
Pharmacy Tests LLM dosi
. . osing, -
Medication Q&A and responses in Response Pharmacist- . g . . . .
. . o . . contraindicati Pharmacist informatio
information medication- practical quality is scored .
. L on, or review n safety
support resource medication uneven validation . .
. interaction benchmark
evaluations contexts . .
information S
Medication Explores Often Automation Prospective
. u L Vi
Decision- -safety and  bounded LLM vignette- Real-world . Clinician-in- p
L . . bias and human-
support clinical assistance in based or workflow .. the-loop
. . L. clinical factors
interfaces copilot safety task- validation . governance .
. . overreliance evaluation
studies workflows specific
Retrieval-
augmented Retrieved . .
£ ) Retrieval and Standardiz
generation . sources o
Source May improve answer- Citation Expert source ed
A and . may be . . . .
grounding . traceability . faithfulness mismatch audit grounding
evidence- irrelevant audits metrics
linked or outdated
outputs
Prompting, . Prompt and
. Identifies . Prompt/mo
Reproducibilit fine-tuning, model o Non- Audit and p
need for ) Reproducibilit ) . del
y and model- . details . replicable documentatio .
. reporting y testing reporting
transparency version often outputs n S
standards . guidelines
dependence incomplete
Hallucinati Domain-
on, bias, Frames Governanc Patient specific
Safety privacy, responsible e evidence Safety-case research ;n d Institutional LLM
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CONCLUSION assistance, drug repurposing hypothesis generation,

This scoping review maps an emerging and heterogeneous
literature on large language models in computational
pharmacology across knowledge extraction, literature
mining, drug-drug interaction extraction, drug—target

relation

extraction,
pharmacovigilance

support,

adverse-event
mechanistic
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extraction,

reasoning
P

s,

@i
-

medication-information support, and bounded decision-
support applications. The mapped evidence suggests that
LLMs can help organize complex pharmacological
evidence and support hypothesis generation, but they
should not be treated as independent validators of
mechanisms, repurposing candidates, medication safety,
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clinical recommendations, or regulatory decisions.
Reliable use requires source grounding, transparent
reporting, task-specific validation, external evaluation,
expert oversight, uncertainty communication, privacy-
aware workflows, and clearly defined decision boundaries
that preserve human accountability in safety-critical

pharmacology contexts.
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