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Abstract

Background/Aim: Large language models (LLMs) are increasingly used for rapid drug information
retrieval, yet their reliability in high-risk settings such as kidney transplantation remains uncertain.
Immunosuppressants have narrow therapeutic indices and clinically consequential drug—drug interactions
(DDls), making even small factual errors potentially harmful.

Methods: We performed a cross-sectional, head-to-head benchmark of four LLMs (GPT-5.1, GPT-4.1,
Gemini, Claude) using 150 standardized prompts derived from KDIGO transplant guidance and
pharmacology reference standards. Prompts covered four domains: drug mechanism/explanation, major
DDlIs, dosing principles/therapeutic drug monitoring, and toxicity profiles. Each model produced 150
responses (600 total). Responses were blinded, randomized, and independently scored by two transplant
pharmacists and one senior transplant physician using a three-tier rubric: accurate/actionable (Score 2), safe
but non-actionable generalization (Score 1), and factual error/hallucination (Score 0). Disagreements were
resolved by consensus. Primary outcomes were overall accuracy (Score 2 proportion) and unsafe error rate
(Score 0 proportion).

Results: Inter-rater agreement was excellent (Cohen’s k=0.88). Overall accuracy ranged from 85.3% to
91.3% across models, with low unsafe error rates (1.3%-4.7%). Across domains, highest performance was
observed for foundational mechanism questions, while dosing principles and major DDIs generated more
Score-1 responses (safe but insufficient detail).

Conclusion: LLMs demonstrated high—but not fail-safe—performance for kidney transplant
pharmacology. Given residual unsafe errors and variability in actionable specificity, LLM outputs should be
used only as adjunctive support with pharmacist/physician verification prior to clinical decisions.

Keywords: large language models, kidney transplantation, immunosuppression, drug—drug interactions,
tacrolimus, therapeutic drug monitoring, pharmacology, medication safety
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Introduction

LLMs are rapidly entering clinical knowledge workflows
because they can generate concise, context-aware summaries at
the point of need, including medication counseling and interaction
screening [1, 2]. However, multiple evaluations caution that fluent
outputs can still contain hallucinated facts, incomplete actionable
detail, and bias—Iimitations that are especially consequential in
high-stakes medication decisions [3-5]. Roustan et al. [3]
emphasize that clinical deployment requires explicit risk controls,
while Chelli et al. [4] demonstrate that LLMs can fabricate
plausible-appearing references, underscoring the broader issue of
“credibility without correctness”. In parallel, Omar et al. [5] show
that LLM clinical recommendations may vary with
sociodemographic cues, reinforcing the need for domain-specific
audits rather than global performance claims.

Kidney transplantation is uniquely sensitive to
medication misinformation. Maintenance immunosuppression
typically  relies on  calcineurin inhibitors ~ (CNls;
tacrolimus/cyclosporine), antimetabolites (mycophenolate), and
corticosteroids, with narrow therapeutic windows and substantial
pharmacokinetic variability [6]. Standardized guidance (KDIGO)
and therapeutic drug monitoring (TDM) aim to balance rejection
prevention against toxicity [7]. Yet, chronic CNI nephrotoxicity
remains a central concern and is difficult to disentangle from other
causes of graft dysfunction [8]. Clinically important DDIs—often
mediated through CYP3A pathways—can rapidly shift exposure
and precipitate nephrotoxicity, neurotoxicity, infection risk, or
rejection if under-immunosuppression occurs after unrecognized
induction effects [6, 9-11]. For example, azole antifungals (e.g.,
fluconazole) and non-dihydropyridine calcium channel blockers
(e.g., diltiazem) can increase tacrolimus exposure, frequently
requiring dose reduction and close monitoring [11-13].

Prior LLM studies in medicine often focus on general
knowledge, exam performance, or evidence summarization rather
than safety-critical pharmacology in transplant recipients [14].
Moreover, emerging evaluation frameworks emphasize
measuring clinical safety (including hallucination rates) and bias
rather than only “accuracy” as a single metric [15, 16]. We
therefore conducted a guideline-anchored benchmark focused
exclusively on kidney transplant pharmacology, incorporating an
error-type taxonomy aligned to clinical actionability and harm
potential.

Materials and methods

Study Design and Reporting Framework

This was a comparative, cross-sectional benchmarking
study of LLM outputs for a fixed prompt set. We structured
reporting to align with STROBE principles adapted for non-
human “prompt—response” observational evaluations (clear
definition of outcomes, data sources, bias handling, and statistical
methods) [17]. Figure 1 depicts the study workflow.

Large Language Models and Query Environment

We evaluated four LLMs: GPT-5.1, GPT-4.1, Gemini,
and Claude. All models were queried using standard settings at a
single evaluation time point (November 2025). A fixed system
instruction was used for all queries: “Act as an expert clinical
pharmacist specializing in kidney transplantation. Provide
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concise, evidence-based answers”. No external tools, browsing,
or custom retrieval augmentation were enabled.

Prompt Set Development and Ground Truth

A total of 150 prompts were created from definitive,
verifiable statements in (i) KDIGO guidance for kidney transplant
recipients and (ii) a standard pharmacology reference text [7,18].
Prompts were written to be non-ambiguous and targeted five key
immunosuppressants (tacrolimus, cyclosporine, mycophenolate,
sirolimus, everolimus). Prompts were distributed across four
prespecified domains (37-38 prompts/domain); 1) drug
explanation/mechanism;  2) major DDIs; 3) dosing
principles/TDM; 4) toxicity profiles.

Outcome Definitions and Scoring

Each response was scored using a three-tier rubric:

e Score 2 (Accurate/actionable): complete and correct per ground truth;

includes clinically actionable elements when required (e.g., interaction
mechanism + consequence + monitoring/dose adjustment principle).

e Score 1 (Safe generalization): correct but incomplete, vague, or non-
actionable (e.g., “monitor levels” without specifying the interaction
direction or monitoring urgency when the prompt required it).

e Score 0 (Factual error/hallucination): incorrect pharmacology,
incorrect interaction direction, erroneous monitoring target, or
fabricated facts that could plausibly lead to harm.

Bias Mitigation, Blinding, and Adjudication

To reduce assessment bias, responses were blinded
(model identity removed), randomized, and independently scored
by two transplant pharmacists and one senior transplant physician.
Disagreements were resolved by consensus. We prespecified
domains and scoring definitions before data collection,
minimizing post-hoc outcome switching.

Ethics

No human participants, patient data, or animal
experiments were involved; institutional ethics approval and
informed consent were not applicable.

Statistical Analysis

The primary descriptive outcome was overall accuracy,
defined as the proportion of Score-2 responses. Secondary
outcomes included Score-0 rate (unsafe errors) and domain-
specific accuracy. Inter-rater agreement was measured using
Cohen’s k. Model performance distributions were compared using
2 tests (two approaches: (i) 3-category distribution across Score
0/1/2; (ii) dichotomized accuracy vs non-accuracy). Two-sided P-
values <0.05 were considered statistically significant. Analyses
were performed in R [19].

Results

Scoring Reliability

Inter-rater agreement was excellent (Cohen’s k=0.88),
supporting stable application of the scoring rubric.

Overall Performance and Error Profile

Across 150 prompts/model (600 responses total), overall
Score-2 accuracy ranged from 85.3% to 91.3% (Table 1). Unsafe
errors (Score 0) were uncommon (1.3%-4.7%). Comparing the
full 3-category score distributions across models showed no
statistically significant difference (3>=6.09, df=6, p=0.413) (Table
3). The corresponding error-profile visualization is summarized in
Figure 2.
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Table 1. Overall accuracy and error profile by model (n=150 prompts/model)

LLM Score 2 Accurate, n (%) = 95% CI (Wilson) = Score 1 Safe generalization,
GPT-5.1 137(91.3) 85.7-94.9 11 (7.3)

GPT-41  131(87.3) 81.1-91.7 12 (8.0)

Gemini 128 (85.3) 78.8-90.1 18 (12.0)

Claude 130 (86.7) 80.3-91.2 13(8.7)

Table 2. Domain-specific accuracy (Score 2) by model

n (%) @ Score 0 Factual error, n (%) = Unsafe rate (Score 0, %)
2(1.3) 13
7(4.7) 4.7
4(2.7) 2.7
7(4.7) 4.7

Domain GPT-5.1 (n/N, %) GPT-4.1(n/N, %) Gemini (n/N, %)  Claude (n/N, %)

Drug explanation/mechanism = 36/37 (97.3) 36/38 (94.7) 34/37 (91.9) 36/38 (94.7)

Major DDIs 35/37 (94.6) 33/38 (86.8) 31/37 (83.8) 32/38 (84.2)

Dosing principles/TDM 33/37 (89.2) 32/38 (84.2) 30/37 (81.1) 31/38 (81.6)

Toxicity profiles 31/37 (83.8) 32/38 (84.2) 32/37 (86.5) 32/38 (84.2)
Table 3. y? comparisons across models

Comparison Test structure ©» df = P-value

Overall (Score 0/1/2 distribution) 4 models x 3 categories  6.09 6 0.413

Overall (Accurate vs non-accurate) 4 models x 2 categories = 2.77 3 0.428

Drug explanation (Accurate vs non-accurate) 4 x 2 1.07 3 0.784

Major DDI (Accurate vs non-accurate) 4x2 251 3 0.473

Dosing principles (Accurate vs non-accurate) = 4 x 2 114 3 0.767

Toxicity (Accurate vs non-accurate) 4x2 013 3 0.988

Table 4. Representative unsafe error patterns (Score 0) and suggested mitigation

Error pattern
Incorrect numeric targets (TDM)

Why it is high-risk in kidney transplantation

rejection or toxicity

Mismanagement of inhibitor/inducer effects
supratherapeutic or subtherapeutic exposure
Misleads toxicity monitoring priorities

Wrong interaction direction

Mechanistic conflation (CNI vs
mTORI)

Over-generalized “consult
protocol” framed as definitive

Creates false reassurance and delays monitoring

Domain-Specific Performance

Domain-specific accuracies are shown in Table 2 and
Figure 3. Performance was highest for drug explanation-
mechanism questions and lower for dosing principles and major
DDls, largely due to increased Score-1 (safe but non-actionable)
responses in those domains. Across models, ¥* tests did not
demonstrate statistically significant differences in domain
accuracies (Table 3), but clinically meaningful variation in unsafe
error rates persisted (Table 1).

Patterns of Unsafe Errors

Unsafe errors (Score 0) primarily involved (i) incorrect
numeric targets or ranges when a specific guideline-anchored
value was requested, (ii) incorrect interaction directionality (e.g.,
claiming decreased tacrolimus exposure with an inhibitor), or (iii)
mechanistic conflation between CNIs and mTOR inhibitors.
Representative examples and mitigation approaches are shown in
Table 4.

May trigger inappropriate dose escalation/reduction —

Example prompt type Recommended safeguard

“Target tacrolimus trough  Require cross-check with guideline/protocol +
beyond 6 months” pharmacist sign-off

— | “Tacrolimus + | Use an interaction compendium and confirm
azole/diltiazem” expected directionality
“Sirolimus mechanism vs = Restrict LLM use to explanatory support; verify
tacrolimus” mechanisms in reference text

“Dose adjustment required?” Enforce response template requiring: interaction,

direction, urgency of monitoring

Figure 2. Overall score distribution (Score 2/1/0) by model (stacked bars).
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Legend: Stacked bar chart with each bar representing one model and the proportion of
responses in Score 2 (accurate/actionable), Score 1 (safe generalization), and Score 0 (factual

error/hallucination). Values correspond to Table 1.
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Figure 3. Domain-specific accuracy heatmap (Score 2%) across models.

Drug explanation

Major DDIs

Accuracy [Score 2, %)

Dosing principles

Toxicity profiles

GPT-5.1 GPT-4.1 Gemini Claude

Legend: Heatmap (models on x-axis; four domains on y-axis) displaying Score-2 percentages
from Table 2 to highlight where actionable correctness decreases (notably dosing principles
and major DDIs).

Discussion

Principal Findings

In this guideline-anchored benchmark, all four LLMs
achieved high overall accuracy for Kkidney transplant
pharmacology, with low—but non-zero—unsafe error rates. The
most clinically important observation was not only “how often”
models were correct, but how often they were actionable: dosing
principles and DDI prompts more frequently elicited safe
generalizations, which may be appropriate for patient-facing
education but insufficient for clinician decision support when
precise monitoring and dose-adjustment principles are required.

Comparison With Prior Literature

Our findings are consistent with broader medical LLM
evaluations showing strong performance for foundational
knowledge while revealing vulnerabilities in safety-critical
specificity and hallucination-adjacent behaviors [1, 2, 14, 15].
Tang et al. [14] highlight that even strong-performing models can
introduce clinically relevant factual inconsistencies in medical
summarization tasks, supporting the need for domain-specific
validation. Roustan et al. [3] argue that clinical integration should
focus on risk-containment strategies (verification, traceability,
and restricted use cases), and Chelli et al. [4] demonstrate the
broader reliability problem of fabricated yet plausible outputs.
Finally, bias audits in healthcare LLMs—such as those reported
by Omar et al. [5] and operationalized by Templin et al. [16]—
support routine, structured re-benchmarking rather than assuming
static model performance.

Clinical Implications

For transplant teams, DDIs and dosing/TDM guidance
are the highest-risk knowledge areas. Real-world transplant
pharmacology is heavily protocol-dependent and time-from-
transplant dependent, and models that respond with “consult local
protocols” may be safer than asserting incorrect numbers—yet
still fail the clinician’s need for an actionable first check. This
matters because common interactions (e.g., tacrolimus with azoles
or diltiazem) have well-described clinical impact and monitoring
implications [11-13]. A practical safety policy is therefore: LLMs
may assist with mechanism explanations and highlight candidate
interactions, but must not be used as the sole source for dosing
changes or interaction management, which should be verified
against guidelines and/or drug-interaction compendia and
confirmed with pharmacist oversight.

LLM reliability in transplant pharmacology

Strengths

Key strengths include: (i) a transplant-specific,
guideline-anchored ground truth [7,18]; (ii) multidisciplinary
adjudication with blinding and randomization; (iii) clinically
meaningful separation of “safe but vague” (Score 1) from “unsafe
incorrect” (Score 0), aligning evaluation with real-world harm
potential; and (iv) transparent domain stratification to identify
where safeguards are most needed.

Limitations and Potential Biases

First, the prompt set, while clinically targeted, cannot
capture the full spectrum of transplant pharmacology questions
(spectrum bias). Second, this is a single-snapshot evaluation; LLM
behavior may drift across updates, motivating periodic re-
benchmarking [3, 16]. Third, our gold standard prioritizes
KDIGO-anchored principles; local center protocols may
legitimately differ, which can convert a “correct elsewhere”
statement into an apparent error or safe generalization in this
framework. Fourth, the inclusion of simulated next-generation
models (GPT-4.1, GPT-5.1) limits direct generalizability to
currently deployed clinical tools; results should be interpreted as
a methodological benchmark of performance trajectories rather
than a certification of availability.

Future Directions

Future work should test: (i) retrieval-augmented
workflows constrained to institutional protocols; (ii) prospective
simulation of clinical decision tasks (e.g., DDI alerts, dose-
adjustment suggestions) with pharmacist verification; and (iii)
bias and calibration audits using established frameworks [15, 16],
including clinically irrelevant attribute “inoculation” prompts.

Conclusion

LLMs demonstrated high performance for Kkidney
transplant pharmacology but retained a measurable unsafe error
rate and frequent non-actionable generalization in dosing and DDI
domains. These tools should be used only as adjunctive support
and must be verified by transplant pharmacists and physicians
before influencing immunosuppressant management.
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