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Abstract

Patients undergoing oral surgery are frequently polymedicated and preoperative prescrip-
tions (analgesics, corticosteroids, antibiotics) can generate clinically significant drug—drug
interactions (DDIs) associated with bleeding risk, serotonin toxicity, cardiovascular instabil-
ity and other adverse events. This study prospectively evaluated whether large language
models (LLMSs) can assist in detecting clinically relevant DDIs at the point of care. Five
LLMs (ChatGPT-5, DeepSeek-Chat, DeepSeek-Reasoner, Gemini-Flash, and Gemini-Pro)
were compared with a panel of experienced oral surgeons in 500 standardized oral-surgery
cases constructed from realistic chronic medication profiles and typical postoperative regi-
mens. For each case, all chronic and procedure-related drugs were provided and the task
was to identify DDIs and rate their severity using an ordinal Lexicomp-based scale (A-X),
with D/X considered “action required”. Primary outcomes were exact agreement with
surgeon consensus and ordinal concordance; secondary outcomes included sensitivity for
actionable DDIs, specificity, error pattern and response latency. DeepSeek-Chat reached
the highest exact agreement with surgeons (50.6%) and showed perfect specificity (100%)
but low sensitivity (18%), missing 82% of actionable D/X alerts. ChatGPT-5 showed the
highest sensitivity (98.0%) but lower specificity (56.7%) and generated more false-positive
warnings. Median response time was 3.6 s for the fastest model versus 225 s for expert
review. These findings indicate that current LLMs can deliver rapid, structured DDI screen-
ing in oral surgery but exhibit distinct safety trade-offs between missed critical interactions
and alert overcalling. They should therefore be considered as decision-support tools rather
than substitutes for clinical judgment and their integration should prioritize validated,
supervised workflows.

Keywords: artificial intelligence; large language models; ChatGPT; Gemini; DeepSeek;
drug-drug interactions; oral surgery

1. Introduction

Patients undergoing oral surgery frequently take multiple medications, especially
older individuals or those managing chronic systemic conditions like diabetes or cardio-
vascular disease [1-3]. The addition of typical perioperative drugs such as nonsteroidal
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anti-inflammatory drugs (NSAIDs), acetaminophen and other analgesics, corticosteroids,
and antibiotics further increases the risk of clinically significant drug-drug interactions
(DDIs) in this population [4,5]. These DDIs may result in adverse outcomes, including
excessive bleeding, therapeutic failure, serious adverse drug reactions (ADRs) and, in
severe cases, even emergency department visits or hospital admissions [6].

For example, combining warfarin (an anticoagulant) with antiplatelet agents ampli-
fies the risk of hemorrhage several-fold [7,8]; coadministration of NSAIDs with selective
serotonin reuptake inhibitors (SSRIs) more than doubles the odds of gastrointestinal
bleeding [9,10] and adding tramadol (an opioid) to SSRIs can precipitate serotonin syn-
drome [11,12]. Other medication classes often encountered in oral surgery patients
that may increase the risk of DDI include antidiabetic drugs (such as GLP-1 agonists
and SGLT2 inhibitors) [13], statins [14], antiepileptics [15,16] and antiresorptive os-
teoporosis drugs, which are associated with medication-related osteonecrosis of the
jaw (MRON]) [17-20].

In oral surgery, the assessment of potential drug—drug interactions is not a leisurely
academic exercise but a time-critical clinical judgment often made under pressure, fre-
quently while patients are still in the chair and the surgical team must decide within
minutes whether to proceed, substitute, adjust or defer treatment [21,22]. Compounding
the challenge, dentists may lack access to patients’ full medication histories, which
can result in missed or underestimated DDIs and increase the risk of DDI-related
harm [23-25]. There is therefore an urgent need for tools that can support rapid, sys-
tematic, and reproducible DDI screening in the oral-surgery setting, without replacing
clinicians” judgement.

In this context, artificial intelligence (AI) has emerged as a promising clinical
decision-support tool in dentistry [26-28]. Large language models (LLMs) such as Chat-
GPT, Gemini and specialized systems like DeepSeek could rapidly analyze medication
lists and cross-reference known interactions, providing comprehensive and standard-
ized DDI screening at high speed and potentially streamlining preoperative prescribing
workflows [29-32]. This capability may help reduce variability in the thoroughness
of interaction checks across providers. Indeed, ChatGPT has shown high sensitivity,
correctly identifying approximately 99% of DDIs in a recent evaluation [33].

However, current LLMs also exhibit notable limitations: they may “hallucinate” non-
existent interactions and occasionally generate incorrect or unsupported information.
Studies comparing ChatGPT, DeepSeek and similar models with reference databases
have reported only moderate agreement regarding interaction severity, along with
frequent inaccuracies in Al-generated recommendations [34]. All evaluated models
showed low specificity (inability to reliably exclude absent interactions), underscoring
that human expert verification remains essential.

While Al-driven DDI checks have been investigated in general medicine (intensive
care and pharmacovigilance), no study has directly compared Al with clinicians in
dentistry or oral surgery, fields in which robust DDI data remain scarce [35].

Addressing this gap, the present prospective, simulation-based study compares
five LLMs with a panel of experienced oral surgeons. Using 500 standardized oral-
surgery scenarios with predefined medication regimens, we assess each model’s ability
to identify clinically meaningful DDIs, to classify their severity on an ordered scale,
and to suggest appropriate management strategies, using the surgeon consensus as
the reference standard. The overarching aim is to determine whether current general-
purpose LLMs can provide reliable, chairside decision support for DDI screening in oral
surgery while remaining subordinate to human clinical judgement.



Appl. Sci. 2025, 15, 12851

30f16

2. Materials and Methods

This study compared the performance of five large language models (LLMs):
DeepSeek-Chat and DeepSeek-Reasoner (DeepSeek, Hangzhou, China), Gemini-
Flash and Gemini-Pro (Google DeepMind, London, UK), and ChatGPT-5 (OpenAl,
San Francisco, CA, USA)—with that of a panel of experienced oral surgeons in iden-
tifying and managing potential drug—drug interactions (DDIs) in standardized oral-
surgery scenarios. The primary endpoint was case-level accuracy for clinically signifi-
cant DDIs; secondary endpoints included pair-level diagnostic performance, severity
agreement, correctness of management advice, safety-critical errors, hallucinations
and process metrics (API latency, token usage, human time-to-decision).

2.1. Study Design, Setting and Data Governance

A prospective, simulation-based, parallel evaluation was conducted on isolated work-
stations. DeepSeek-Chat and DeepSeek-Reasoner runs were executed on 14 July 2025;
ChatGPT-5 runs were executed on 3 October 2025; Gemini-Flash and Gemini-Pro runs
were executed on 10 October 2025. Internet access was restricted to API calls. The anal-
ysis plan and rubric were finalized before data generation. No real patient data were
processed; all records were fully simulated and non-identifiable. Deterministic case genera-
tion (fixed random seeds), unique study IDs, immutable raw archives and timestamped
logs (model names, API endpoints, parameters as set in code, request/response times)
were maintained to support reproducibility and version transparency. This study was
reported in accordance with the principles of the STARD 2015 guideline, adapted for
simulation-based evaluation [36].

2.2. Case Generation and Clinical Scenarios

A corpus of 500 postoperative cases represented complex mandibular third-molar
surgery. Each case included a fixed postoperative regimen (non-opioid analgesic; amox-
icillin/clavulanate 875/125 mg orally, three times daily for short duration; a short cor-
ticosteroid course—e.g., betamethasone/Bentelan or prednisone, as clinically plausible)
together with variable chronic medications. These agents were selected to mirror rou-
tine perioperative prescribing patterns in oral surgery and to recreate realistic chairside
scenarios in which clinicians must rapidly evaluate potential drug-drug interactions.

Chronic medications spanned the following major therapeutic classes, which are
commonly encountered in oral-surgery patients and clinically relevant for DDI risk:

(i) Cardiovascular antihypertensives (ACE-inhibitors, angiotensin receptor blockers,
[-blockers, thiazide diuretics);

(i) Antidiabetic agents (metformin, SGLT-2 inhibitors such as empagliflozin, GLP-1
receptor agonists such as liraglutide, and sulfonylureas);

(ii) Antiplatelet and anticoagulant therapies (aspirin, clopidogrel, ticagrelor, apixaban,
rivaroxaban, dabigatran, warfarin), which directly influence intra- and postoperative
bleeding risk;

(iv) Lipid-lowering drugs (atorvastatin, simvastatin, rosuvastatin);

(v) Antidepressants (SSRIs/SNRIs such as sertraline, escitalopram, fluoxetine, duloxe-
tine), relevant for serotonergic interactions with certain analgesics;

(vi) Antiepileptics/neuromodulators (valproate, lamotrigine, pregabalin, gabapentin);

(vii) Immunosuppressants (tacrolimus, cyclosporine, mycophenolate, azathioprine);

(viii) Acid-suppressive therapy (omeprazole, pantoprazole);

(ix) Respiratory/allergy medications (e.g., montelukast);

(x) Hormonal agents and contraceptives;
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(xi) Bisphosphonates and other antiresorptives (alendronate, ibandronate, denosumab),
which are associated with medication-related osteonecrosis of the jaw;
(xii) Hypnotics (e.g., zolpidem), among others.

To avoid unrealistic or clinically inconsistent scenarios, predefined plausibility checks
were applied to all simulated cases. Cases showing implausible dose combinations or
internal inconsistencies—for example, duplicate prescriptions of the same active ingre-
dient at incompatible doses, or regimens unlikely to be used in routine oral-surgery
practice—were identified and removed before analysis. Each record included age, sex,
chronic medications and the corresponding English prompt, and records were stored in
CSV/JSON format using deterministic generation scripts.

2.3. Interventions and Comparators

Automated comparators comprised DeepSeek-Chat, DeepSeek-Reasoner, Gemini-
Flash, Gemini-Pro and ChatGPT-5, each accessed via the provider’s chat-completion APL
Scripts supplied a concise system instruction (clinical pharmacology assistant) and a case
prompt. Where temperature or other decoding controls were not explicitly set in code,
provider defaults applied; all other parameters followed the script settings and remained
constant across cases. This configuration ensured that each large language model received
the same clinically formatted information and operated under stable, reproducible condi-
tions throughout the simulation.

The human comparator consisted of three board-certified oral surgeons (each with
>10 years of independent practice) from the Oral Surgery Unit. Each surgeon indepen-
dently reviewed all 500 cases and assessed, for every case, the presence of any clinically
relevant drug—drug interaction, the suspected mechanism, the clinical severity grade on
the A-B-C-D-X scale and the recommended management strategy.

During this first round, surgeons were explicitly blinded to the identity of the models,
to all model outputs and to the interim ratings provided by the other evaluators. After
an independent review, all cases with at least one discrepant rating were re-examined
in a dedicated consensus session. In this session, the three surgeons discussed the clin-
ical scenario and their initial assessments and resolved disagreements by majority rule
(two-out-of-three agreement). The final majority label was considered the reference stan-
dard for that case and used in all comparative analyses. The time required for expert
adjudication was recorded with a stopwatch during the consensus process and subse-
quently summarised as the human latency benchmark.

2.4. Prompting, Inference and Logging

Five large language models were queried programmatically through their public
APIs: GPT-5 (OpenAl; Chat Completions API with model = “gpt-5”), DeepSeek-Chat and
DeepSeek-Reasoner (DeepSeek Inc., Hangzhou, Zhejiang, China; chat-completions API
with model = “deepseek-chat” or model = “deepseek-reasoner”) and Gemini-2.5-Flash and
Gemini-2.5-Pro (Google; Generative Language API vlbeta).

For context, the evaluated systems represent different design choices and intended
uses. GPT-5 (“ChatGPT-57, OpenAl) is a general-purpose frontier LLM accessible through a
routed endpoint, which internally selects among multiple model variants and is optimised
for broad-domain reasoning and conversational assistance rather than for pharmacology
specifically. DeepSeek-Chat (DeepSeek Inc.) is a chat-optimised model designed for fast,
conservative responses, whereas DeepSeek-Reasoner is a companion model that priori-
tises more elaborate stepwise reasoning at the expense of latency. Gemini-2.5-Flash and
Gemini-2.5-Pro (Google) are multimodal generative models; the Flash variant is tuned for
low-latency, high-throughput applications, while the Pro variant is positioned as a more
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capable general model for complex analytical tasks. None of these systems is explicitly
fine-tuned on dental prescribing or oral-surgery DDIs, and none was provided with di-
rect access to proprietary drug interaction databases (such as Lexicomp or Micromedex)
during inference.

For DeepSeek and Gemini models, decoding parameters included an explicitly fixed
temperature of 0.0, and other generation settings (e.g., top_p, token limits) were left at
provider defaults to maximize determinism. For GPT-5, no generation parameters (temper-
ature, top_p, max tokens, or reasoning effort) were overridden; the routed gpt-5 endpoint
dynamically allocates fast versus extended reasoning internally. Each of the 500 simulated
oral-surgery cases was submitted exactly once to each model under these fixed settings.
This default-oriented configuration was adopted to mirror realistic clinical and educa-
tional use, in which users typically rely on vendor-recommended settings rather than
extensive manual tuning, and to avoid introducing additional bias through model-specific
parameter optimisation.

The prompt delivered to each model contained: (i) the standardized surgical scenario
(mandibular third-molar surgery), (ii) the complete medication profile for that scenario,
including chronic therapy and the perioperative prescription (drug, dose, route, frequency,
duration) and (iii) renal/hepatic cautions when applicable. The instruction requested
identification of clinically relevant drug-drug interactions and assignment of a single
severity grade using a constrained Lexicomp-based scale {A, B, C, D, X}, where D/X
indicates that clinical action is required. Model outputs were post-processed only by
trimming whitespace and forcing uppercase. A response was considered valid if, after this
preprocessing, it contained exactly one allowed severity code from {A, B, C, D, X} and no
contradictory additional codes. Any reply that did not satisfy this criterion—for example,
free-text narrative without a severity letter, multiple conflicting letters, or other unparseable
formats—was flagged for manual adjudication and treated as missing in the quantitative
analyses until resolved.

For every API call, latency was measured in real time using time.time() as the interval
between request dispatch and receipt of the complete response. Brief intentional pauses
between consecutive calls (e.g., one-second waits to respect rate limits) were not counted
as latency. Latency values were recorded in seconds for all cases and summarised at
the model level to characterise practical responsiveness in a near-real-time, chairside
decision-support scenario.

All prompts, raw model responses, timestamps, assigned severity letters and measured
latencies were logged and merged into a single case-level table together with the consensus
severity label provided by the oral surgeon panel.

2.5. Knowledge Sources and Severity Framework

Drug—-drug interaction severity in the reference standard followed the Lexicomp
rating: A (no interaction), B (no action needed), C (monitor therapy), D (consider therapy
modification) and X (avoid combination). For each simulated case, the final severity letter
used as “ground truth” was assigned by the oral-surgeon panel during the consensus
process described in Section 2.3. When additional information was needed, panel members
could consult three drug interaction compendia (Lexicomp, Micromedex and Stockley’s
Drug Interactions) as supporting knowledge sources [37,38].

When Micromedex Drug Interactions (Micromedex Solutions, Merative, Ann Arbor,
MI, USA; version 2.0) or Stockley’s Drug Interactions, 12th edition (Pharmaceutical Press,
London, UK) were consulted, a predefined mapping was used to relate their interaction
categories to the Lexicomp® Drug Interactions database (Lexicomp, Wolters Kluwer Health,
Hudson, OH, USA; version 9.3.0) scale. Interactions described as “contraindicated” or
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“avoid” were aligned to X when complete avoidance is recommended, or to D when
modification of therapy is usually sufficient. “Major” interactions requiring a change in
therapy were aligned to D, “moderate” interactions usually requiring closer monitoring
and/or dose adjustment were aligned to C, and “minor” or “no clinically significant
interaction” corresponded to B. Combinations for which no interaction was reported were
classified as A.

If the compendia gave different assessments, a conservative rule was applied: when-
ever a trusted source suggested a more serious interaction (for example, D instead of C),
the higher severity level was chosen. This approach makes the human reference standard
more sensitive to potentially dangerous interactions, even at the cost of a more stringent
benchmark for model specificity. These knowledge sources were used only to support
the human reference standard and were not provided directly to the language models in
the prompts.

2.6. Outcomes

The primary outcome was case-level accuracy, defined as the exact agreement between
each model’s predicted severity grade (A-B-C-D-X) and the surgeon-panel consensus
reference standard for the same simulated case.

Secondary outcomes described the closeness to the reference and the distribution
of classification errors. Ordinal agreement was quantified using quadratic-weighted ,
while the ordinal error profile was expressed through the median absolute grade difference

| prediction — reference |, the proportion of predictions within one grade of the reference
(Acc@1), and the proportion differing by two or more grades.

A binary clinical endpoint was also evaluated by collapsing the ordinal categories
into two groups: grades D/X were classified as “action required” and A-C as “no action.”
For each model compared with the reference standard, the following 2 x 2 metrics were
calculated: accuracy, sensitivity (recall), specificity, positive predictive value, negative
predictive value, and two clinically oriented indicators—Safety-FN (false negatives among
true D/X cases) and Overcall (false positives among true A-C cases).

Finally, process outcomes (latency) were measured as the per-case response time for
each model and for the reference process, and summarized using the median, interquartile
range, and 90th percentile to describe performance consistency and extreme delays.

2.7. Statistical Analysis

All analyses were performed at the case level (N = 500). Model outputs and the
surgeon-adjudicated reference standard were letter grades on an ordinal scale {A,B,C,D}
(with occasional X). Text fields were trimmed and upper-cased prior to analysis. Letters
were mapped to integer scores (A =0, B=1, C =2, D = 3, X = 4) to enable ordinal
computations; only available, non-missing pairs were used (no imputation).

2.7.1. Agreement Metrics

For each model, exact category agreement with the reference standard (proportion
of identical letters) was computed with exact binomial 95% ClIs. To quantify agreement
on the ordinal scale, quadratically weighted agreement and common coefficients (Percent
Agreement, Brennan-Prediger, Cohen/Conger’s k, Scott/Fleiss” r, Gwet’s AC and Krip-
pendorff’s ) were estimated with standard errors and 95% Cls (Stata kappaetc, quadratic
weights based on squared score differences). Quadratic-weighted agreement gives greater
penalties to larger disagreements (e.g., D vs. A vs. D vs. C), and k-type coefficients adjust
the observed agreement for the level of agreement expected by chance. These measures
summarise how closely each model reproduces the human ordinal classification.
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2.7.2. Error Analysis and Ordinal Distance

Using the ordinal scores, the per-model absolute distance | prediction — reference |
was summarized by median and IQR. Two ancillary proportions were also reported:
Accuracy-within-1 (Acc@1 = P[distance < 1]) and Off-by-2+ (P[distance > 2]), each with
exact binomial 95% ClIs. These quantities describe not only whether predictions are correct,
but also how far incorrect predictions tend to fall from the reference severity grade.

2.7.3. Statistical Tests for Categorial Outcomes

Pairwise differences in exact agreement between models were tested within-case using
the paired exact test for proportions (two-sided exact McNemar). For each comparison,
discordant counts b (A correct/B incorrect) and ¢ (A incorrect/B correct), the risk-difference
in percentage points (App = 100-[p_A — p_B]), the two-sided exact p-value (from the
binomial tail on n = b + ¢) and a mid-p sensitivity analysis were obtained. Multiplicity
across the 10 pairwise tests was controlled using Holm's step-down adjustment; adjusted
p-values are presented alongside raw values where applicable.

2.7.4. Binary Clinical Endpoint and Diagnostic-Type Metrics

The ordinal scale was dichotomized a priori as “action required” = {D,X} versus
“no action” = {A,B,C}. For each model versus the reference standard, a 2 x 2 confusion
matrix was formed and Accuracy, Sensitivity (Recall), Specificity, PPV, NPV, Safety-FN
(FN/(TP + FN) = 1 — Sensitivity) and Overcall (FP/(TN + FP) = 1 — Specificity) were
derived, with exact (Clopper-Pearson) 95% Cls for proportions. These diagnostic-type
metrics quantify the ability of each model to detect clinically relevant interactions (D/X)
while controlling the rate of false alarms on non-actionable cases (A-C).

2.7.5. Latency Analysis

Per-case response times (seconds) were compared within subjects across the six sources
(five models plus the reference-process timing) using the Friedman test. Pairwise post hoc
contrasts used Wilcoxon signed-rank tests with Holm correction; for key contrasts, the
Hodges-Lehmann median paired difference with 95% Cls was reported.

All tests were two-sided with o = 0.05 after multiplicity control. Analyses were
conducted in Stata 19 (StataCorp, College Station, TX, USA); agreement metrics used the
user-written kappaetc package and built-in exact binomial functions.

3. Results
3.1. Sample and Case Characteristics

A total of 500 cases were included. The sex distribution was 279 males (55.8%) and
221 females (44.2%). The overall mean age was 49.1 years (SD 18.3); by sex, mean age was
48.8 £ 18.3 years in males (n = 279) and 49.4 £ 18.4 years in females (n = 221). The observed
age range was 18-80 years in both groups (Figure 1).

3.2. Agreement with the Surgeon-Team Reference

Across 500 cases, exact letter agreement with the reference standard adjudicated
by the surgeon team (exact binomial 95% CI) was: DeepSeek-Chat 50.6% (46.13-55.07),
DeepSeek-Reasoner 45.6% (41.17-50.08), ChatGPT-5 41.8% (37.44—46.26), Gemini-Flash
38.4% (34.12-42.82) and Gemini-Pro 33.8% (29.66-38.13) (Table 1).

Considering ordinal proximity to the reference, the highest quadratically weighted ob-
served agreement (“weighted percent agreement”) was obtained by DeepSeek-Chat (0.933)
and GPT-5 (“ChatGPT-5") (0.929), followed by DeepSeek-Reasoner (0.846), Gemini-Flash
(0.830), and Gemini-Pro (0.800).
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Figure 1. Demographic characteristics of the study population (n = 500). The left panel shows the sex
distribution. The right panel shows the mean age by sex; bars represent mean values and the vertical
lines indicate standard deviation.

Table 1. Exact letter agreement with the surgeon-panel reference standard. Exact 95% binomial
(Clopper—Pearson) confidence intervals; Percent = 100 x Proportion.

Model Obs (n) Exact Matches (x) 95% CI (Lower)  95% CI (Upper)  Percent
ChatGPT-5 500 209 0.3744 0.4626 41.80%
DeepSeek-Reasoner 500 228 0.4117 0.5008 45.60%
DeepSeek-Chat 500 253 0.4613 0.5507 50.60%
Gemini-Flash 500 192 0.3412 0.4282 38.40%
Gemini-Pro 500 169 0.2966 0.3813 33.80%

Chance-corrected quadratic-weighted k and Gwet’s AC indicated only moder-
ate agreement overall. In these chance-corrected metrics, ChatGPT-5 and DeepSeek-
Reasoner achieved the highest k values, while DeepSeek-Chat showed the highest Gwet’s
AC (Table 2).

Table 2. Ordinal agreement on severity with quadratic weights (kappaetc). Weighted percent
agreement, quadratic-weighted k and Gwet’s AC are shown with 95% confidence intervals.

Model Weighted Percent ~ Quadratic- 95% CI(k) 95% CI(k) Gwet’s 95% CI 95% CI
Agreement Weighted k ~ Low High AC (AC) Low  (ACQ) High
ChatGPT-5 0.9293 0.4468 0.3941 0.4995 0.8177 0.7993 0.8361
Egjgfrfgf 0.8460 0.4260 0.3707 0.4814 0.6061 0.5588 0.6534
DeepSeek-Chat  0.9331 0.2898 0.2258 0.3538 0.8565 0.8374 0.8757
Gemini-Flash 0.8295 0.3198 0.2768 0.3628 0.6018 0.5558 0.6478
Gemini-Pro 0.8000 0.3505 0.2988 0.4022 0.4636 0.4078 0.5194

Analysis of the absolute severity error confirmed that most disagreements were “near
misses”. The median absolute error was 0 for DeepSeek-Chat and 1 for the remaining
models, with an interquartile range of [0, 1] for all.

The Acc@l metric (<1-grade deviation from the reference) ranged from 95.4%
(Gemini-Pro) to 98.2% (ChatGPT-5), while Off-by-2+ (>2-grade deviation) ranged from
1.8% (ChatGPT-5) to 4.6% (Gemini-Pro) (Table 3).
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Table 3. Distance-based performance summaries on the ordered severity scale. Median absolute
severity error, proportion of predictions within one grade of the reference (Acc@1) and proportion
differing by two or more grades (Off-by-2+) are reported for N = 500 cases.

Model Median Absolute Error IOR Acc@1 (<1 Grade) Off-By-2+
ChatGPT-5 1 [0,1] 98.2% 1.8%
DeepSeek-Reasoner 1 [0, 1] 97.6% 2.4%
DeepSeek-Chat 0 [0, 1] 96.4% 3.6%
Gemini-Flash 1 [0, 1] 97.8% 2.2%
Gemini-Pro 1 [0, 1] 95.4% 4.6%

3.3. Head-to-Head Comparisons of Exact Correctness

Pairwise differences in exact correctness showed significant advantages for:
DeepSeek-Chat over ChatGPT-5 by 8.8 percentage points (pp), p = 0.008; ChatGPT-5 over
Gemini-Pro by 8.0 pp, p = 0.00052; DeepSeek-Reasoner over Gemini-Flash by 7.2 pp,
p = 0.004; DeepSeek-Reasoner over Gemini-Pro by 11.8 pp, p < 0.0001; DeepSeek-Chat
over Gemini-Flash by 12.2 pp, p = 0.001; and DeepSeek-Chat over Gemini-Pro by 16.8 pp,
p < 0.0001. Non-significant contrasts were: ChatGPT-5 vs. DeepSeek-Reasoner (—3.8 pp;
p = 0.145), ChatGPT-5 vs. Gemini-Flash (+3.4 pp; p = 0.201) and DeepSeek-Reasoner vs.
DeepSeek-Chat (—5.0 pp; p = 0.159) (mid-p values were consistent) (Table 4).

Table 4. Pairwise comparison of exact-letter correctness (two-sided exact McNemar test). Def-
initions: b = A correct & B incorrect; ¢ = A incorrect & B correct; n = b + c; Aexact
(pp) = 100 x [Acc(A) — Acc(B)]; p = two-sided exact; mid-p = two-sided mid-p.

Comparison b c n A Exact (pp) p (Two-Sided Exact) Mid-p
ChatGPT-5 vs. DeepSeek-Reasoner 67 86 153 —3.80 0.14537 0.12548
ChatGPT-5 vs. DeepSeek-Chat 110 154 264 —8.80 0.00801 0.00676
ChatGPT-5 vs. Gemini-Flash 87 70 157 3.40 0.20147 0.17604
ChatGPT-5 vs. Gemini-Pro 84 44 128 8.00 0.00052 0.00039
DeepSeek-Reasoner vs. DeepSeek-Chat 133 158 291 —5.00 0.15934 0.14333
DeepSeek-Reasoner vs. Gemini-Flash 94 58 152 7.20 0.00437 0.00347
DeepSeek-Reasoner vs. Gemini-Pro 98 39 137 11.80 <0.0001 <0.0001
DeepSeek-Chat vs. Gemini-Flash 198 137 335 12.20 0.00102 0.00085
DeepSeek-Chat vs. Gemini-Pro 188 104 292 16.80 <0.0001 <0.0001
Gemini-Flash vs. Gemini-Pro 71 48 119 4.60 0.04327 0.03532

3.4. Clinical Action Endpoint

Considering the binary endpoint “action required” (D or X) versus “no action” (A-C),
all models showed very high negative predictive values (>91%) but low positive predictive
values (16-20%), reflecting the relatively low prevalence of D/X cases in the dataset (Table 5).
ChatGPT-5 and Gemini-2.5-Flash achieved very high sensitivity (98% and 94%, respectively)
with moderate specificity (about 56%), resulting in low Safety-FN rates (2-6%) but Overcall
rates around 43—44%. DeepSeek-Reasoner showed a slightly more conservative profile,
with sensitivity of 88% and specificity of 55%, and an intermediate Safety-FN of 12%.

DeepSeek-Chat adopted an extremely conservative behaviour, with 100% specificity
and 0% Overcall, but at the cost of detecting only 18% of clinically actionable interac-
tions (Safety-FN 82%). At the opposite extreme, Gemini-2.5-Pro maximised sensitivity
(100%, Safety-FN 0%) while showing the lowest specificity (42%) and the highest Over-
call (58%). Overall accuracy was therefore highest for DeepSeek-Chat (91.8%), driven
by the large proportion of non-actionable cases, and lowest for Gemini-2.5-Pro (47.8%)
(Table 5, Figure 2).
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Table 5. Binary clinical endpoint, with category D/X coded as the positive class and categories
A-C coded as the negative class. Abbreviations: TP = true positives; TN = true negatives; FP = false
positives; EN = false negatives; PPV = positive predictive value; NPV = negative predictive value;
Safety FN = FN/(TP + FN); Overcall = FP/(TN + FP).

Model N T TN FP EN Ac%/tlracy Sensoi/:ivity Sp%/(c)iﬁcity PPV% NPV % Safeozr FN Ov(t;:call
ChatGPT-5 500 49 255 195 1 60.80 98.00 56.67 20.08 99.61 2.00 43.33
DeepSeek-Reasoner 500 44 246 204 6 58.00 88.00 54.67 17.74 97.62 12.00 45.33
DeepSeek-Chat 500 9 450 0 41 91.80 18.00 100.00 100.00 91.65 82.00 0.00
Gemini-Flash 500 47 250 200 3 59.40 94.00 55.56 19.03 98.81 6.00 44.44
Gemini-Pro 500 50 189 261 0 47.80 100.00 42.00 16.08 100.00 0.00 58.00

Clinical behavior profile of Al prescribing assistants
Exact agreement ~— DeepSeck-Chat
- DeepSeek-Reasoner
e~ ChatGPT-5
e Gemini-Flash
e Gemini-Pro
Speed Sensitivity

Specificity

Figure 2. Clinical behavior profile of Al prescribing assistants. The radar chart compares five Al
models across speed, sensitivity, specificity and exact agreement.

To characterise global discriminative ability beyond the single operating point D/X
vs. A-C, receiver operating characteristic (ROC) curves were generated by treating the
ordinal severity predictions as a numerical risk score. The resulting areas under the
curve (AUCs) ranged from 0.698 (DeepSeek-Chat) to 0.776 (ChatGPT-5), with intermediate
values for Gemini-2.5-Flash (0.749), DeepSeek-Reasoner (0.716) and Gemini-2.5-Pro (0.710),
indicating only moderate discrimination overall. The full ROC curves are reported in
Supplementary File S1.

3.5. Latency

Per-case latency (seconds) medians (mean, SD) were: DeepSeek-Chat 3.61 (3.77, 1.26),
Gemini-Flash 13.91 (14.87, 5.75), Gemini-Pro 17.32 (18.57, 6.00), ChatGPT-5 39.21 (41.66,
15.31), DeepSeek-Reasoner 98.90 (97.44, 63.62), reference standard 225.00 (224.83, 98.92)
(Figure 3).

A within-case rank-based analysis found all 15 pairwise contrasts significant after
multiplicity correction (adjusted p < 0.001 for every pair).
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Figure 3. Per-case latency by method. Vertical bars depict mean latency (seconds) with £SD error
bars; labels above bars report the median and mean + SD. Methods are ordered from fastest to
slowest by median.

4. Discussion
4.1. Principal Findings

This study is, to our knowledge, the first to systematically compare multiple large
language models (LLMs) with experienced oral surgeons in identifying clinically relevant
drug-drug interactions (DDIs) in standardized oral surgery scenarios. Previous investi-
gations have already highlighted the growing importance of drug interactions in dental
settings, as discussed by Colibasanu et al. (2025) [1] and Abbaszadeh et al. (2022) [2], but
none have directly evaluated Al systems against human experts.

Among the evaluated systems, DeepSeek-Chat achieved the highest exact agreement
with the surgeon reference standard (50.6%) and showed excellent ordinal consistency
(Weighted percent agreement ~ 0.93). ChatGPT-5, although less precise (41.8% agreement),
showed the best sensitivity (98.0%) in detecting clinically actionable DDIs (Figure 3).

This trade-off between sensitivity and specificity mirrors what Wang et al. (2025) [29]
and Zitu et al. (2025) [30] observed in LLM performance across clinical pharmacology tasks.
Highly sensitive systems such as ChatGPT-5 and Gemini may increase false-positive alerts,
potentially leading to alert fatigue and workflow disruption, a concern also noted in phar-
macovigilance studies by Sicard et al. (2025) [32]. Conversely, precision-oriented models
like DeepSeek-Chat may under-detect relevant DDIs, risking missed adverse reactions,
consistent with observations from Huang et al. (2025) [35]. In this context, the observed
quadratic-weighted k and Gwet’s AC values indicate only moderate agreement at best
between the models and the human consensus, meaning that, although performance is
clearly better than chance, it remains insufficient to serve as a stand-alone reference without
additional safeguards. Finding the optimal balance between these two extremes remains,
therefore, not merely a technical issue but one with direct implications for patient safety
and professional usability.

4.2. Comparison with Previous Studies

Our findings are broadly consistent with previous research investigating the reliability
of large language models (LLMs) for pharmacovigilance and drug—drug interaction (DDI)
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prediction. Earlier evaluations reported that general-purpose LLMs such as ChatGPT
and Claude achieved very high sensitivity (up to 95-99%) but poor specificity due to
hallucinated or duplicated DDIs, as shown by Sicard et al. (2025) [32] and Al-Ashwal
et al. (2023) [33]. Similarly, Krishnan et al. (2024) [31] observed that ChatGPT models
could accurately detect most clinically relevant interactions but tended to overestimate
their severity, leading to inflated risk profiles. In the present dataset, ChatGPT-5 showed
a comparable pattern, with sensitivity close to 98% for D/X interactions but specificity
around 57% and Overcall above 40%, suggesting that high recall is again obtained at the
cost of a substantial number of false-positive alerts.

ChatGPT-5 may have shown an improvement over previous versions, reaching a level
of performance comparable to domain-oriented reasoning models. This trend supports
the conclusion of Wang et al. (2025) [29], who reported that progressive LLM evolution is
narrowing the gap between general and specialised architectures.

Likewise, Ong et al. (2025) [39], in a scoping review of generative Al for pharma-
covigilance, identified DDI detection as one of the most promising yet under-validated
applications—a limitation our study begins to address within the oral-surgery context.
As shown by Sicard et al. (2025) [32], general-purpose LLMs reached very high detection
rates of DDIs but remained unable to reliably exclude non-interactions; the moderate AUC
values and relatively low positive predictive values (16-20%) observed here align with that
limitation, indicating that most alerts generated by even the best-performing models do
not correspond to truly actionable DDIs.

In accordance with Ong et al. (2025) [39], who identified generative Al’s three key
applications in drug safety, we extend these insights to the domain of oral surgery. Our
findings also reflect the caution expressed by Hakim et al. (2025) [40] regarding LLMs in
safety-critical settings with false positives and hallucinations requiring robust oversight.
Moreover, Huang et al. (2025) [35] emphasised that Al-driven DDI research is making
progress but still lacks domain-specific tuning and explainability, which our work begins
to address. At the same time, our observation of false-positive inflation aligns with the
warning issued by Hakim et al. (2025) [40], who emphasized the need for robust guardrails
and continuous monitoring when LLMs are deployed in safety-critical medical domains
such as drug safety. Conversely, the perfect specificity but low sensitivity of DeepSeek-Chat
(18%) reflects an opposite safety profile with fewer false alarms but a greater risk of missed
interactions. This polarity mirrors the challenge outlined by Huang et al. (2025) [35], who
noted that Al-powered DDI prediction must balance precision with clinical explainability
through domain-specific calibration. Overall, these results reinforce a central message
emerging across the literature: while LLMs show great potential for supporting pharmaco-
logical decision-making, their deployment in dentistry requires validation, transparency
and continuous oversight to ensure true clinical reliability.

4.3. Strengths and Limitations

A key strength of the present study lies in its rigorous and reproducible design, which
incorporated deterministic case generation, blinded expert adjudication and standardized
severity grading using the Lexicomp framework, an approach consistent with that used by
Hughes et al. (2024) [6] in pharmacological safety research. The inclusion of five distinct
LLM architectures (general-purpose and pharmacologically oriented) also provides a com-
prehensive view rarely explored in dental informatics, complementing the multidomain
analyses discussed by Schwendicke et al. (2020) [27] and Sitaras et al. (2025) [28]. Never-
theless, several limitations must be acknowledged. First, as in similar simulation-based
studies (Zitu et al., 2025 [30]), the use of standardized scenarios ensured reproducibility but
may not capture the variability of real-world prescribing. Second, the models were tested
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with single prompts and no iterative refinement; interactive prompting could improve
reasoning accuracy, as suggested by Radha Krishnan et al. (2024) [31], so the present results
should be interpreted as a conservative estimate of best-case model performance.

Third, the lack of extreme severity categories (A or X) may have reduced sensitivity
to rare but critical DDIs. Additionally, a fundamental limitation of current LLMs lies in
their black-box nature. The reasoning process leading to a given output remains largely
opaque to the clinician, who cannot easily verify how the model derives its conclusions.
This issue is particularly evident with ChatGPT-5, which automatically selects the most
appropriate internal version or reasoning mode depending on the input prompt, making
it unclear which model variant is being used in each query. Such opacity may hinder
clinical trust and complicate validation, especially in high-stakes decision-support contexts.
Finally, as model performance evolves rapidly with new training data, periodic reevaluation
remains essential.

Finally, formal pre-consensus inter-rater agreement statistics were not calculated,
so the reliability of individual surgeon ratings cannot be quantified separately from the
consensus; however, the use of a blinded, multi-expert panel and a structured consensus
procedure supports the robustness of the final reference labels.

4.4. Clinical Implications and Future Directions

From a practical perspective, Al-driven systems can significantly reduce clinicians’
cognitive burden by screening for DDIs in seconds (DeepSeek-Chat, for instance, processed
cases in a median of 3.6 s versus 225 s for human adjudication). Similar efficiency benefits
have been documented in applied dental Al frameworks by Sitaras et al. (2025) [28].
Integrating such tools into chairside decision-support systems could enhance patient
safety, particularly for polypharmacy or medically complex patients. However, these tools
should be embedded within workflows that explicitly preserve human control, with oral
surgeons and prescribing physicians reviewing alerts and retaining final responsibility for
treatment decisions. This approach is in line with the collaborative models proposed by
Laddha (2025) [24] and Johnson et al. (2018) [23]. In addition, Al-based DDI screeners
should be implemented in accordance with existing regulatory frameworks for clinical
decision-support software, with clearly defined intended use, documented performance
characteristics, ongoing monitoring and explicit human override, so that licensed clinicians
retain ultimate responsibility for prescribing decisions.

Future work should focus on domain-specific fine-tuning of LLMs using curated
pharmacological datasets and structured interaction ontologies to optimize both sensitivity
and specificity, as proposed by Huang et al. (2025) [35]. Moreover, hybrid frameworks
combining LLMs with established drug databases (e.g., Lexicomp, Micromedex) or with
EHR-linked decision-support systems could produce safer and more interpretable tools, a
direction already explored in broader medical Al research by Wang et al. (2025) [29].

Additional research should also explore explicit strategies for threshold calibration
and risk stratification (for example, stricter alert thresholds for high-risk drug classes or
vulnerable patient groups), as well as mechanisms for capturing clinician feedback on
false-positive and false-negative alerts. Such measures may progressively reduce error
rates and improve the practical usefulness of Al-assisted DDI screening in oral-surgery
practice. In the context of oral surgery, such integration could bridge the existing divide
between dental and medical pharmacology, fostering interprofessional collaboration and
minimizing iatrogenic risks, as highlighted by Laddha (2025) [24] and Choi et al. (2017) [25].
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5. Conclusions

Large language models (LLMs) can assist clinicians in identifying drug-drug inter-
actions (DDIs) in oral surgery by enabling rapid, standardized screening and reducing
cognitive workload, but they should be used strictly as auxiliary tools rather than replace-
ments for clinical judgement. In this comparative evaluation, DeepSeek-Chat achieved the
highest concordance with the surgeon reference standard and offered a more conservative
profile with fewer false alarms, whereas ChatGPT-5 showed markedly higher sensitiv-
ity at the cost of more frequent alerts, underscoring complementary strengths that may
be more or less acceptable depending on the clinical tolerance for missed events versus
overcall. The observed sensitivity—specificity trade-off confirms that continuous human
oversight and close collaboration between Al systems and dental-medical professionals are
essential for safe deployment in practice. Future work should focus on real-world clinical
evaluation, domain-specific calibration and improved explainability of LLM outputs, so
that clinicians can better understand, trust and safely integrate these tools into everyday
prescribing decisions.
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