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A B S T R A C T

Background: Despite the promise shown by large language models (LLMs) for standardized tasks, their multi
dimensional performance in real-world oncology decision-making remains unevaluated. This study aims to in
troduce a framework for evaluating LLMs and physician decisions in challenging lung cancer cases.
Methods: We curated 50 challenging lung cancer cases (25 local and 25 published) classified as complex, rare, or 
refractory. Blinded three-dimensional, five-point Likert evaluations (1–5 for comprehensiveness, specificity, and 
readability) compared standalone LLMs (DeepSeek R1, Claude 3.5, Gemini 1.5, and GPT-4o), physicians by 
experience level (junior, intermediate, and senior), and AI-assisted juniors; intergroup differences and aug
mentation effects were analyzed statistically.
Results: Of 50 challenging cases (18 complex, 17 rare, and 15 refractory) rated by three experts, DeepSeek R1 
achieved scores of 3.95 ± 0.33, 3.71 ± 0.53, and 4.26 ± 0.18 for comprehensiveness, specificity, and read
ability, respectively, positioning it between intermediate (3.68, 3.68, 3.75) and senior (4.50, 4.64, 4.53) phy
sicians. GPT-4o and Claude 3.5 reached intermediate physician–level comprehensiveness (3.76 ± 0.39, 3.60 ± 
0.39) but junior-to-intermediate physician–level specificity (3.39 ± 0.39, 3.39 ± 0.49). All LLMs scored higher 
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on rare cases than intermediate physicians but fell below junior physicians in refractory-case specificity. AI- 
assisted junior physicians showed marked gains in rare cases, with comprehensiveness rising from 2.32 to 4.29 
(84.8%), specificity from 2.24 to 4.26 (90.8%), and readability from 2.76 to 4.59 (66.0%), while specificity 
declined by 3.2% (3.17 to 3.07) in refractory cases. Error analysis showed complementary strengths, with 
physicians demonstrating reasoning stability and LLMs excelling in knowledge updating and risk management.
Conclusions: LLMs performed variably in clinical decision-making tasks depending on case type, performing 
better in rare cases and worse in refractory cases requiring longitudinal reasoning. Complementary strengths 
between LLMs and physicians support case- and task-tailored human–AI collaboration.

1. Introduction

Lung cancer, the leading cause of cancer-related mortality world
wide, presents increasingly complex challenges in diagnostic and 
therapeutic decision-making.1 In the era of precision oncology, clin
icians must integrate multidimensional patient information, including 
molecular and pathological profiles, radiological presentations, co
morbidity management, and continuously evolving evidence.2,3 While 
complex scenarios exist across malignancies, lung cancer is particularly 
prone to difficult-to-diagnose and therapeutically complex cases due to 
heterogeneous histology and molecular subtypes, frequent overlap of 
imaging phenotypes, and rapid shifts in biomarker-driven treatment 
strategies.4–6 Therefore, accurate diagnosis and individualized man
agement are clinically critical, especially for cases with multisystem 
involvement, rare pathological subtypes, or drug-resistant recurrent 
disease, in which decision-making requires interdisciplinary expertise 
and timely updating of evidence-based recommendations.

However, in real-world settings, clinical decision-making ability 
varies substantially across physicians with different levels of experi
ence; junior physicians confronting challenging lung cancer cases often 
lack interdisciplinary breadth and depth of experiential expertise. 
Currently, clinical decisions commonly rely on traditional literature 
retrieval and multidisciplinary team consultation; however, both ap
proaches have inherent limitations. Nonsystematic searches may gen
erate fragmented or nonactionable evidence, increasing the risk of de
viation from optimal pathways. Multidisciplinary team consultations, 
although valuable, face practical challenges, including limited accessi
bility, scheduling delays, variable recommendations across institutions, 
inconsistent quality control, and increased costs.7,8 These inefficiencies 
and uncertainties are especially prominent in primary care institu
tions,9 underscoring the urgent need for intelligent assistance tools to 
support accurate diagnosis and management in difficult-to-diagnose 
and therapeutically complex lung cancer cases.

Large language models (LLMs) have demonstrated transformative 
potential in medicine. Prior studies have assessed their performance on 
medical licensure examinations, standardized case analyses, and con
sultation-style tasks, indicating that leading models, such as GPT-4o 
and Claude 3.5, can match or even surpass physicians in knowledge 
breadth and basic reasoning.10–15 However, emerging clinical transla
tion research suggests that the value of LLMs may extend beyond 
question answering to workflow-embedded applications in real clinical 
settings. For example, a recent study evaluated prompt-engineered 
ChatGPT systems’ ability to generate electronic medical records during 
lung nodule screening and integrated the approach into practical tools 
(e.g., WeChat mini-programs) to support pre-visit documentation and 
potentially improve workflow efficiency and diagnostic processes.16

Despite such progress, a systematic review by Bedi et al.17 identified 
critical gaps. Of the 519 studies published from 2022 to 2024, only 5% 
evaluated LLMs using real-world clinical cases, while the most common 
tasks were answering licensure examination questions (44.5%) and 
making diagnoses (19.5%), offering limited insight into performance in 
complex clinical scenarios. Regarding evaluation dimensions, most 
studies (95.4%) focused on answer accuracy, with few providing sys
tematic, multidimensional assessments of decisional comprehensive
ness, degree of individualization, or communication effectiveness. 

Furthermore, there remains a lack of a well-established, comprehen
sive, and widely adopted multidimensional correspondence framework 
to relate LLM decision-making capabilities to oncology physicians at 
different seniority levels. Pathways for optimizing human–AI colla
borative decision-making also remain underexplored, constraining 
translation to clinical practice.18–20

This study establishes a standardized assessment system for real- 
world challenging lung cancer cases from both local and online sources 
by employing a rigorous, multidimensional, blinded evaluation design 
to systematically compare differences in clinical decision-making cap
abilities between four mainstream LLMs (DeepSeek R1, Claude 3.5, 
Gemini 1.5, and GPT-4o) and human physicians at different levels 
(junior, intermediate, and senior). In addition, it introduces an AI-as
sisted junior physician group to examine the augmentation potential of 
human–machine collaboration. This article is presented in accordance 
with the TRIPOD-LLM reporting guidelines for studies using LLMs.21

2. Methods

2.1. Dataset construction and participants

2.1.1. Dataset construction
For this study, we constructed a retrospective clinical case dataset 

that included real-world cases and published case reports. Two thoracic 
oncology specialists, each with over 15 years of clinical experience and 
over 10 years of experience in academic medical writing, selected local 
cases from the lung cancer treatment database of the General Hospital 
of Southern Theater Command (2020–2024) according to predefined 
criteria for challenging cases. They also retrieved lung cancer case re
ports published in the Journal of Thoracic Oncology (2014–2024).

The inclusion criteria were as follows: (1) pathologically confirmed 
lung cancer; (2) at least one challenging feature, such as multisystem in
volvement, complex comorbidities, rare pathological subtypes, uncommon 
driver mutations, distinctive clinical phenotypes, or nonresponse to stan
dard therapy or acquired resistance; and (3) availability of complete de
cision-chain data, including imaging, pathology, laboratory tests, and 
treatment response records. Cases with incomplete data or those deemed 
insufficiently challenging upon expert review were excluded.

This study was approved by the institutional ethics committee of 
General Hospital of Southern Theater Command (Approval No.: 
NZLLKZ2025023) and was conducted in accordance with the ethical 
principles of the Declaration of Helsinki. As all study data were thor
oughly deidentified, the ethics committee waived the requirement to 
obtain informed consent.

The two thoracic oncology specialists curated and standardized the 
selected cases by compiling key clinical information (patient history, 
physical examination findings, imaging results, and laboratory tests) to 
develop case-based questionnaires simulating diverse clinical scenarios. 
The respondents were asked to propose next-step diagnostic and ther
apeutic strategies for patients or their families. Notably, imaging and 
pathological findings were provided only as text and without images.

Case selection and questionnaire design were conducted in
dependently of the expert panel responsible for subsequent evaluation, 
and the two thoracic oncology specialists did not participate in scoring 
or data analysis. In addition, the same two thoracic oncology specialists 
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verified the accuracy and consistency of the forward and back trans
lations between the Chinese and English study materials.

2.1.2. Respondents
The respondents consisted of LLMs and human physicians. The 

LLM group comprised four widely used models: DeepSeek R1, Claude 
3.5, Gemini 1.5, and GPT-4o. The physician group consisted of two 
junior physicians (2 and 3 years of clinical experience, respectively), 
two intermediate physicians (7 years each), and two senior medical 
oncologists (14 and 15 years, initially) from tertiary hospitals. The 
senior medical oncologist with 15 years of clinical experience with
drew during the study for personal reasons and was replaced by 
another senior oncologist with 13 years of experience, who com
pleted the questionnaire independently. All physicians were in
structed not to consult the literature or use LLMs during the response 
process.

An AI-assisted junior physician group was also established, which 
consisted of two additional junior oncologists with 2 and 3 years of 
clinical experience, respectively, who formulated diagnostic and ther
apeutic decisions with assistance from GPT-4o. These physicians were 
not involved in dataset processing and remained blinded to the eva
luation dimensions and scoring criteria during the response process.

2.1.3. Expert review panel
The expert review panel consisted of three board-certified thoracic 

oncology specialists, each with over 15 years of clinical experience. The 
panel led the development and finalization of the study prompt and 
independently evaluated the responses from all participants. In the final 
study phase, the panel synthesized human–AI error patterns through 
collaborative discussion.

2.2. Scoring dimensions and criteria

The expert review panel collaboratively developed a structured 
scoring framework for evaluating the clinical decision outputs of both 
physicians and LLMs based on an evidence-oriented, patient-centered 
approach aligned with the study objectives. The framework assessed 
three dimensions: (1) comprehensiveness of diagnostic and therapeutic 
strategies, (2) specificity of treatment planning (degree of in
dividualization), and (3) readability of clinical recommendations 
(clarity and communicative effectiveness). Each dimension was rated 
on a five-point Likert scale (1 = very poor, 5 = excellent) using de
tailed operational definitions (Supplementary Table 1). Inter-rater re
liability was assessed in a pilot test, with an intraclass correlation 
coefficient (ICC) of above 0.75.

2.3. Study design

The study was conducted in three phases. The first phase involved 
decision generation, during which the research team distributed stan
dardized case questionnaires to all participants. The bilingual 
Chinese–English questionnaires were initially translated using DeepL 
(https://www.deepl.com/), then iteratively edited for grammar and 
terminology using GPT-4o over three rounds, and finally verified by the 
two aforementioned bilingual experts to ensure semantic equivalence 
between the two versions (Supplementary Table 2).

The LLM group received the English questionnaires via application 
programming interfaces (APIs) that enabled batch input and structured, 
table-based output. All LLMs were accessed via their official APIs and 
run under each platform’s default inference settings to reflect typical 
real-world clinical use. Specifically, GPT-4o was queried via the OpenAI 
API under default settings, with sampling parameters such as tem
perature and top-p preset by the platform; Claude 3.5 via the Anthropic 
API under its default configuration; Gemini 1.5 via Google AI Studio 
under default inference settings; and DeepSeek R1, as an open-source 
model, via its official API under default settings.

Each input consisted of case information, followed by the following 
fixed prompt: “Please first analyze the case and then inform the patient or 
family in detail about the next-step diagnostic and therapeutic strategy.” 
The prompt was drafted and iteratively refined by the expert review panel 
through repeated internal reviews using multiple LLMs, and the final 
version was prespecified to meet the study task requirements and promote 
standardized, comparable outputs across models. Three independent 
queries were administered to each model, with the conversation history 
reset before each query to ensure that outputs were independent and free 
of contextual carryover. All responses were recorded in a standardized 
format, including model identification and full-text outputs.

All physicians completed the Chinese version of the questionnaire 
under supervised conditions across 3–5 sessions. Participants in the AI- 
assisted group used GPT-4o as an aid when formulating their diagnostic 
and therapeutic decisions. The time spent by each group was not recorded.

The second phase involved blinded scoring. The English responses 
from the LLM group were translated into Chinese using the previously 
verified process. Before scoring, all responses underwent standardized 
translation and style normalization (e.g., harmonized paragraph struc
ture, bullet/number formatting, and terminology conventions) and 
were independently scored by three native Chinese-speaking experts 
under fully blinded conditions. Reviewers were not informed whether a 
response originated from a physician or an LLM, minimizing potential 
bias related to language, formatting, or source attribution.

The third phase involved data analysis. After confirming acceptable 
inter-rater reliability among the three reviewers, we used a modified 
majority-rule consensus approach to integrate scores: identical ratings 
were accepted as is; when two of three ratings agreed, the majority 
rating was used; and when all three differed, the lowest score was 
adopted as a conservative approach. The final dataset was standardized 
within groups, using the mean values of three responses for the LLM 
group and those of paired physicians for the human and AI-assisted 
groups, before statistical analysis.

2.4. Statistical analysis

The sample size was determined through a two-sided power analysis 
based on scoring consistency from preliminary experiments involving 
five local and five publicly available cases. Using G*Power 3.1, the 
calculation was performed with α = 0.05, test power (1 – β) = 0.80, 
and an observed effect size (Cohen’s d) of 0.82 derived from the pilot 
data. The results indicated that at least 46 samples were required to 
detect effects of comparable magnitudes. To account for potential data 
loss, the final target sample size was set at 50 cases.

Inter-rater consistency was evaluated using the ICC, interpreted 
according to Cicchetti’s criteria,22 with ICC values below 0.40 con
sidered poor, between 0.41 and 0.59 fair, between 0.60 and 0.74 
good, and between 0.75 and 1.00 excellent. Statistical analyses were 
performed in Python (version 3.8) using the scipy.stats and statsmo
dels packages. Data normality was tested using the Shapiro–Wilk test, 
and homogeneity of variance using Levene’s test. When parametric 
assumptions were met, independent-samples t tests were used for 
between-group comparisons; otherwise, Mann–Whitney U tests were 
applied. Effect sizes were calculated using Cohen’s d for parametric 
data and Cliff’s delta for nonparametric data. The Benjamini–Hoch
berg correction was applied to control the false discovery rate for 
multiple comparisons. Statistical significance was set at P  <  0.05, 
0.01, and 0.001, and data are presented as mean  ±  standard devia
tion (SD) unless otherwise specified.

3. Results

3.1. Dataset

Of 562 lung cancer cases recorded in the General Hospital of 
Southern Theater Command database between January 2020 and 
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January 2024, 119 were initially identified as challenging. After three 
rounds of expert review, 60 cases were excluded for insufficient com
plexity and 34 for incomplete decision-chain data, leaving 25 local 
challenging cases. Similarly, of 258 lung cancer case reports published 
in the Journal of Thoracic Oncology over the previous decade, 89 were 
identified as challenging, of which 64 were excluded after expert eva
luation, yielding 25 published cases.

These 50 cases were standardized, translated, and verified by two 
thoracic oncology specialists to develop a bilingual (Chinese–English) 
clinical questionnaire. This questionnaire was administered to the 
physicians, AI-assisted physicians, and LLMs, yielding 20 completed 
decision worksheets. Each worksheet contained responses for all 50 
cases, resulting in 1000 case-level responses in total (20 × 50). All 
responses underwent blinded three-dimensional Likert scale scoring 
by three independent experts. Accordingly, each case-level response 
received three scores (one per expert), yielding 3000 scores in total 
(1000 × 3). For analysis, a consensus score for each response was 

derived by combining the three expert scores. The study workflow is 
shown in Figure 1.

3.2. Inter-rater reliability analysis

To reduce rater bias and enhance cross-group comparability, 
ratings from three independent experts were integrated using a 
modified majority-consensus approach to derive a consensus score 
for each response. To address response heterogeneity, we averaged 
the three independent outputs for each LLM and calculated the mean 
scores for predefined physician-pair combinations in the human and 
AI-assisted groups. Inter-rater reliability, assessed using ICCs across 
the three dimensions, was excellent, with comprehensiveness (ICC = 
0.81), specificity (ICC = 0.77), and readability (ICC = 0.87) all 
meeting Cicchetti’s criterion (ICC ≥0.75). Inter-rater reliability re
mained excellent across decision-maker groups (junior, inter
mediate, senior, AI-assisted junior, and the four LLMs), with ICCs 

Figure 1. Study workflow from case curation to statistical analysis. Abbreviation: JTO: Journal of Thoracic Oncology. 
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consistently at least 0.75 (Figure 2A), supporting the robustness of 
the rating system.

3.3. Overall three-dimensional performance

A three-dimensional rubric was applied for cross-group comparisons 
(Figure 2B). Human physicians showed an experience-associated in
crease across junior, intermediate, and senior levels in comprehensive
ness (2.64 → 3.68 → 4.50), specificity (2.67 → 3.68 → 4.64), and 
readability (2.93 → 3.75 → 4.53; one-way ANOVA, P  <  0.001). Of the 
LLMs, DeepSeek R1 showed a relatively balanced profile (comprehen
siveness 3.95  ±  0.33, specificity 3.71  ±  0.53, readability 
4.26  ±  0.18) numerically between intermediate and senior physicians. 
GPT-4o and Claude 3.5 reached the intermediate range in comprehen
siveness (3.76  ±  0.39 and 3.60  ±  0.39) but were lower in specificity 
(3.39  ±  0.39 and 3.39  ±  0.49), suggesting performance closer to the 
junior-to-intermediate range. Gemini 1.5 exceeded the intermediate 
benchmark in readability (3.90  ±  0.29), while comprehensiveness 
(3.41  ±  0.38) and specificity (3.17  ±  0.49) remained lower. The AI- 
assisted junior group exceeded the intermediate benchmark across all 

dimensions (comprehensiveness 4.07  ±  0.27, specificity 3.69  ±  0.60, 
readability 4.39  ±  0.21).

3.4. Three-dimensional performance across case types

Fifty cases were categorized by their core challenging features into 
three types: complex (n = 18), involving multisystem disease or in
tricate comorbid interactions; rare (n = 17), characterized by un
common histologies, low-frequency driver mutations, or atypical me
tastatic patterns; and refractory (n = 15), exhibiting primary or 
secondary resistance to first-line targeted therapy, immune checkpoint 
inhibitors, or platinum-based chemotherapy. The case grouping is de
tailed in Supplementary Table 2.

As shown in Figure 3A, the physician groups exhibited a consistent 
experience-dependent gradient across all case categories, supporting the 
consistency of the stratification. Multidimensional visualization (Figure 
3B–3C) showed that physicians at all levels performed lowest in rare cases 
(comprehensiveness 2.32–4.26; specificity 2.24–4.44; readability 
2.76–4.35) compared with complex (2.61–4.58; 2.61–4.78; 2.92–4.69) and 
refractory cases (3.00–4.67; 3.17–4.70; 3.10–4.53), possibly reflecting 

Figure 2. Inter-rater reliability and multidimensional performance across decision-maker groups. A, Inter-rater consistency (ICC) across the three rating dimensions; 
B, Performance of each group by dimension (comprehensiveness, specificity, and readability).
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Figure 3. Heterogeneity of three-dimensional performance across case-type strata (complex, rare, and refractory). A, Dimension-wise score distributions by case 
type; B, Radar profiles of three-dimensional performance across case types; C, Heatmap of three-dimensional scores across case types; D, Interaction effects between 
decision-maker groups and case types.
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cognitive constraints under closed book conditions. In contrast, all four 
LLMs achieved rare case scores exceeding those of the intermediate physi
cians. However, in refractory cases requiring longitudinal clinical reasoning, 
all models performed worse and specificity fell below that of the junior 
physicians. Interaction analysis (Figure 3D) suggested complementary per
formance patterns between physicians and LLMs across case types. These 
cross-type divergences may reflect differences in human versus model de
cision processes and suggest that linking real-world challenging-case 
typologies to task design could help optimize human–AI collaboration.

3.5. Analysis of assistive enhancement effects

The effects of LLM assistance for the junior physicians are shown in 
Figure 4A–4C. Across case types, AI assistance yielded varying degrees 
of improvement. In rare cases, comprehensiveness, readability, and 
specificity increased from 2.32 to 4.29 (1.97; 84.9% relative increase), 
from 2.76 to 4.59 (1.823; 66.3%), and from 2.24 to 4.26 (2.02; 90.2%), 
respectively. Complex cases showed consistent but smaller gains: 
comprehensiveness 1.53 (58.6%), readability 1.50 (51.4%), and 

Figure 4. Assistive gains from large language models across case types. A, Comprehensiveness; B, Readability; C, Specificity. 
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specificity 1.14 (43.7%). In refractory cases, comprehensiveness and 
readability increased modestly (0.77, 25.7%; 1.07, 34.5%), whereas 
specificity declined slightly, from 3.17 to 3.07 (−0.10; −3.2%).

3.6. Human–machine error landscape and synergy

Four error categories comprising 12 patterns were identified across 
GPT-4o and intermediate-level clinicians in lung cancer decision- 
making. Knowledge-based errors refer to the inaccurate use of medical 
knowledge, including knowledge-authenticity errors, delayed adoption 
of updated guidance, and misalignment between the strength of evi
dence and clinical recommendations. Logical errors refer to breaks in 
the reasoning chain, such as incomplete differential diagnosis, incorrect 
causal attribution, and improper sequencing of clinical priorities. 
Individualized adaptation errors refer to the failure to tailor decisions to 
patient-specific constraints, such as organ function reserve, comorbid
ities, and practical considerations. Risk control errors refer to in
sufficient anticipation and mitigation of safety risks, including in
adequate risk identification, missing preventive measures, and a lack of 
dynamic monitoring (Supplementary Table 3A).

Comparative profiling indicated greater LLM susceptibility to 
knowledge-authenticity errors (e.g., referencing nonexistent agents or 
studies), whereas physicians more frequently exhibited knowledge- 
timeliness gaps and misalignment with the evidence hierarchy 
(Figure 5, Supplementary Table 3B). In reasoning-intensive settings, 
physicians outperformed LLMs in causal attribution and organ func
tion–based treatment adjustment, consistent with a more robust in
tegration of clinicopathologic context and physiologic reserve into de
cision-making. In contrast, LLMs showed fewer omissions in differential 
diagnosis and greater consistency in preventive and dynamic risk- 
monitoring execution. Given the limited sample size and descriptive 
statistical nature of this analysis, these findings should be interpreted as 
indicative associations rather than definitive causal inferences.

4. Discussion

AI in oncology has progressed in several complementary directions. 
Deep learning approaches have been widely applied to extract clinically 
meaningful information from medical images (e.g., computed tomo
graphy and whole-slide pathology), enabling tasks such as histologic 
subtype classification, risk stratification, and identification of prog
nostically relevant patterns in lung adenocarcinoma.23–25 In parallel, 
LLMs can work with unstructured clinical narratives by synthesizing 
heterogeneous patient data into decision-oriented text, thereby posi
tioning them as a potential workflow-facing layer for clinical decision 
support.

This study developed a multidimensional evaluation system using 
50 challenging lung cancer cases to compare LLMs with physicians 
across experience levels and to examine potential human–AI com
plementarity. Overall, advanced LLMs matched or exceeded inter
mediate-level physicians in comprehensiveness, specificity, and read
ability, with the clearest advantage in rare cases. Performance declined 
in refractory or relapsed scenarios requiring longitudinal reasoning, in 
which LLMs generally underperformed junior physicians. AI assistance 
produced the largest gains in rare cases and smaller gains in complex 
and refractory cases, with a slight decrease in specificity in the re
fractory subgroup. Error-pattern profiling indicated complementary 
strengths: LLMs more consistently provided up-to-date knowledge, 
structured differential diagnoses, and standardized risk alerts, whereas 
physicians more reliably integrated clinicopathologic context and 
physiologic reserve, supporting case- and task-tailored collaboration.

We used real-world challenging cases as evaluation benchmarks, 
addressing the limitations of prior research that relied on standardized 
exams or simulated scenarios.15,17,26–28 Compared with simplified, ar
tificially constructed settings, real cases embed contextual complexity, 
fragmented information, and decision risks, thereby more closely re
flecting model performance in complex clinical environments.29,30 Re
cognizing concerns that the direct use of published cases may 

Figure 5. Radar chart of complementary error domains between physicians and large language models. Abbreviation: LLMs: large language models. 
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overestimate performance due to potential information leakage,31,32

this study implemented a three-stage process to mitigate bias: (1) 
substantive reconstruction of case published in Journal of Thoracic 
Oncology by adjusting demographics, key laboratory values, and treat
ment timelines while preserving the core clinical logic, thereby redu
cing verbatim retrievability; (2) strict de-identification of local cases by 
removing 12 categories of identifiers (e.g., imaging numbers and visit 
dates); and (3) LLM-assisted semantic rephrasing of case narratives to 
reduce memorization effects while preserving medical meaning and 
avoiding the introduction of new clinical content. This dual-source, 
triple-protection design was intended to retain the ecological validity of 
real cases while reducing the likelihood of memorized responses to 
public data.33

Previous assessments of LLMs’ clinical efficacy have often relied on 
single-dimension accuracy metrics (e.g., diagnostic correctness or exam 
pass rates), with limited multidimensional evaluation or benchmarking 
against physicians at different experience levels, making it difficult to 
situate LLMs in clinical practice.17,34–36 Zhang et al.37 proposed a 
multidimensional framework for radiology report evaluation (e.g., 
consistency, correctness, comprehensiveness, and harmlessness), but its 
dimensions are not directly transferable to clinical decision assessment 
and show conceptual overlap, whereas decision evaluation benefits 
from clearly differentiated domains. The five-dimension framework by 
Tam et al.38 (e.g., information quality, comprehension reasoning, and 
expression style) captures core elements of clinical applications yet 
insufficiently addresses human–machine collaborative evaluation 
needs. Building on prior work and study requirements, we constructed a 
three-dimensional evaluation system for medical decision-making 
(comprehensiveness, specificity, and readability) with a multi-level 
physician benchmarking design. The value of this framework lies in 
shifting the focus from “whether LLMs replace physicians” to “how to 
optimize human–AI collaboration.” As Selman et al.39 emphasized, 
“Artificial intelligence should continue to be viewed as an evolving 
resource rather than a substitute for clinical judgment.”

This study found that LLM decision-making performance varied by 
case type. For rare conditions (e.g., low-frequency driver mutations), 
LLMs achieved higher scores, likely reflecting broad static knowledge 
coverage and efficient learning from limited exemplars.40,41 However, 
performance was lower in refractory or relapsed cases, which may re
late to limitations in longitudinal clinical reasoning, including synthesis 
of treatment history, interpretation of resistance mechanisms, and in
dividualized regimen adjustment.42 For example, in “Local 3,” the 
model recommended investigational agents and generated hallucinated 
targeted drugs for PIK3CA/FGFR3/CCND1 after EGFR-TKI resistance. 
In “Local 4,” it did not recognize primary ROS1 resistance and sug
gested continuing ROS1-TKI therapy. These observations suggest the 
need to assess model applicability by case type and to apply added 
caution when consulting model outputs for refractory or relapsed cases.

The human–AI complementarity observed in this study provides 
pragmatic directions for optimizing clinical decision support. Our error 
pattern analysis suggests “misaligned but complementary” strengths 
between LLMs and clinicians, indicative of the concept of hybrid aug
mented intelligence,43 and supports collaborative designs that combine 
rapid evidence synthesis with real-time clinical verification. With in
tegrated AI-based standardized knowledge support and physician-led 
individualized decision-making, both efficiency and decision quality 
may improve.

This study has several limitations. First, the sample size was modest 
(50 cases), the scope was limited to a single cancer type, and both the 
physician cohort and the set of evaluated LLMs were relatively small, 
which may limit generalizability. Second, we relied on simulated, text- 
based decision scenarios rather than real clinical workflows, which may 
overestimate performance in dynamic care settings and do not directly test 
longitudinal reasoning. Third, we did not systematically explore model 
parameters; instead, we evaluated each model under standardized settings, 
so our results reflect typical real-world use rather than peak performance 

under optimal tuning. Fourth, although the review was blinded, residual 
bias related to the AI-generated writing style may still have influenced 
ratings. Accordingly, the findings are hypothesis-generating and should be 
interpreted as associations rather than causal evidence. Future studies 
should expand disease coverage, adopt more dynamic evaluation frame
works, and include prospective real-world validation.

5. Conclusions

LLM performance in clinical decision tasks varied by case type, 
being better in rare cases and worse in refractory cases requiring 
longitudinal reasoning. Complementary strengths between LLMs and 
physicians support case- and task-tailored human–AI collaboration. 
These hypothesis-generating findings warrant broader disease cov
erage, dynamic context-aware evaluation, and prospective real-world 
validation.
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