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Zhi-rong Xuan and Kun-peng Hu*

Department of Thyroid and Breast Surgery, The Third Affiliated Hospital of Sun Yat-sen University
Lingnan Hospital, Guangzhou, China
The integration of large language models (LLMs) into surgical decision-making is

an emerging field with potential clinical value. This study assessed the

preoperative decision-making consistency of ChatGPT-4o, Gemini Advanced,

and DeepSeek R1 in comparison with expert consensus, using clinical data from

123 patients undergoing thyroid surgery. Overall concordance rates were 47.97%

for ChatGPT-4o, 24.39% for Gemini Advanced, and 56.10% for DeepSeek R1. In

thyroidectomy extent decisions, all three models showed moderate consistency

with the surgical team, with agreement rates of 61.79% (k=0.484) for ChatGPT-
4o, 67.48% (k=0.548) for Gemini, and 67.48% (k=0.535) for DeepSeek R1 (all p <

0.001). However, significant divergence was observed in lymph node dissection

planning: ChatGPT-4o achieved a high concordance rate of 69.11% (k=0.616),
DeepSeek R1 showed the highest at 79.67% (k=0.741), while Gemini’s

performance was relatively poor at 34.96% (k=0.188). Though our findings

demonstrate that ChatGPT-4o and DeepSeek R1 exhibit substantial agreement

with experienced surgeons in preoperative planning, overall performance still

leaves room for improvement. Nevertheless, model-specific variability—

particularly in oncologic decision-making—highlights the need for refinement

and robust clinical validation before widespread clinical adoption.
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1 Introduction

Thyroid nodules are a common endocrine disorder with an

increasing global incidence (1, 2). While the majority of nodules are

benign, approximately 5-15% are malignant, most commonly

presenting as differentiated thyroid carcinomas, such as papillary

and follicular types (3). The prognosis of thyroid cancer is generally

favorable, with a 5-year survival rate approaching 99% (1).

However, improper management can result in recurrence or

metastasis, significantly impacting patient outcomes. Accurate

management is therefore essential to prevent both overtreatment

and undertreatment (4).

The management of thyroid nodules involves a comprehensive

evaluation, including clinical assessment, imaging studies, and fine-

needle aspiration (FNA) cytology, to stratify the malignancy risk

and guide therapeutic decisions (5, 6). Treatment options range

from active surveillance to various surgical approaches, depending

on the malignancy risk. Surgery remains the primary treatment for

malignant or suspicious nodules, typically involving thyroidectomy

and neck lymph node dissection, with the extent of the procedure

determined by factors such as nodule characteristics, extrathyroidal

extension, and lymph node involvement (7–10). Despite well-

established guidelines, variability in surgical recommendations

persists, driven by differences in the interpretation of risk factors

and clinician experience. Additionally, thyroid multidisciplinary

teams are occasionally incomplete, and increased patient volume

alongside limited time often hinders the thorough evaluation of

each patient’s clinical data. These factors may affect the consistency

of surgical decision-making and potentially lead to suboptimal

patient management (11).

Recent advancements in Artificial intelligence (AI), LLMs such

as ChatGPT-4o, Gemini Advanced and DeepSeek R1, hold promise

in reducing variability among surgeons by providing standardized,

evidence-based recommendations, and to serve as efficient tools for

medical decision support (12, 13). Yao et al. constructed an AIGC-

CAD model and trained it with US images and diagnostic reports,

assisting in assessing the risk of thyroid nodules. Lee deployed a

LLM to extract key histologic and staging information from surgical

pathology reports and received a concordance of 89% with

experienced human reviewers (14, 15). While LLMshas

demonstrated value in thyroid diagnostic imaging and pathology

interpretation (16, 16), its role in aiding complex surgical decision-

making for thyroid tumors remains underexplored. Surgical

decisions for thyroid cancer require a delicate balance between

oncologic control and preservation of thyroid function, making it

critical to investigate whether LLMs can replicate or improve

human decision-making.

The variability in surgical recommendations and the complexity

of thyroid nodule management highlight the need for standardized

decision-support tools. This study demonstrates the clinical

promise of AI-assisted preoperative decision-making by

evaluating and comparing the performance of ChatGPT-4o,

Gemini Advanced, and DeepSeek R1 against an expert thyroid

surgeon team.
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2 Materials and methods

2.1 Study population

This retrospective study included 123 patients diagnosed with

thyroid nodules at the Third Affiliated Hospital of Sun Yat-sen

University from February 1, 2024, to April 30, 2024. The inclusion

criteria were: (1) age >18 years; (2) confirmed diagnosis of benign or

malignant thyroid nodules via FNA biopsy or postoperative

histopathology; (3) initial surgical treatment during the study

period; (4) complete clinical data, including preoperative

evaluations, surgical decisions, and pathology reports; and (5)

absence of severe comorbidities. Patients with undifferentiated

thyroid carcinoma or significant cardiovascular diseases that

posed high surgical risks were excluded.
2.2 Data collection

Detailed clinical data were collected for each patient, including

demographic information, thyroid function test results,

preoperative imaging (neck ultrasound and neck CT), FNA

cytology findings, and relevant thyroid-related medical and family

history. All preoperative information was consolidated into

standardized Clinical Information Cards (sCIC) for subsequent

analysis and evaluation of surgical decision-making (Figure 1A).

The postoperative paraffin pathology results were collected to

differentiate between benign and malignant nodules.
2.3 sCIC for LLMs analysis and thyroid
surgeon team preoperative discussions

Each standardized clinical feature card was independently input

into the ChatGPT-4o, Gemini Advanced and DeepSeek R1 models to

simulate clinical surgical decision-making. The models were queried

with the same question as the clinical team: “What is the optimal

surgical strategy for this patient?” To ensure consistency and

reliability, the LLMs’ responses were constrained to two single-

choice questions (Figure 1B). Additionally, the models were

required to generate two consecutive identical surgical

recommendations. If the responses were consistent, the

recommendation was considered the model’s final decision. If the

responses differed, the model re-evaluated the case until a consistent

decision was achieved. The decision-making processes of each model

were conducted independently, without influence from other patient

data. Simultaneously, the thyroid surgeon team, consisting of one

senior surgeon and four mid-level surgeons, reviewed the clinical

feature cards for each patient. Supplementary Table 1 provides a

comprehensive summary of the baseline characteristics of the overall

study population. The team conducted preoperative discussions and

responded to the same questions posed to the LLMs, in accordance

with the second edition of the Guidelines for the Diagnosis and

Treatment of Thyroid Nodules and Differentiated Thyroid Cancer.
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Specifically, all five surgeons independently reviewed each case using

standardized clinical cards. In cases of disagreement, majority voting

was used, and if consensus was not reached, the decision of the senior

surgeon served as the final resolution.
2.4 Decision comparison and outcome
measures

The LLMs’ preoperative surgical decisions, defined by two

consecutive consistent responses, were compared with the

corresponding decisions of the thyroid surgeon team. Surgical

decisions were divided into two categories: the extent of

thyroidectomy and the extent of lymph node dissection. The

primary outcome was the overall agreement rate between the

LLMs and the surgeon team regarding thyroidectomy. The

secondary outcome was the agreement rate regarding lymph node

dissection. Follow-up patient outcomes were not included in this

preliminary feasibility study (Figure 2).
2.5 Statistical analysis

The sample size for McNemar’s test was calculated using

G*Power (version 3.1) for paired data with the following

parameters: two-tailed test, odds ratio = 0.412, a error probability

= 0.05, power (1-b error probability) = 0.8, and proportion of
Frontiers in Oncology 03
discordant pairs = 0.36, resulting in a required sample size of 123.

All statistical analyses were performed using SPSS Statistics (IBM).

Descriptive statistics were reported as mean ± standard deviation

(SD) for normally distributed continuous variables or median and

interquartile range (IQR) for non-normally distributed continuous

variables, while categorical variables were summarized as

frequencies and percentages. Percentage ratio was used to

evaluate concordance in treatment choices among ChatGPT-4o,

Gemini Advanced, and the thyroid surgeon team. The Cohen’s

Kappa test for unordered categorical data was conducted to evaluate

this percentage rate, where k represents the degree of concordance

(Figure 3), CI denotes the confidence interval, and p < 0.001

indicates statistical significance. In addition, a post hoc power

analysis for the observed Cohen’s Kappa values was conducted

using a sample size of 123, a = 0.05 (two-tailed), and a null

hypothesis k = 0.2. The results showed that most k values (≥

0.484) achieved sufficient power (> 0.8), while k = 0.188 yielded low

power (0.052), consistent with its interpretation of poor agreement.
3 Results

3.1 Results

3.1.1 Patient characteristics
A total of 123 patients with thyroid nodules who underwent

surgical treatment at the Third Affiliated Hospital of Sun Yat-sen
FIGURE 1

(A) Template of sCIC; (B) Questions for ChatGPT-4o, Gemini Advanced and DeepSeek R1.
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University from February 2024 to April 2024 were included in this

study. The mean patient age was 45 ± 10 years. According to

postoperative paraffin pathology, 83 patients had malignant

nodules, while 40 had benign nodules. All patients underwent

preoperative thyroid ultrasound and thyroid function tests at our

hospital. The mean values for thyroid function were as follows: FT3,

4.3185 ± 0.5004 pmol/L; FT4, 12.9619 ± 1.2140 pmol/L; and TSH,

1.6453 ± 0.8796 µIU/mL. FNA was performed in 80 patients before

surgery, yielding consistent results with paraffin pathology: 62

malignant and 18 benign cases. Five patients had a history of

hyperthyroidism, one had a history of hypothyroidism, and one

had a history of Hashimoto’s thyroiditis; all seven patients had

achieved controlled thyroid function preoperatively. Only one

patient had a family history of thyroid cancer.
3.1.2 ChatGPT decisions
Preoperative decisions were generated by ChatGPT-4o based on

the clinical feature cards of 123 patients. The overall agreement rate

between ChatGPT-4o and the thyroid surgeon team was 47.97%

(59/123), with a rate of 48.19% (40/83) for malignant nodules and

47.50% (19/40) for benign nodules. In decisions regarding the

extent of thyroidectomy, the agreement rate between ChatGPT-4o

and the surgeon team was 61.79% (76/123, k=0.484, CI:

[0.368,0.600], p<0.001), with 61.45% (51/83) agreement for

malignant nodules and 62.50% (25/40) for benign nodules. For

lymph node dissection, the overall agreement rate between

ChatGPT-4o and the surgeon team was 69.11% (85/123,k=0.616,
Frontiers in Oncology 04
CI:[0.514,0.717], p<0.001), with 67.47% (56/83) agreement for

malignant nodules and 72.50% (29/40) for benign nodules.

3.1.3 Gemini decisions
Gemini Advanced provided preoperative decisions for the same

cohort of 123 patients. The overall agreement rate between Gemini

Advanced and the thyroid surgeon team was 24.39% (30/123), with

a rate of 7.23% (6/83) for malignant nodules and 60.00% (24/40) for

benign nodules. In decisions regarding the extent of thyroidectomy,

the agreement rate between Gemini Advanced and the surgeon

team was 67.48% (83/123, k=0.548, CI:[0.433,0.663], p<0.001), with
65.06% (54/83) agreement for malignant nodules and 72.50% (29/

40) for benign nodules. For lymph node dissection, the overall

agreement rate between Gemini Advanced and the surgeon team

was 34.96% (43/123,k=0.188, CI:[0.083,0.293], p<0.001), with
13.25% (11/83) agreement for malignant nodules and 80.00% (32/

40) for benign nodules. And the extent of lymph node dissection

recommended by Gemini was often (79.67%) not greater than that

decided by the human surgeons.(Supplementary Table 1).
3.1.4 DeepSeek decisions
DeepSeek R1 also generated preoperative recommendations

based on the clinical profiles of 123 patients. The overall

agreement rate between DeepSeek R1 and the thyroid surgeon

team was 56.10% (69/123), with a rate of 59.04% (49/83) for

malignant nodules and 50.00% (20/40) for benign nodules. In

decisions regarding the extent of thyroidectomy, the agreement
FIGURE 2

Workflow diagram of agreement rate between thyroid specialist team and LLMs decisions.
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rate between DeepSeek R1 and the surgeon team was 67.48% (83/

123, k=0.535, CI:[0.417,0.653], p<0.001), with 65.06% (59/83)

agreement for malignant nodules and 72.50% (24/40) for benign

nodules. For lymph node dissection, the overall agreement rate

between DeepSeek R1 and the surgeon team was 34.96% (98/123,

k=0.741, CI:[0.650,0.832], p<0.001), with 13.25% (65/83) agreement

for malignant nodules and 80.00% (33/40) for benign nodules.
3.2 Figures, tables and schemes

4 Discussion

With the increasing precision required in the management of

thyroid nodules, the demand for accurate preoperative decision-

making continues to grow. This study provides the first

comprehensive evaluation of three advanced large language

models (LLMs)—ChatGPT-4o, Gemini Advanced, and DeepSeek

—in assisting surgical decision-making for thyroid nodules. Based

on data from 123 patients and using only six preoperative clinical

features, we demonstrated the feasibility of integrating LLMs into

initial surgical assessment. In terms of overall concordance with the

thyroid surgeon team, DeepSeek outperformed the others (56.10%),

followed by ChatGPT-4o (47.97%) and Gemini Advanced (24.39%).

However concordance alone does not equate to clinical benefit. Our

study did not assess patients’ outcomes, such as recurrence and

complications, so it might serve as a direction for future research.

For decisions regarding the extent of thyroidectomy, all three

models showed comparable accuracy, with rates of 61.79% for

ChatGPT-4o and 67.48% for both Gemini Advanced and DeepSeek.

However, in determining the extent of lymph node dissection,

performance varied considerably. DeepSeek achieved the highest

concordance (79.67%), followed by ChatGPT-4o (69.11%), whereas

Gemini Advanced showed a notably lower concordance (34.96%),

indicating a more conservative approach to lymph node management.

Notably, DeepSeek maintained consistent agreement across both

malignant and benign cases. For malignant thyroid nodules, ipsilateral

central lymph node dissection was consistently recommended, even in

cases without evident preoperative metastasis. In benign nodules,

lymph node dissection was often deemed unnecessary (17, 18). To

further investigate the conservative bias observed in Gemini

Advanced, patients were stratified into malignant and benign groups

based on postoperative paraffin pathology. ChatGPT-4o demonstrated

stable performance in both groups (49.40% for malignant and 47.50%
Frontiers in Oncology 05
for benign nodules), while DeepSeek showed higher concordance in

malignant cases (59.04%) and moderate agreement in benign cases

(50.00%). In contrast, Gemini Advanced achieved 60.00%

concordance for benign nodules but only 7.23% for malignant ones.

In lymph node dissection decisions, Gemini’s concordance was

13.25% for malignant nodules, compared to 80.00% for benign

nodules, reinforcing concerns about undertreatment in oncologic

scenarios. Regarding the cut-off dates of each LLM’s knowledge,

ChatGPT-4o’s was in June of 2024 while DeepSeek R1’s was in July

of 2024. However the cut-off date for Gemini Advanced was not stated

in any official documentation. Given its release date in February 2024

and industry standard, we propose its training data likely extends

through early 2024. Although they have different cut-off dates, all 3

LLMs feature internet connectivity capabilities, enabling them to

access the current clinical guidelines. So it might not have much

effect on their decision-making.

This study utilized structured standardized clinical information

cards (sCICs) with six essential preoperative variables to minimize

confounding. Notably, some patients did not undergo fine-needle

aspiration (FNA) or CT, not due to missing data but based on

clinical discretion. According to international guidelines, omitting

these tests in low-risk benign nodules is acceptable. Including such

cases allowed for evaluation of the models’ adaptability in real-

world conditions where clinical data may be selectively available.

The reliability of AI-generated responses is crucial for clinical

applicability. Prior studies offer various methods for response

validation, such as using the initial answer as the final decision

(Salihu et al.) (19), comparing repeated responses for reproducibility

(Yeo et al.) (20), or generating multiple answers to compute an average

score (Rao et al.) (21). However, relying onmultiple LLMs outputs may

potentially lead to a repetitive cycle, with no clear guidance on the ideal

number of iterations needed. To address this issue, we continued

prompting the LLMs after the initial response was generated, refreshing

the output until two identical consecutive answers were obtained. This

result was then considered the model’s final decision. We propose that

this iterative process functions as a form of introspection, allowing the

model to refine its output and enhance reliability. This is based on the

premise that large language models are inherently capable of self-

verification (22) and serve as increasingly effective reasoners by

leveraging internal consistency mechanisms. While this study closely

simulates realistic clinical scenarios, incorporating additional thyroid

specialists into the discussion panel would undoubtedly enhance the

robustness of the findings. Additionally, patient involvement in the

final treatment decision is essential, especially in surgeries impacting
FIGURE 3

Kappa (k) value and corresponding level of agreement.
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quality of life and functional outcomes (23, 24). Evidence suggests that

patient preferences play a critical role in treatment decisions, and LLMs

applications in healthcare should incorporate this aspect to support

shared decision-making (SDM). This could enhance LLMs’ utility not

only in aiding clinical decisions but also in educating patients about

their treatment options, thereby increasing patient engagement and

trust in AI-supported medical care.

In fact, as AI integration within clinical workflows is explored

further, the outcomes have proven less favorable than the optimistic

projections promoted by commercial companies. As highlighted in

previous research, the accuracy of responses generated by AI models is

a matter of concern. Factors such as the specific version of the language

model, limited information regarding user identity, variations in

question phrasing, and repeated inquiries can significantly affect the

outputs (25). Moreover, these models are prone to generating incorrect

or fabricated information, a phenomenon referred to as “artificial

hallucination” (26–28). Despite its demonstrated potential, AI

decision-making is complex and influenced by various factors, often

functioning as an opaque “black box.” This opacity could undermine

clinician confidence in AI. Therefore, clinical judgment remains

critical, and clinicians should exercise caution and critical thinking

when interpreting AI-generated clinical recommendations.
5 Conclusions

The demand for advanced, efficient, and precise medical support

tools is steadily growing in the management of thyroid nodules. This

study highlights the potential of DeepSeek R1, ChatGPT-4o and

Gemini Advanced in providing valuable support for preoperative

decision-making in thyroid nodules. DeepSeek R1 demonstrated the

strongest alignment with surgical team decisions, followed by

ChatGPT-4o, then Gemini Advanced. LLMs hold potential as

efficient and accessible tools for decision support, but their overall

performance still leaves room for improvement.
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