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A B S T R A C T

Objective: This study investigated the ability of Large Language Models (LLMs) to provide accurate and consistent 
answers by focusing on their performance in complex gynecologic cancer cases.
Background: LLMs are advancing rapidly and require a thorough evaluation to ensure that they can be safely and 
effectively used in clinical decision-making. Such evaluations are essential for confirming LLM reliability and 
accuracy in supporting medical professionals in casework.
Study design: We assessed three prominent LLMs—ChatGPT-4 (CG-4), Gemini Advanced (GemAdv), and Copi
lot—evaluating their accuracy, consistency, and overall performance. Fifteen clinical vignettes of varying dif
ficulty and five open-ended questions based on real patient cases were used. The responses were coded, 
randomized, and evaluated blindly by six expert gynecologic oncologists using a 5-point Likert scale for rele
vance, clarity, depth, focus, and coherence.
Results: GemAdv demonstrated superior accuracy (81.87 %) compared to both CG-4 (61.60 %) and Copilot 
(70.67 %) across all difficulty levels. GemAdv consistently provided correct answers more frequently (>60 % 
every day during the testing period). Although CG-4 showed a slight advantage in adhering to the National 
Comprehensive Cancer Network (NCCN) treatment guidelines, GemAdv excelled in the depth and focus of the 
answers provided, which are crucial aspects of clinical decision-making.
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Conclusion: LLMs, especially GemAdv, show potential in supporting clinical practice by providing accurate, 
consistent, and relevant information for gynecologic cancer. However, further refinement is needed for more 
complex scenarios. This study highlights the promise of LLMs in gynecologic oncology, emphasizing the need for 
ongoing development and rigorous evaluation to maximize their clinical utility and reliability.

1. Introduction

ChatGPT, Gemini, and Copilot are three Large Language Models 
(LLMs) with the largest number of users [1] released by respective de
velopers (OpenAI, Google, and Microsoft, respectively) with several 
main goals related to technological innovation, the safe utilization of 
artificial intelligence (AI), and enhancing technology accessibility. LLMs 
are a subset of deep learning models pre-trained on vast text data 
designed to generate and understand text by learning from patterns 
within the data. To be more specific, LLMs use a particular neural 
network architecture named a transformer that has been designed to 
process and generate data in sequence, such as text. LLMs incorporate 
human feedback during training to better align their responses with user 
intent. As a result, an LLM can engage in natural language conversations, 
perform language translation, generate diverse types of written content, 
and answer questions across a wide range of subjects [2,3].

The introduction of LLMs into the medical field is promising for 
improving patient care, particularly in the field of gynecology [4]. LLMs 
have the potential to significantly enhance diagnostic accuracy and 
treatment efficiency by analyzing vast amounts of medical data, 
providing evidence-based recommendations, predicting patient out
comes, and facilitating personalized treatment plans.

A thorough evaluation of the application of AI to solve medical 
problems is crucial for the safe integration of LLMs into clinical decision- 
making. Such evaluations ensure patient safety by identifying potential 
flaws, build trust among healthcare professionals by demonstrating ac
curacy and consistency, and minimize risks while enhancing the benefits 
of LLMs in healthcare. This process establishes high ethical and perfor
mance standards, allowing for the fine-tuning of LLMs to achieve 
optimal performance in the medical field. Interactive digital platforms 
like AMBOSS (AMBOSS.com©) support this integration by offering 
comprehensive question banks, clinical learning modules, and quick 
reference tools, which aid physicians in preparing for licensing exams. 
These resources not only boost clinical knowledge and competence but 
also help align LLM outputs with the rigorous demands of medical 
practice.

In this study, we aimed to evaluate the accuracy, consistency, and 
performance quality of three LLMs (ChatGPT-4, Gemini Advanced, and 
Copilot) when addressing gynecologic cancer cases of varying difficulty 
levels and clinical manifestations. Additionally, we assessed the con
sistency of the answers generated by each LLM. Further, we evaluated 
the role of LLMs in providing treatment modality recommendations for 
various types of gynecologic cancers.

2. Materials and methods

2.1. Materials

We used three AI-based chatbots in this study: ChatGPT-4 
(https://chatgpt.com/), Gemini Advanced (https://gemini.google. 
com/app), and Copilot (https://www.bing.com/). All clinical ques
tions used in part-1 and part-2 were taken from AMBOSS (https://www. 
amboss.com) with their permission. The five case scenarios used in part- 
3 were adopted and modified from the tumor board data of the 
Department of Obstetrics and Gynecology, Dr Soetomo General Hospi
tal, Surabaya, Indonesia.

2.2. Study design

This study was structured into three main sections: 1) Evaluation of 
answer accuracy, 2) Evaluation of answer consistency, and 3) Quality of 
answer performance. We assessed three LLMs (referred to as Chatbots): 
ChatGPT-4 (CG-4), Gemini Advanced (GemAdv), and Copilot, with 
respect to various issues of gynecologic cancer.

To assess the accuracy and consistency of the LLMs, we presented 15 
evaluation questions with varying levels of difficulty: five at Level 1, 
three at Level 2, three at Level 3, and four at Level 4. Level 1 was 
classified as Easy, while Levels 2 and 3 were grouped under Moderate, 
and Level 4 represented the Hard category. All questions, along with 
their correct answers, were sourced from AMBOSS, a platform that 
provides exam preparation materials for medical students and health
care professionals. Prompts played a crucial role in this test. We 
designed them to be specific, with clear instructions, consistently asking 
the Chatbot to assume the role of a gynecologist. We initiated the test by 
presenting the following sentence: “You are a gynecologist dealing with 
a gynecology-oncology patient problem. Give the correct answer to the 
following question.” Next, we administered multiple-choice clinical 
vignette questions from AMBOSS, conducting five trials per day on each 
Chatbot over five days, resulting in a total of 25 trials per question. The 
responses from all Chatbots were documented for statistical analysis.

To assess the performance of the LLMs in real-world patient sce
narios, we presented the details of five gynecologic cancer cases to each 
Chatbot, including two Endometrial Cancer cases, two Ovarian Cancer 
cases, and one Cervical Cancer case. The responses from the Chatbots 
were then coded, randomized, and evaluated by six expert gynecologic 
oncologists using a 5-point Likert scale to assess their relevance, clarity, 
depth, focus, and coherence (Fig. 1B). Note that the patients selected in 
this study encompassed various ages, clinical stages, and histopatho
logic results. Also, note that the National Comprehensive Cancer 
Network (NCCN) guidelines were utilized as the standard of care for 
cancer [5], which are widely accepted as treatment standards in many 
countries and offer treatment strategies and principles for gynecologic 
cancer. We started the test with the prompt “You are a gynecologist 
dealing with a gynecology-oncology patient problem.” After we pre
sented the patient cases to the Chatbots, the following prompt was posed 
to each chatbot: “Based on NCCN guidelines, what is the best manage
ment strategy for this case?” (Supplementary Material 1).

Each of the patient cases was entered into the Chatbot system once, 
and the resulting responses were promptly saved in a database. In order 
to ensure impartiality, the Chatbot responses were coded and random
ized before being blindly assessed by a team of six expert gynecologic 
oncologists. This team of experts (referred to as Raters), evaluated the 
responses without knowing which Chatbot had generated them. The 
assessment considered five parameters: "relevance," "clarity," "depth," 
"focus," and "coherence" [6–10] with a 5-point Likert scale (Table 1) [11, 
12].

3. Theory/calculations

3.1. Theoretical framework

This study was based on evaluation metrics designed for AI-based 
decision-support systems in healthcare, focusing on assessing the ca
pacity of Chatbots to produce reliable, consistent, and accurate infor
mation, which is essential for building clinical trust and utility. To 
achieve this, we applied a blend of theoretical frameworks and statistical 
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analyses to evaluate the accuracy, consistency, and overall quality of 
responses generated by three LLMs.

3.2. Statistical analysis

This study examined the accuracy, consistency, and quality perfor
mance of three LLMs (CG-4, GemAdv, and Copilot) in answering gyne
cologic cancer-related questions. To evaluate accuracy, two methods 
were employed: (1) First, Chi-square or Fisher’s exact test was used to 
compare the accuracy (Yes or No) of the initial responses from the three 
Chatbots with those of human physicians when responding to AMBOSS 
questions, with further analysis based on question complexity. (2) Sec
ond, a total of 25 inputs (five repetitions per day for 5 days) were 
amalgamated, and multiple logistic regression analysis utilizing the 
generalized estimating equations (GEE) method was conducted to delve 
into the odds of accuracy among the three Chatbots across a total of 375 
questions. We computed and reported odds ratios (OR) and 95 % con
fidence intervals (CI). For the consistency test, Chatbots were considered 

consistent if they provided the same answer over 5 days; otherwise, they 
were deemed inconsistent.

In evaluating the performance quality, six gynecologic oncologists 
were enlisted to assess the Chatbots. As shown in Table 1, assessing the 
performance of the Chatbots involved considering five parameters: 
relevance, clarity, depth, focus, and coherence. These parameters were 
rated on a 5-point Likert scale, with higher scores indicating better 
performance. The scores were linearly converted from a 5-point Likert 
scale to a 0–100 scale. The total score was calculated by computing the 
mean of the transformed values of the five parameters for subsequent 
analysis [13–16]. Performance differences between the three Chatbots 
for the five parameters were then assessed using one-way analysis of 
variance (ANOVA) with Scheffé ’s post hoc test and a multiple linear 
regression model. All statistical analyses were carried out using SAS 
software (Version 9.4, SAS Institute Inc., Cary, NC, USA) with a signif
icance level set at 0.05.

Fig. 1. Evaluation Framework for AI Performance in Addressing Gynecologic Cancer Cases: Accuracy, Consistency, and Performance Quality. A. Accuracy and 
consistency exploration algorithm. Fifteen questions with various difficulty levels were tested on three chatbots. Each question was tested five times/day on each 
chatbot over 5 days (25 times/question). Accuracy and consistency of answers were analyzed statistically and then visualized. B. Performance quality algorithm. A 
total of five real patient cases were tested on each chatbot. The answers were coded, randomized, and then blindly assessed by six gynecologic experts using a 5-point 
Likert scale, and the scores were analyzed statistically.
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4. Results

4.1. Gemini advanced has a higher level of accuracy than ChatGPT-4 and 
copilot

On the first day and the initial trial (Day-1/Trial-1), we conducted a 
test involving three Chatbots and five junior doctors (with less than 5 
years of experience in gynecologic oncology) to assess their accuracy in 
responding to a set of questions. The overall accuracy of responses by 
GemAdv was 80 % (12 correct answers out of 15 questions), whereas 
CG-4 achieved 66.67 % accuracy (10/15), junior doctors achieved 
54.67 % accuracy (41/75), and Copilot achieved 53.33 % accuracy (8/ 
15) (p = 0.2743) (Fig. 2A). The results were as follows when broken 
down by the level of difficulty of the questions posed: (1) In the easy 
question category, the three LLMs had the same answer accuracy of 
80 % while the doctors scored 76 % (p = 0.0810); (2) In the moderate 
difficulty question category, GemAdv had the highest accuracy of 
83.33 % (p = 0.0136); (3) In the difficult question category, GemAdv 
and CG-4 both had an accuracy of 75 % (p = 0.0105) (Fig. 2B). 
Following the initial test, the junior doctors were able to provide more 
accurate answers and explanations. Upon re-testing, they consistently 
achieved 100 % accuracy with the same questions from the first test.

We assessed the reliability and learning ability of the Chatbots over a 
5-day period, conducting five trials per day for each of the 15 questions, 
resulting in a total of 375 trials (15 questions x 25 trials per question). 
Our analysis revealed that GemAdv achieved an accuracy of 81.87 % 
(307 correct answers out of 375 questions), whereas Copilot and CG-4 
achieved 70.67 % (265/375) and 61.60 % (231/375) accuracy, 
respectively (Fig. 2C). Notably, GemAdv consistently outperformed CG- 
4 and Copilot in terms of the percentage of correct answers (Fig. 2, D-E). 
Further, GemAdv demonstrated the highest accuracy by exceeding 70 % 
in all difficulty levels on a daily basis, thus distinguishing itself as the 
only Chatbot to do so (Fig. 2F). The results of the analysis using the 
multiple logistic regression model indicated that GemAdv had a signif
icantly higher accuracy with an OR of 4.41 (95 % CI 1.08–18.07, 
p < 0.05) compared to CG-4 (Table 2).

4.2. Gemini Advanced shows a higher percentage of consistent, correct 
answers than the other Chatbots

To assess the consistency of answers by each Chatbot, we defined a 

consistent answer as one that never changed throughout the 5-day 
testing period (Fig. 3A). Although the three Chatbots had the same 
percentage of providing consistent answers (46.67 %, i.e., seven 
consistent answers out of a total of 15) during the test, the answers 
provided were either consistently correct or consistently incorrect 
(Fig. 3B). Regardless of the correctness of the answers, in order, CG-4 
recorded consistent answers on three easy (E), two moderate (M), and 
two hard (H) questions. This situation was also found with Copilot, 
while GemAdv performed slightly differently, recording two E’s, three 
M’s, and two H’s. The consistency of responses from these three Chat
bots was monitored daily. GemAdv consistently provided correct an
swers over 60 % of the time, while CG-4 and Copilot had consistent, 
correct response rates of over 40 % (Fig. 3C). In summary, while all 
three Chatbots demonstrated similar levels of overall consistency, 
compared to the other two Chatbots, GemAdv consistently provided a 
higher percentage of correct answers each day.

4.3. ChatGPT-4 and Gemini Advanced outperformed Copilot in providing 
medical recommendations for Gynecologic Cancers

In this section, we examined the ability of LLMs to provide medical 
recommendations for real-world patient scenarios. The responses from 
the Chatbots were evaluated by six expert Raters who used a 5-point 
Likert scale to rate relevance, clarity, depth, focus, and coherence 
(Fig. 1B). Following this assessment, we conducted a homogeneity test 
on the Raters’ scores. Using a one-way ANOVA test with post hoc 
Scheffé ’s analysis (Fig. 4A), we observed significant variation 
(p < 0.05) in the scores of Rater-3 and Rater-5, while the other four 
Raters showed no significant differences. This observation indicated that 
most of the raters had consistent views when evaluating the Chatbot 
responses. To identify the Chatbot that achieved the highest scores, we 
analyzed the Raters’ scores across five individual parameters. We eval
uated the performance of different Chatbots based on five individual 
parameters. Our findings indicated that both CG-4 and GemAdv 
demonstrated similar performance in providing gynecological cancer 
treatment recommendations aligned with NCCN guidelines. In com
parison, Copilot scored significantly lower than both CG-4 and GemAdv 
(p < 0.001) (Fig. 4B). Additionally, CG-4 and GemAdv outperformed 
Copilot across all five parameters (Fig. 4C). Notably, the Focus and 
Depth parameters showed higher significance (p < 0.001) compared to 
Coherence, Relevance, and Clarity (p < 0.01). In summary, CG-4 and 
GemAdv surpassed Copilot in providing diagnostic and treatment rec
ommendations for gynecologic cancers.

5. Discussion

Prior studies have shown that LLMs can effectively comprehend and 
reply to certain medical queries [17,18], and their performance varies 
greatly depending on the intricacy of the questions and the degree of 
medical expertise required [19–21]. However, how LLMs respond to 
gynecologic oncology queries has not been studied. Our findings show 
that, while LLMs show potential in assisting clinical decision-making, 
their capabilities vary, and certain models are better suited to this 
function than others.

Our evaluation of the ability of various LLMs to provide consistent 
answers highlights an important aspect of their reliability in clinical 
settings. Previous studies have shown that consistency in AI responses is 
paramount for clinical trust and utility [22]. However, the consistency 
of incorrect answers from CG-4 and Copilot on hard-level questions 
aligns with earlier findings that LLMs can perpetuate errors if they are 
not sufficiently robust in their training data or reasoning capabilities 
[23]. This emphasizes the importance of continuous refinement and 
validation of these models to ensure their safety and effectiveness in 
clinical practice.

When considering the quality of performance in providing treatment 
recommendations based on NCCN guidelines, our findings resonate with 

Table 1 
Assessment parameters and scoring.

Parameters & Definition

Relevance 
The response is closely related or appropriate to the issue

Clarity 
Clear, easy to understand, free from ambiguity

Depth 
The answer provides detailed and specific information, not just a general or 
superficial answer

Focus 
Contains the main points or keywords expected

Coherence 
All parts of the answer work together in a logical and structured way, with no 
conflicting parts

Scoring Range Definition
1 = Unacceptable The answer is too brief, unclear, off-topic, or inaccurate, 

showing no understanding of the question or context.
2 = Below 
expectations

The answer fulfils very few of the expected criteria, with 
many basic errors

3 = Fair The answer meets basic criteria with a relevant answer but 
lacks detail, depth, or additional insights to make it more 
complete or clear.

4 = Satisfied The answer fulfills all the basic criteria well and shows some 
aspects that are beyond expectations

5 = Very Satisfied A perfect answer of flawless quality, showing exceptional 
understanding and complete mastery of the material
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Fig. 2. Comparison of AI Chatbot Performance in Answering Gynecologic Cancer Questions: Accuracy and Consistency Over Time. A. Testing on the first day of the 
first trial. Five doctors were included in this test. GemAdv outperformed the other AI Chatbots with the highest accuracy, while Copilot had the lowest correct 
response rate. B. Testing on the first day of the first trial. GemAdv excelled at the moderate and high difficulty levels. The difference in Chatbot performance with 
respect to question difficulty level was significant at the moderate (p = 0.0136) and hard level (p = 0.0105). C. Accuracy of each chatbot after 25 tests in 5 days. 
GemAdv displayed the highest statistically significant accuracy compared with CG-4 (p = 0.0392). D. Trend overview of the percentage of correct answers each day. 
E. Use of a heatmap to show the percentage of correct answers based on each test. F. Percentage of correct answers by test day and question difficulty level.
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an existing study that emphasizes the critical role of guideline adherence 
in clinical decision-support systems [24]. Both CG-4 and GemAdv 
demonstrated strong adherence to NCCN guidelines, although Copilot 
lagged behind in this respect, which is consistent with earlier reports 
highlighting disparities in the ability of LLMs to adhere to established 
clinical protocols[10]. This discrepancy points to the necessity for more 
comprehensive training and updates in these models to enhance their 

clinical relevance and reliability.

5.1. Clinical and research implications

The study demonstrates the ability of LLMs, specifically GemAdv, to 
improve clinical decision-making in gynecologic oncology. The superior 
performance of GemAdv in terms of accuracy and daily consistency can 
support physicians by providing evidence-based counsel that is 
compatible with existing guidelines. However, not all LLM models are 
equally dependable, underlining the importance of rigorous validation 
and continuing development. Further study and real-world testing are 
needed to securely integrate these models into clinical workflows, 
reducing risks and increasing the benefits of patient care. These findings 
should be considered by policymakers and healthcare providers for the 
ethical and safe implementation of AI in clinical practice.

This study demonstrates the accuracy and consistency of LLMs in 
supporting clinical decision-making in gynecologic oncology. However, 
it identifies key areas for improvement, notably in dealing with complex 
medical problems. Future research should focus on improving the reli
ability of these models in a wide range of complex circumstances. 
Further, exploring the integration of LLMs with human experience to 

Table 2 
Accuracy of analysis.

Variables OR (95 % CI) p-value

Chatbot ​ ​ 
CG− 4 reference ​ 
GemAdv 4.41 (1.08, 18.07) 0.0392
Copilot 1.56 (0.48, 5.04) 0.4595
Question difficulty level ​
Easy reference ​ 
Moderate 0.25 (0.07, 0.92) 0.0363
Hard 0.15 (0.03, 0.64) 0.0108

OR: odd ratio; CI: confidence interval
The results were from a multiple logistic regression model using the generalized 
estimating equations (GEE) method.

Fig. 3. Consistency of AI Chatbots in Responding to Gynecologic Cancer Questions Over Multiple Days. A. An example of how we define the consistency of answers, 
by displaying the number of unchanged answers during 25 tests in 5 days. B. Percentage of consistent answers given by each chatbot. The asterisk (*) indicates the 
presence of answers that are always incorrect in the 25 times test. C. The correct response rates of three AI chatbots (ChatGPT-4.0, Gemini Advanced, and Copilot) in 
answering questions over five consecutive days. The Gemini Advanced chatbot consistently gave the best performance, while ChatGPT-4.0 and Copilot exhibited 
more variability in their performance across the days.
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maximize therapeutic results represents a viable area for future research 
that will bridge gaps in current model performance.

5.2. Limitations of the study

One limitation of this study is the reliance on a limited number of 
clinical vignettes and real patient cases to evaluate the performance of 
LLMs. While these scenarios provide a useful foundation for initial as
sessments, they may not capture the full spectrum of complexities and 
variability encountered in real-world clinical practice. Additionally, the 
evaluation was conducted over a relatively short timeframe, which 
raises questions about the ability of LLM models to maintain accuracy 
and consistency over longer periods. This constraint suggests that more 
extensive testing, incorporating a broader range of cases and prolonged 
evaluation periods is necessary to better understand the true capabilities 
and limitations of LLMs in clinical applications.

6. Conclusion

This study highlights the potential of LLMs, such as GemAdv, CG-4, 
and Copilot, in providing precise, consistent medical responses relevant 
to gynecologic cancer. Among the three models in our study, GemAdv 
emerged as the top performer in terms of accuracy and consistency, 
achieving the highest accuracy after 25 tests and consistently providing 

correct answers over 60 % of the time each day. Although CG-4 
exhibited lower accuracy compared to GemAdv, it displayed a slight 
advantage in aligning with NCCN guidelines for treatment recommen
dations. However, both CG-4 and Copilot showed susceptibility to errors 
on questions with higher difficulty levels.

In essence, this research emphasizes the significance of LLMs as 
beneficial tools in clinical practice, assisting healthcare professionals in 
making well-informed, evidence-based decisions and improving the 
quality of patient care. Nonetheless, there is a clear need for further 
enhancements, particularly for models like Copilot, to ensure that all 
LLMs can provide accurate and relevant responses across diverse clinical 
scenarios.
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