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Vesicle Invasion” (r = 0.382, p = 0.276) and “Lymph Node Involvement” (r = 0.218, p = 0.546)
in the high-risk patient group. Similarly, no significant correlation was found between the
estimates of “Organ-Confined Disease” (r = 0.522, p = 0.122) and “Extracapsular Extension” (r
=0.524, p = 0.120) in the locally advanced patient group.

Conclusion: An overall high correlation between an Al-based chatbot (ChatGPT-40) and
the MSKCC nomogram was demonstrated for prostate cancer risk prediction. However, no
significant correlation was observed especially in high-risk and locally advanced patient
groups. These findings suggest that while AI chatbots are a potential tool for prostate cancer
risk stratification, they require extensive validation and development studies before they can be

put into clinical use, especially in more complex and advanced cases.
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INTRODUCTION

Prostate cancer (PCa) is the third most commonly diagnosed
malignancy worldwide and it represents the most prevalent
tumor of the male genitourinary system (1,2). The prognosis
of the disease varies greatly depending on the stage and
biologic characteristics at the time of diagnosis (3-6).
Accurate prediction of the risks of extracapsular extension
(ECE), seminal vesicle invasion (SVI) and lymph node
involvement (LNI) is crucial for treatment planning and
patient prognosis (5,6). Various nomograms are developed
for preoperative risk stratification in prostate cancer using
easily accessible parameters such as age, serum prostate
specific antigen (PSA) level, Gleason score, clinical stage
and number of biopsy positive cores (7-10). Among these
nomograms, the Memorial Sloan Kettering Cancer Center
(MSKCC) nomogram is one that has been validated on
large patient cohorts and is widely used in clinical practice.
The MSKCC is used as an important clinical guide for the
prediction of ECE, SVI and LNI risks in prostate cancer
patients (8).

In recent years, artificial intelligence (AI) and large language
models (LLMs) have become increasingly widespread in the
medical field and have attracted interest as potential support
tools in the diagnosis and treatment of diseases (11). One of
these models, ChatGPT-40, can answer complex medical
questions based on user inputs and produce outputs similar
to clinical decision support systems (12,13). However, there
is limited data in the literature on the extent to which such
chatbots provide predictions that are compatible with

traditional nomograms.

In this study, we aimed to compare the ECE, SVI, LNI and
organ-confined disease (OCD) predictions of ChatGPT-40
and MSKCC nomograms over scenarios created according
to De Amico risk classification in patients with prostate

cancer and evaluate the correlation between them.

MATERIAL AND METHODS
Study Design

This study is a comparative analysis designed using
prospectively generated synthetic patient scenarios to
compare the results provided by ChatGPT-40 and the
MSKCC nomogram

prediction in prostate cancer patients. The study was

traditional in preoperative risk
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structured to represent low, intermediate, high and locally
advanced risk groups according to the De Amico risk

classification.

Creating Patient Scenarios

A total of 40 synthetic patient scenarios were created for the

study, reflecting clinical practice and representing different

risk groups in accordance with De Amico risk criteria.

Each scenario was meticulously designed to include the

essential preoperative data required for prostate cancer risk

prediction. These data include the following:

- Patient Age: Indicated in years

- Serum PSA Level: expressed in ng/mL.

- Biopsy Gleason Score: Indicated as [for example, 3+4=7]
with primary and secondary patterns.

- Clinical Stage: According to TNM staging system [for
example, ¢T2a, cT3b].

- Number of Positive Biopsy Cores: The number of cores

containing cancer among the total number of cores taken.

These scenarios were created by considering typical patient
profiles from clinical databases and existing literature, thus
providing a diversity similar to real-world cases at different
risk levels (Table 1).

Data Collection and Analysis Tools

The following prediction data were obtained for each
synthetic patient scenario:

MSKCC Nomogram: Preoperative data from each patient
scenario were entered into the publicly available MSKCC
nomogram web-based calculator (https://www.mskcc.org/
nomograms/prostate/pre_op) to obtain the following risk
estimates

- Probability of OCD: In percent (%).

- ECE Probability: In percent (%).

- SVI Probability: In percent (%).

- LNI Probability: In percent (%).

Artificial Intelligence Chatbot (ChatGPT-40)

The same patient scenarios were entered into the ChatGPT4o
(OpenAl, San Francisco, CA, USA) model to request
risk estimates. Data entry was done using a specific and
standardized prompt for each scenario. An example prompt

structure is as follows:
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Table 1. Demographic and Clinical Characteristics of Patient Scenarios

Risk Groups Age PSA G;i::n ISUP_Group C;itl;::l Positive Cores / Total
58 4 3+3 1 Tlc 1/12(8.33%)
62 6.8 3+3 1 T2a 2/10(20%)
65 5.5 3+3 1 T2a 3/12(25%)
70 7.9 3+3 1 Tlc 2/12(16.66%)
68 9.5 3+3 1 T2a 4/12(33.33%)
Low Risk Group
60 5.1 343 1 Tlc 1/10(10%)
59 3.9 3+3 1 T2a 1/12(8.33%)
73 6 3+3 1 Tlc 3/12(25%)
66 7 3+3 1 T2a 2/12(16.66%)
61 4,8 3+3 1 T2a 3/12(25%)
60 10.1 3+4 2 Tlc 3/12(25%)
64 15 3+4 2 T2a 4/12(33.33%)
67 9.8 4+3 3 T2b 5/12(41.66%)
70 18 4+3 3 T2b 6/12(50%)
66 12 3+4 2 Tlc 4/12(33.33%)
Intermediate Risk Group
62 14 443 3 T2b 6/12(50%)
74 11 3+4 2 T2a 2/10(20%)
68 10 3+4 2 T2b 3/12(25%)
65 17.5 4+3 3 T2b 5/12(41.66%)
70 9.5 4+3 3 T2b 6/12(50%)
72 22 4+3 3 T2c 7/12(58.33%)
66 16.5 4+4 4 T2b 8/12(66.66%)
65 10 5+3 4 T2c 9/12(75%)
70 25 3+4 2 T2c 10/12(83.33%)
74 12 4+4 4 T2c 8/12(66.66%)
High Risk Group
68 30 344 2 T2c 9/12(75%)
64 20 4+3 3 T2c 10/12(83.33%)
69 21 3+4 2 T2c 6/12(50%)
67 19.5 4+4 4 T2b 8/12(66.66%)
71 23 4+3 3 T2c 11/12(91.66%)
66 35 4+5 5 T3b 10/12(83.33%)
69 40 5+5 5 T4 11/12(91.66%)
71 28 5+4 5 T3a 9/12(75%)
64 24 4+5 5 T3b 12/12(100%)
70 50 5+5 5 T4 12/12(100%)
Locally Advance Group
68 45 4+5 5 T3b 11/12(91.66%)
67 30 5+4 5 T3b 12/12(100%)
70 22.5 5+4 5 T3b 10/12(83.33%)
65 38 4+5 5 T4 12/12(100%)
73 60 5+5 5 T4 12/12(100%)

Patient Age (years), Serum Prostate Specific Antigen (PSA) level (ng/mL), Biopsy Gleason Score, International Society of Urologic Pathology
(ISUP) Group, Clinical Stage (according to TNM classification) and Number of Positive Biopsy Cores / Total Number of Cores Taken (as

percentage).

203



New ] Urol. 2025;20(3):201-207. doi: 10.33719/njul759024

“Given the following clinical information for a prostate cancer
patient, would you estimate the risks of organ-confined
disease, extracapsular spread, seminal vesicle invasion, and
lymph node involvement as a percentage?

- Age: [Patient Age] years

- PSA [PSA Value] ng/mL

- Gleason Score: [Gleason Score]

- Clinical Stage: [Clinical Stage]

- Number of Positive Biopsy Cores: [Number of Positive

Cores]”

The estimates generated by ChatGPT-4o0 (probabilities of
OCD, ECE, SVI, LNI) were recorded.

Statistical Analysis

Statistical analysis of the data obtained was performed using
SPSS Statistics Version 28.0 (IBM Corp., Armonk, NY, USA).
Quantitative data are presented as median and interquartile
range. The Kolmogorov-Smirnov test was used to determine
the normal distribution of the data. The strength and
direction of the relationship between ChatGPT-40 estimates
and MSKCC nomogram estimates were assessed using
the Spearman Correlation Coefficient (r). Correlation
analyses were performed separately in each risk group (low,
intermediate, high and locally advanced risk) as well as in
the overall patient group. Statistical significance level was

accepted as p<0.05 in all analyses.

Ethical Statement

Since this study used synthetically generated patient
scenarios instead of real patient data, ethics committee
approval was not required. The study was conducted in

accordance with general research ethical principles.

RESULTS

Considering all 40 patient scenarios, overall significant
positive correlation was found between the predictions
provided by ChatGPT-40 and the MSKCC nomogram. In
particular, a strong correlation (r=0.971, p<0.001) was found
between the OCD predictions. Similarly, ECE (r=0.979,
p<0.001), SVI (r=0.976, p<0.001) and LNI (r=0.972, p<0.001)
predictions also exhibited generally high and significant
positive correlations (Table 2).

Risk group-specific differences were observed in the
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analyses conducted by risk groups. In the low-risk patient
group, significant positive correlations were found between
OCD (r=0.780, p=0.008), ECE (r=0.872, p=0.001) and SVI
(r=0.504, p=0.137) predictions. However, no significant
correlation was observed in the LNI prediction (r=0.272,
p=0.447). In the intermediate-risk patient group, significant
positive correlations were found between ChatGPT-40 and
MSKCC nomogram in all prediction topics. OCD (r=0.851,
p=0.002), ECE (r=0.851, p=0.002), SVI (r=0.936, p<0.001) and
LNI (r=0.873, p<0.001) predictions showed a high degree of
agreement. No statistically significant correlation was found
between the predictions of OCD (r=0.521, p=0.123), SVI
(r=0.382, p=0.276) and LNI (r=0.218, p=0.546) in the high-
risk patient group (p>0.05). However, a significant correlation
was found in the ECE prediction (r=0.737, p=0.015). In the
locally advanced patient group, no significant correlation
was detected between OCD (r=0.522, p=0.122) and ECE
(r=0.524, p=0.120) estimates (p>0.05). However, strong and
significant correlations were observed between the MSKCC
nomogram and ChatGPT-4o for SVI (r=0.888, p<0.001) and
LNI (r=0.899, p<0.001).

DISCUSSION

The use of AI models in medicine is rapidly increasing, and
various studies have been conducted in prostate cancer
prognostic predictions (11). In the existing literature, Al
is reported to show promising results in prostate cancer
diagnosis and staging by combining imaging, pathology and
clinical data (11,14). However, studies directly comparing
AT chatbots with clinical risk nomograms and examining
performance differences, especially in complex patient
groups, are limited. Our study is an important step towards
filling the knowledge gap in this field and emphasizes the
need for a careful validation process before clinical use of AL
Considering that traditional nomograms have undergone
years of validation based on specific clinical parameters, Al

needs to be tested with similar rigor.

This study focused on the comparison of the predictions
provided by ChatGPT-40, an Al-based chatbot, and the
MSKCC nomogram commonly used in clinical practice
for preoperative risk prediction in prostate cancer. Our
findings revealed that ChatGPT-40 were highly correlated
with nomograms in general, but exhibited significant

inconsistencies in certain prediction topics, especially in
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Table 2. Correlation Analysis between MSKCC Nomogram and ChatGPT-4o Predictions by Risk Group

MSKCC ChatGPT-40 r P
Low Risk Group 75.5(63-89) 87.5(82-93) 0.780 0.008
Intermediate risk Group 28.5(12-61) 65.5(55-76) 0.851 0.002
OCD (%) High Risk Group 7(2-16) 40.5(30-48) 0.521 0.123
Locally Advance Group 1(1-2) 19(10-32) 0.522 0.122
Total 13.5(1-89) 51.5(10-93) 0.971 <0.001
Low Risk Group 24(11-36) 9.5(5-14) 0.872 0.001
Intermediate risk Group 70(37-87) 27(17-37) 0.851 0.002
ECE (%) [ High Risk Group 91.5(82-98) 50(42-58) 0.737 0.015
Locally Advance Group 99(98-99) 66.5(55-78) 0.524 0.120
Total 84.5(11-99) 39.5(5-78) 0.979 <0.001
Low Risk Group 1(1-2) 2(1-3) 0.504 0.137
Intermediate risk Group 12.5(3-39) 11(6-19) 0.936 <0.001
SVI (%) High Risk Group 45.5(23-69) 28(22-35) 0.382 0.276
Locally Advance Group 92(84-97) 41(30-52) .0888 <0.001
Total 35(1-97) 20.5(1-52) 0.976 <0.001
Low Risk Group 1(1-2) 1(1-2) 0.272 0.447
Intermediate risk Group 15.5(4-36) 5(2-8) 0.873 <0.001
LNI (%) High Risk Group 45(19-71) 14(10-18) 0.218 0.546
Locally Advance Group 89(81-94) 26.5(18-38) 0.899 <0.001
Total 32.5(1-94) 9(1-38) 0.972 <0.001

This table presents the results of the correlation analysis between the Memorial Sloan Kettering Cancer Center (MSKCC) nomogram and
ChatGPT-4o predictions of Organ-Confined Disease (OCD), Extracapsular Extension (ECE), Seminal Vesicle Invasion (SVI) and Lymph

Node Involvement (LNI) in each De Amico risk group and overall. Mean prediction values and minimum-maximum ranges are given in

parentheses. The correlation coeflicient (r) and statistical significance level (p value) are also shown. p<0.05 was considered statistically

significant.

high-risk and locally advanced patient groups. These results
are critical to understanding the potential and current
limitations of Al-based tools in clinical practice.

The overall analysis of our study showed high and significant
positive correlations between ChatGPT-40 and the MSKCC
nomogram for OCD, ECE,SVIand LNI. In particular,astrong
correlation was found between OCD predictions; similarly,
ECE, SVI and LNI predictions also exhibited overall high
and significant positive correlations. This finding suggests
that ChatGPT-40 can produce similar outputs to traditional
methods in complex clinical decision support processes such
as prostate cancer risk prediction, thanks to their capacity to
learn from large data sets. The strong correlations observed

in the low- and intermediate-risk patient groups also

support this potential, as in these groups, except for the LNI
prediction in the low-risk group, all other predictions showed
significant correlations. However, the most striking findings
of our study are the discrepancies in the high-risk and locally
advanced patient groups. In the high-risk group, there was
no statistically significant correlation between the estimates
of OCD, SVI and LNI. Similarly, no significant correlation
was found in the predictions of OCD and ECE in the locally
advanced patient group. Similarly, no significant correlation
was found in the predictions of OCD and ECE in the locally
advanced patient group. This suggests that ChatGPT-
40 may not produce as reliable predictions as traditional
nomograms, especially when the disease is more advanced

and complex. The discrepancies observed in the high-risk
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and locally advanced groups may be explained by several
factors. Large language models such as ChatGPT-40 are
primarily trained on general internet-based sources rather
than curated, domain-specific medical datasets. As a result,
their ability to accurately represent rare or complex clinical
scenarios remains limited. Nomograms, in contrast, are
derived from large patient cohorts with detailed clinical and
pathological annotations, allowing them to more precisely
model the heterogeneity of advanced disease. In these groups,
tumor biology is often more aggressive and unpredictable,
with greater variability in features such as extracapsular
spread patterns, seminal vesicle involvement, and nodal
dissemination. Subtle distinctions in staging parameters
(e.g., between cT3a and cT3b disease) may translate into
markedly different risk profiles, but such nuances are
difficult for a language-based model to capture without
access to structured radiological, pathological, or molecular
data. Furthermore, while ChatGPT-40 generates probability
estimates by identifying linguistic patterns, it lacks true
comprehension of the underlying pathophysiological
mechanisms. These limitations collectively help to explain
the reduced concordance with nomogram predictions in the

most clinically complex patient groups.

The fact that our study provides a controlled comparison
using synthetic patient scenarios representing risk groups
eliminates the variability in real patient data and allows
direct comparison of ChatGPT-40 and nomogram outputs.
the reference to MSKCC, a validated

nomogram widely used in clinical practice, increases the

Furthermore,

clinical validity of the results. On the other hand, the study
has some limitations. The use of synthetic patient scenarios
may not fully reflect the heterogeneity and clinical nuances
of real-world patient populations. The use of only a single
AT chatbot (ChatGPT-40) and a single nomogram (MSKCC)
may limit the generalizability of the results. Furthermore,
although 40 patient scenarios were sufficient for statistical
analyses, the smaller number of cases, especially in
subgroups (10 scenarios in each risk group), may have led to

smaller correlations not being statistically significant.

In conclusion, our findings suggest that ChatGPT-40 may be
a promising tool in the field of prostate cancer risk prediction,
but exhibit significant inconsistencies compared to existing

nomograms, especially in complex scenarios such as high-
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risk and locally advanced disease. These findings emphasize
the need for extensive validation and development studies
on larger and real patient cohorts before AI can be widely
used in clinical practice. Future research should focus on the
specific training of AI models with medical data and their

integration as a decision support tool for physicians.

CONCLUSION

Overall high correlation between ChatGPT-40 and the
MSKCC nomogram was demonstrated for prostate cancer
risk prediction. However, no significant correlation was
observed especially in high-risk and locally advanced patient
groups. These findings suggest that while AT chatbots are a
potential tool for prostate cancer risk stratification, they
require extensive validation and development studies before
they can be put into clinical use, especially in more complex

and advanced cases.
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