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Introduction: Tis study demonstrates the potential benefts of large language models (LLMs) such as ChatGPT-4o and
DeepSeek-R1 in supporting multidisciplinary uro-oncologic tumor boards (MUTBs) discussing complex urological-oncological
cases. In particular, DeepSeek-R1 has demonstrated better performance than ChatGPT-4o in specifc types of urological ma-
lignancies and specifc treatment protocols.
Objective: Tis study examined the agreement between the AI-based systems ChatGPT-4o and DeepSeek-R1 and the decision
making of a MUTB, which is a team of experts who assess uro-oncological cases.
Methods:A total of 97 uro-oncological cases covering a period of one year were retrospectively evaluated.Te treatment plans for
the cases were determined using traditional tumor board methods and separately presented to ChatGPT-4o and DeepSeek-R1.
Comprehensive medical records were created for each case, and the planned treatments were classifed as surgical intervention,
radiotherapy/chemotherapy (RT-CT), advanced imaging, or follow-up. Agreement between the board and AI decisions was
analyzed using Cohen’s kappa and with precision, recall, and F1 scores.
Results: In prostate cancer cases, DeepSeek-R1 showed substantial agreement (κ� 0.787, p< 0.001) with the board decisions,
while ChatGPT-4o showed moderate agreement (κ� 0.593, p< 0.001). For renal malignancies, DeepSeek-R1 showed moderate
agreement (κ� 0.603,p< 0.001), while ChatGPT-4o showed slight agreement (κ� 0.172, p< 0.001). In bladder cancer cases,
DeepSeek-R1 showed moderate agreement (κ� 0.604, p< 0.05), but ChatGPT-4o did not show statistically signifcant agreement
(κ� 0.217, p> 0.05). When all cases were considered together, DeepSeek-R1 showed high agreement, while ChatGPT-4o showed
moderate agreement (DeepSeek-R1: κ� 0.773, p< 0.001; ChatGPT-4o: κ� 0.608, p< 0.001).
Conclusion:Our fndings suggest that DeepSeek-R1’s decision support performance is better than that of ChatGPT-4o in various
oncological scenarios.Te results highlight the potential for publicly available AI models to be used in complex clinical felds, such
as oncology.
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board; uro-oncology
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1. Introduction

Multidisciplinary uro-oncology tumor boards (MUTBs) are
considered the gold standard for managing patients afected
by urologic and other malignancies. Healthcare pro-
fessionals from various specialties collaborate to optimize
multidisciplinary, patient-centered care and ensure adher-
ence to clinical guidelines [1]. MUTBs have contributed
signifcantly to changes in diagnostic and therapeutic
strategies, improved staging accuracy and the adaptation of
treatment to cancer risk, and ultimately increased survival
rates. Te European Partnership for Action Against Cancer,
launched by the European Commission in 2009, approached
multidisciplinary care from a policy perspective [2]. Te
positive outcomes from MUTBs depend on several factors,
including qualifed and efective teaching staf, proper
preparation and selection of cases, the structure and format
of meetings, levels of expertise, efective leadership, and the
interactions among the participating physicians [3].

In recent years, artifcial intelligence (AI)–based lan-
guage models have emerged as signifcant tools in the
medical feld, demonstrating potential for supporting the
decisions of all types of multidisciplinary tumor boards
[4, 5]. Generative AI (GAI) has produced numerous ad-
vances in healthcare, and large language models (LLMs)—
such as ChatGPT by OpenAI, Gemini by Google, and
Copilot byMicrosoft—now ofer the potential for improving
clinical decision support, medical education, and research.
With the appearance of DeepSeek’s DeepTink-R1 mod-
el—an open-source LLM introduced in January 2025—new
opportunities and challenges have emerged for the in-
tegration of AI into healthcare and research. With careful
implementation, ethical consideration, and international
collaboration, LLMs like DeepSeek could promote in-
novation in healthcare and deliver cost-efective and scalable
AI solutions while ensuring that human expertise remains
central to patient care [6].

ChatGPT, a derivative of InstructGPT and part of the
GPT-3.5 family, has been refned through human-curated
responses within OpenAI’s API playground. In May 2024,
OpenAI launched GPT-4o, its next-generation fagship
model. Te “o” stands for “omni” and refers to its goal to
enable more natural human–computer interaction. GPT-4o
performs well not only in language and code processing but
also in multimodal data interpretation in medical contexts,
ofering both robust response capabilities and cost efciency.
Te introduction of this model represents a major leap in AI
technology, ofering stronger support and broader possi-
bilities for diverse medical applications and benefting both
patients and clinicians [7]. Launched in January 2025,
DeepSeek’s new GAI model rapidly gained widespread
adoption and became the most downloaded AI application.
DeepSeek stands out due to its open-source availability
under the MIT license, cost-efectiveness, and impressive
reasoning capabilities enabled by technical features such as
“mixture of experts,” reinforcement learning, multistage
training, and an FP8 mixed-precision environment [8].

Numerous studies have demonstrated the utility of AI
systems in determining treatment regimens for various types

of cancer [9–13]. Building on this growing body of evidence,
the current study aims to evaluate whether the ChatGPT-4o
and DeepSeek-R1 models can provide recommendations
consistent with those of an MUTB in complex uro-
oncological cases involving follow-up strategies, imaging
assessments, surgical interventions, and chemotherapy (CT)
or radiotherapy (RT) planning—and to determine which AI
model has superior performance. To the best of our
knowledge, this is among the frst studies to directly compare
the performance of ChatGPT-4o and DeepSeek-R1 in
supporting decision making for MUTBs.

2. Materials and Methods

2.1. Study Design and Patient Population. A retrospective
cohort study was conducted with 97 uro-oncological cases
recorded at a university hospital between February 2024 and
February 2025. Each case was thoroughly discussed by the
MUTB, which made treatment planning decisions.

All uro-oncology patients evaluated by theMUTBwithin
the specifed time period were eligible for inclusion. Cases
were excluded if electronic medical records (EMRs) were
insufcient or incomplete, if the patient was under 18 years
of age or pregnant, if the case involved nononcologic uro-
logical conditions despite being discussed by the board, or if
the uro-oncological diagnosis was not pathologically con-
frmed. Te fnal study cohort comprised all consecutive,
eligible cases discussed by the MUTB over the 12-month
period that met the inclusion and exclusion criteria. All cases
were evaluated by a multidisciplinary team composed of at
least one medical oncologist, radiation oncologist, nuclear
medicine specialist, urologist, pathologists, and radiologist
as part of the MUTB. A comprehensive medical record was
compiled for each patient, and the recommended man-
agement strategy was categorized as one of the following:
surgical intervention, RT-CT, need for advanced imaging, or
follow-up.

Tis study was approved by our Institutional Review
Board (IRB). All procedures involving human participants
were conducted in accordance with the ethical standards of
the institutional and national research committees, the 1964
Helsinki Declaration and subsequent amendments, and
other applicable ethical standards.

2.2. Coding of MUTB Recommendations. Te treatment
modalities determined by our MUTB represent the op-
timal treatment strategy consensus reached by our spe-
cialist physicians, based on current guidelines and clinical
evidence. Tese recommendations were coded and used as
the gold standard for comparison with AI model outputs.
It is acknowledged that in practical clinical practice, the
fnal treatment modality is ultimately determined through
shared decision making with the patient and their family.
However, the specifc aim of this study was to investigate
the concordance between AI recommendations and the
optimal, clinically intended treatment modality as de-
termined by the MUTB, prior to patient-specifc
modifcations.
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Accordingly, the MUTB’s fnal consensus recommenda-
tion was coded into one of four mutually exclusive categories
for analysis: (1) surgery, (2) RT-CT, (3) new imaging studies, or
(4) clinical follow-up. For localized diseases where the board’s
recommendation represented a treatment category (e.g., “de-
fnitive local therapy”) rather than a specifc modality, coding
was based on therapeutic intent and the primary treatment
modality discussed as standard care. For instance, a recom-
mendation for curative-intent local therapy was coded as
“surgery” if surgery was the predominant approach, or as “RT-
CT” if RT was the focus. Tis approach acknowledges the
inherent limitation in categorizing complex clinical decisions
where fnal treatment selection often occurs through sub-
sequent shared decision making with the patient.

2.3. Data Collection and Case Presentation. For each case,
patient data were obtained from the EMRs maintained by
the residents, fellows, and assistants working in the relevant
departments, who ensure the accuracy and completeness of
the records before presenting the cases to the MUTB for
discussion. Although the full EMRs contained extensive
clinical data, the information presented to the MUTB
members—and to the AI models—was limited to essential
variables to ensure consistency across cases and to protect
patient confdentiality. Cases with incomplete EMRs were
excluded both from board discussions and the current study.

Te cases that were discussed by the MUTB were
carefully restructured and formulated to allow optimal in-
terpretation by ChatGPT-4o and DeepSeek-R1. To ensure
consistency, standardized prompts were developed and
submitted to both AI models. For each case, clinical in-
formation was anonymized and formatted into a structured
prompt that included

- Patient demographics (age and sex),
- Current or most recent physical examination fndings
(e.g., digital rectal examination, general inspection,
and costovertebral angle tenderness),

- Primary diagnosis and staging,
- Histopathological data and key laboratory values (e.g.,
complete blood count and tumor markers),

- Imaging fndings (e.g., CT, MRI, and PET-CT),
- Treatment history (e.g., previous surgeries and CT
regimens), and

- Comorbidities.

Te cases were grouped based on underlying pathology.
Each group was evaluated with prompts tailored to the
specifc clinical features of their respective pathologies and
submitted to the AI models. Four standardized clinical
decision questions were posed for each case:

- Does the patient currently require surgery (or would
you recommend it)?

- Does the patient currently require any CT or RT?
- Does the patient currently require any additional
imaging studies?

- Should the patient be managed under surveillance?

Tis standardization was intended to minimize response
variability between the AI models and to facilitate statistical
evaluation. Te case data were formatted to be easily in-
terpretable by AI: Laboratory results were expressed as
numerical values; imaging fndings were summarized by
radiologists; histopathological data were described in con-
densed form by pathologists; and prior treatments and
physical examinations were included as text-based entries
(Figures 1 and 2).

For each clinical decision point, the AI models provided
binary responses (yes/no) and brief explanations of the
recommended treatment. Tese responses were analyzed for
agreement with the MUTB decisions.

2.4. Statistical Analysis. Statistical analyses were performed
using IBM SPSS Statistics for Mac, Version 27.0 (IBM Corp.,
Armonk, NY, USA), and all data were summarized as means
and standard deviations (SDs). Te primary statistical ap-
proach employed a binary classifcation framework to ensure
standardized comparison between AI model outputs and
MUTB decisions. While this methodological choice sim-
plifes the nuanced nature of clinical decision making, it was
intentionally selected to establish a foundational, re-
producible analysis paradigm for this emerging feld of
research. Te binary framework allowed for clear in-
terpretation of Cohen’s kappa and classifcation metrics
(precision, recall, and F1 score), providing an essential
baseline for initial model validation. Inter-rater agreement
between the AI models and the MUTB was primarily
assessed using Cohen’s kappa (κ) coefcient, stratifed by
malignancy. For granular performance evaluation, addi-
tional classifcation metrics were calculated for each decision
category (surgery, RT/CT, imaging, and surveillance):

- Precision (positive predictive value): \(\frac{TP}
{TP+ FP} \)

- Recall (sensitivity): \(\frac{TP}{TP + FN} \)
- F1 score: Harmonic mean of precision and recall: \(2
\times \frac{Precision \times Recall}{Precision
+Recall} \)

TP� true positives, FP� false positives, and FN� false
negatives based on binary (true/false) concordance with
MUTB decisions.

Analyses of the pathology groups were performed to
evaluate model recommendations for specifc cancer types.
Finally, in cases in which both AI models and the MUTB
concurred on the clinical decision, further analyses were
conducted to explore treatment approach variations be-
tween diferent uro-oncologic malignancies. Statistical sig-
nifcance was set at p≤ 0.05.

3. Results

A total of 97 uro-oncologic patients were included in the
study—90 male and seven female. Te gender imbalance is
primarily attributable to the high number of prostate cancer
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cases. Te mean age of the sample was 67 years (SD� 12); 58
patients had prostate cancer (mean age: 69, SD� 8), 18 had
renal malignancies (mean age: 65, SD� 14), 12 had bladder
cancer (mean age: 68, SD� 12), fve had adrenal gland
malignancies (mean age: 42, SD� 17), and four had ureteral
malignancies (mean age: 65, SD� 12). Te demographic
characteristics of the patient subgroups and the distribution
of their malignancies are summarized in Table 1.

Inter-rater agreement was assessed by malignancy type.
In prostate cancer cases, the DeepSeek-R1 model exhibited
a high level of agreement with the MUTB decisions
(κ� 0.787, p< 0.001), whereas ChatGPT-4o showed only
moderate agreement (κ� 0.593, p< 0.001). For renal

malignancies, DeepSeek-R1 exhibited moderate agreement
(κ� 0.603, p< 0.001), while ChatGPT-4o showed only low
agreement (κ� 0.172, p< 0.001). In bladder cancer cases,
DeepSeek-R1 exhibited moderate agreement (κ� 0.604,
p< 0.05), while ChatGPT-4o did not show statistically
signifcant agreement (κ� 0.217, p> 0.05). For adrenal gland
malignancies, both AI models demonstrated a high level of
agreement (κ� 0.643, p< 0.05 for both). Due to the limited
number of cases, a meaningful statistical evaluation could
not be performed for ureteral and adrenal gland
malignancies.

Across all cases, the DeepSeek-R1 model exhibited high
overall inter-rater agreement with the MUTB (κ� 0.773,

Figure 2: Workfow overview of DeepSeek-R1 in clinical decision making. Tis fgure illustrates the decision-making process of DeepSeek-
R1 when provided with the same clinical input as ChatGPT-4o. Te structure mirrors that of Figure 1: initial instructions are shown on the
left, patient EMR data in the center, and the model’s clinical recommendations on the right.

Figure 1: Workfow overview of ChatGPT-4o in clinical decision making. Tis fgure presents the clinical reasoning process of ChatGPT-
4o. On the left are the standardized initial instructions provided to the model, followed by sample electronic medical record (EMR) data in
the center. On the right, the diagnostic and management recommendations generated by ChatGPT-4o are displayed.
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p< 0.001), while the ChatGPT-4o model showed only
moderate agreement (κ� 0.608, p< 0.001) (Figure 3). Te
levels of agreement between ChatGPT-4o and DeepSeek-R1
for signifcant oncological malignancies are shown in
Table 2.

Te comparative analysis revealed distinct F1 scores for
ChatGPT-4o and DeepSeek-R1 across urological malig-
nancy decision protocols. For prostate cancer, ChatGPT-4o
achieved F1 scores of 0.84 (surgical treatment), 0.72 (RT/CT
decision), 0.58 (new imaging studies), and 0.40 (clinical
follow-up), while DeepSeek-R1 scored 0.92, 0.90, 0.66, and
0.57, respectively. In renal malignancies, ChatGPT-4o
scored 0.82 (surgical treatment), 0.00 (RT/CT decision),
0.79 (new imaging studies), and 0.75 (clinical follow-up)
versus DeepSeek-R1’s 0.80, 0.00, 1.00, and 0.40. For bladder
malignancies, ChatGPT-4o yielded 0.66 (surgical treat-
ment), 0.54 (RT/CT decision), 0.00 (new imaging studies),
and 0.00 (clinical follow-up) compared to DeepSeek’s 0.75,
0.83, 0.00, and 0.00. Aggregated across all malignancies,
ChatGPT-4o demonstrated scores of 0.81 (surgical treat-
ment), 0.68 (RT/CT decision), 0.64 (new imaging studies),
and 0.63 (clinical follow-up), while DeepSeek-R1 attained
0.88, 0.89, 0.79, and 0.63, respectively (Table 3).

4. Discussion

Tis study evaluated the agreement of the ChatGPT-4o and
DeepSeek-R1 AI models with the decisions of the MUTB.
Although both models provided recommendations consis-
tent with MUTB decisions for specifc cancer types, the
overall agreement level of DeepSeek-R1 was higher than that

of ChatGPT-4o, although the performance of both AI
models varied by tumor type.

Our fndings contribute to a growing body of literature
evaluating LLMs in clinical oncology. Recent studies by
Hernández-Flores et al. [4] demonstrated varying perfor-
mance of ChatGPTand Gemini across challenging oncologic
cases, echoing our observation that AI performance is
context-dependent. Similarly, Lukac et al. [5] reported
ChatGPT’s utility as an adjunct in breast cancer tumor
boards, noting its strength in providing guideline-based
recommendations—a fnding consistent with our models’
performance in prostate cancer, where treatment pathways
are well established. However, our study extends this lit-
erature by providing a direct comparison between two of the
most advanced, recently released models—ChatGPT-4o and
DeepSeek-R1—within a specialized uro-oncological context.

DeepSeek-R1 had a high level of agreement in prostate
cancer cases, indicating reliable performance in this domain,
while ChatGPT-4o was only moderate; this suggests that the
general-purpose and multimodal architecture of GPT-4o
might not be enough to help with clinical decision mak-
ing for complex and diverse cancers. Nonetheless, both
models achieved statistically signifcant results.

In renal malignancies, the moderate agreement of
DeepSeek-R1 is noteworthy because it indicates a reasonable
analytical capacity despite the complexity of the anatomical
and prognostic variables. Conversely, the low agreement of
ChatGPT-4o suggests that it struggles to adapt to highly
individualized and heterogeneous clinical scenarios.

In the context of bladder cancer, only DeepSeek-R1
demonstrated statistically signifcant agreement,

Table 1: Demographic characteristics of patient subgroups included in the study and distribution of malignancy subtypes.

n (%) Sex (M/F) Age mean (SD) Primary diagnosis (n)

Prostate carcinoma

58 (%59.8) 58/0 69 (±8) Prostatic adenocarcinoma (58)
G (3 + 3) (18)
G (3 + 4) (16)
G (4 + 3) (5)
G (4 + 4) (13)
G (4 + 5) (3)
G (5 + 4) (1)
G (5 + 5) (2)

Renal malignancies

18 (%18.5) 13/5 68 (±14) Chromophobe RCC (2)
Clear cell renal carcinoma (8)

Papillary RCC (4)
Bosniak type III cyst (2)
Bosniak type IV cyst (2)

Bladder malignancies
12 (%12.3) 11/1 68 (±12) HGPUC (6)

LGPUC (3)
Squamous cell bladder cancer (3)

Adrenal gland malignancies

5 (%5.2) 5/0 42 (±17) Metastasis (3)
Lung metastasis (2)

Colorectal carcinoma metastasis (1)
Pheochromocytoma (2)

Ureteral malignancies 4 (%4.2) 3/1 65 (±12) Transitional cell carcinoma (4)
Total 97 (100) 90/7 67.12 (±12) 97
Note: M: male; F: female; G: Gleason score.
Abbreviations: HGPUC, high-grade papillary urothelial carcinoma; LGPUC, low-grade papillary urothelial carcinoma; RCC, renal cell carcinoma; SD,
standard deviation.
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suggesting that it can provide more consistent in-
terpretations based on variables such as tumor invasion
depth, cystoscopic fndings, and responses to previous
treatments. Te failure of ChatGPT-4o to achieve signifcant
agreement in this patient group raises concerns about the
model’s capacity to interpret the nuanced clinical charac-
teristics unique to bladder cancer.

Both models demonstrated a high level of agreement for
adrenal gland malignancies, but due to the limited number
of cases, these statistically signifcant fndings should be
interpreted with caution; larger cohort studies are necessary
to validate them. For ureteral malignancies, meaningful
statistical analysis could not be conducted due to the small
sample size; evaluating model performance in this subgroup
will also require large-scale investigations.

When considering the overall patient cohort, DeepSeek-
R1 achieved a high level of agreement, while ChatGPT-4o
demonstrated a moderate-to-high level, suggesting that
DeepSeek-R1 ofers more refned and consistent perfor-
mance in a clinical context, which is potentially attributable
to its open-source architecture and training on domain-

specifc medical data. ChatGPT-4o, in contrast, may be more
useful in general medical applications due to its multimodal
capabilities and user-friendly design, while in scenarios
requiring interdisciplinary and highly specialized clinical
expertise—such as those in this study—it may perform
worse. Te observed variations in AI performance across the
uro-oncologic tumor groups may also refect the degree of
specialization within each model or the nature of the
training datasets used. For example, a model may ofer more
consistent recommendations for diseases such as prostate
cancer, for which guidelines are well defned and stan-
dardized, while producing less reliable or more generalized
outputs for malignancies such as bladder cancer, which
present with complex and heterogeneous clinical variations.

Te F1 score analysis (see Table 3) provides detailed
insights into the models’ performance across clinical de-
cision domains. In prostate cancer, DeepSeek-R1 exhibited
superior precision–recall balance for surgery and RT/CT,
outperforming ChatGPT-4o. Tis is consistent with the κ
values, underscoring the reliability of DeepSeek-R1 for
treatment-intent recommendations. However, both models

Prostate carcinoma Renal malignancies Bladder
malignancies All malignancies

0.593 0.172 0.217 0.608ChatGPT 4o
DeepSeek-R1 0.787 0.603 0.604 0.773

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

Cohen's kappa values

ChatGPT 4o
DeepSeek-R1

Figure 3: Comparison of the recommendations provided by the MUTB with those generated by ChatGPT-4o and DeepSeek-R1 across four
clinical decision points: prostate carcinoma, renal malignancies, bladder malignancies, and all malignancies combined. For each decision
point, Cohen’s kappa (κ) values are presented to demonstrate the strength and signifcance of inter-rater agreement. MUTB: multidis-
ciplinary uro-oncologic tumor board.

Table 2: Comparison of recommendation consistency between ChatGPT-4o and DeepSeek-R1 at important oncological decision points.

Chat GPT 4o DeepSeek-R1
Kappa value

(κ) Agreement level p value Kappa value
(κ) Agreement level p value

Prostate carcinoma 0.593 Moderate < 0.001 0.787 Substantial < 0.001
Renal malignancies 0.172 Slight < 0.001 0.603 Moderate < 0.001
Bladder malignancies 0.217 Fair > 0.05 0.604 Moderate < 0.05
All malignancies 0.608 Moderate < 0.001 0.773 Substantial < 0.001
Note: Te strength and importance of agreement between AI models related to MUTB is shown by kappa values (κ) and p values for inter-rater agreement.
p< 0.05 is considered statistically signifcant. Statistically signifcant values are highlighted in bold.Four diferent categories were evaluated: prostate cancer,
renal malignancies, bladder malignancies, and all malignancies. Kappa (κ) and p values indicating the level of agreement between models were presented for
each category. Tis analysis aims to evaluate the consistency of AI-based clinical decision support systems.
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showed limited efectiveness in surveillance decisions,
suggesting that there are challenges when assessing indolent
disease trajectories.

In renal cancer, both models showed zero agreement
with the MUTB in RT/CTrecommendations, but DeepSeek-
R1 achieved perfect agreement for imaging, suggesting
contextual adaptability despite a moderate κ value. For
bladder cancer, critical defciencies emerged: ChatGPT-4o
yielded zero agreement with the MUTB for imaging and
surveillance, and DeepSeek-R1 showed no agreement for
imaging, indicating limitations in interpreting nuanced
cystoscopic and histopathological features.

Aggregate F1 metrics support DeepSeek-R1’s stronger
performance in surgery and RT/CT across malignancies.
Nonetheless, the suboptimal performance in surveillance
decisions for both AI systems implies that current AI models
cannot replace clinician judgment in follow-up planning, in
which psychosocial factors and longitudinal assessment are
central.

Tis study has several limitations. First, a potential
limitation of this study is the heterogeneity of the cohort,
which encompasses diverse urological malignancies with
distinct treatment paradigms. Tis variability may limit the
direct comparability of the AI models’ performance across
diferent cancer subtypes. Second, its single-center, retro-
spective design may limit generalizability; third, although
the data provided to both AI models were standardized to
a degree, the models did not interact with patients in real
time; and fourth, the F1 scores revealed weaknesses in the
model regarding certain decisions (e.g., kidney RT/CT), but
no root-cause analysis of errors has been performed. Ad-
ditionally, our binary classifcation framework, while
methodologically necessary for standardization, simplifes
the nuanced decision-making process characteristic of
multidisciplinary tumor boards. Future studies should im-
plement multilevel statistical approaches and integrate ex-
plainable AI techniques through prospective, interactive,
and multicenter designs to better capture clinical com-
plexity. Finally, further research and regulatory eforts
considering ethics, legality, and patient safety will be re-
quired before AI technologies can be integrated into routine
clinical practice.

5. Conclusions

Te DeepSeek-R1 model demonstrated a high level of
agreement with MUTB decisions, ofering particularly
consistent recommendations for more common malignan-
cies, such as prostate cancer. ChatGPT-4o, while generally
showing moderate-to-high agreement, was less consistent
for certain malignancies, including kidney and bladder
cancers. While DeepSeek-R1 performed well in treatment-
oriented decisions (surgery and RT-CT), both models re-
quire improvement for surveillance and imaging gui-
dance—particularly in bladder cancer.

Larger, multicenter studies are needed to confrm these
fndings before broader generalizations can be made. It is
also crucial that AI systems are employed ethically and
responsibly—not as replacements for human expertise but as

support tools to aid clinical decision making. In this context,
integrating GAI models into tumor board processes may
speed up decision making and contribute to more per-
sonalized, case-specifc treatment plans.
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