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Artificial intelligence versus multidisciplinary teams in high-risk 
prostate cancer with positive surgical margins: a pilot  

proof-of-concept study

Inteligencia artificial frente a equipos multidisciplinarios en 
cáncer de próstata de alto riesgo con márgenes quirúrgicos 

positivos: un estudio piloto de prueba de concepto
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Ricardo Alonso Castillejos-Molina.1*

Abstract

Objective: to compare treatment recommendations from multidisciplinary 
teams (MDTs) and artificial intelligence (AI) in high- and very high-risk pros-
tate cancer (PCa) with positive surgical margins (PSM) after radical prostatec-
tomy (RP).
Design, methodology or approach: we conducted a retrospective proof-of-
concept study at a tertiary referral center. Among 700 men who underwent RP 
between 2010–2024, 76 had PSM, and 14 had documented preoperative MDT 
discussions. Five patients fulfilled inclusion criteria: high-/very high-risk PCa 
(per NCCN), confirmed PSM, and both pre- and postoperative MDT evalua-
tions. Clinical and pathological data were entered into ChatGPT-4.0 (OpenAI), 
primed with NCCN, AUA, and EAU guidelines. The AI was queried in a ze-
ro-shot manner for treatment recommendations, and concordance was evalua-
ted using Cohen’s kappa (κ).
Results: five patients were included in the final analysis. AI recommendations 
aligned with MDT decisions in 2 of 5 cases (40 %) both preoperatively and 
postoperatively. Agreement was minimal for initial therapy (κ = 0.00) and sli-
ght for postoperative management (κ = 0.12).
Limitations or implications: this pilot study is limited by its small sample size 
and retrospective design, restricting generalizability.
Originality or value: this is the first study to directly compare AI-driven and 
MDT recommendations in high-risk PCa with PSM in Mexico.
Findings or conclusions: AI generated rapid, guideline-based recommenda-
tions, but showed limited concordance with MDT decisions in this pilot cohort. 
AI may support efficiency and guideline adherence as an adjunctive tool; howe-
ver, this study did not evaluate whether either recommendation strategy leads 
to superior clinical outcomes.Corresponding author: 
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Resumen

Objetivo: comparar las recomendaciones terapéuticas de equipos multidisci-
plinarios (MDT) y de inteligencia artificial (IA) en cáncer de próstata (CaP) de 
alto y muy alto riesgo con márgenes quirúrgicos positivos (PSM) tras prostatec-
tomía radical (PR).
Diseño, metodología o aproximación: se realizó un estudio retrospectivo de 
prueba de concepto en un centro de referencia terciario. Entre 700 hombres so-
metidos a PR (2010–2024), 76 presentaron PSM y 14 contaron con discusiones 
preoperatorias en MDT. Cinco pacientes cumplieron criterios: CaP de alto/muy 
alto riesgo (NCCN), PSM confirmados y evaluaciones pre- y postoperatorias en 
MDT. Los datos clínicos y patológicos se ingresaron en ChatGPT-4.0 (OpenAI), 
utilizando guías NCCN, AUA y EAU. La IA fue consultada en modo zero-shot y 
la concordancia se evaluó con el índice kappa (κ).
Resultados: se incluyeron cinco pacientes en el análisis final. Las recomenda-
ciones de la IA coincidieron con las decisiones del MDT en 2 de 5 casos (40 %) 
tanto en el contexto preoperatorio como postoperatorio. La concordancia fue 
mínima para la terapia inicial (κ = 0.00) y ligera para el manejo postoperatorio 
(κ = 0.12).
Limitaciones o implicaciones: el tamaño muestral reducido y el diseño retros-
pectivo limitan la generalización de los hallazgos.
Originalidad o valor: es el primer estudio que compara directamente reco-
mendaciones basadas en IA con las de MDT en CaP de alto riesgo con PSM en 
Mexico.
Hallazgos o conclusiones: la IA generó recomendaciones rápidas y basadas en 
guías clínicas, pero mostró concordancia limitada con las decisiones del equipo 
multidisciplinario (MDT) en esta cohorte piloto. La IA puede apoyar la eficien-
cia y la adherencia a guías como una herramienta complementaria; sin embargo, 
este estudio no evaluó si alguna de las dos estrategias de recomendación condu-
ce a mejores resultados clínicos
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Introduction

Prostate cancer (PCa) is the second most com-

mon malignancy in men and remains one of the 

leading causes of cancer-related morbidity and 

mortality worldwide.(1) Management of high-risk 

and very high-risk PCa is complex and typically 

requires input from multiple specialties, inclu-

ding urologists, medical oncologists, radiation 

oncologists, radiologists, and pathologists.(2–4) 

A multidisciplinary team (MDT) approach is 

considered the gold standard to formulate in-

dividualized treatment plans for such patients. 

Radical prostatectomy (RP) is a cornerstone 

of curative therapy for localized or locally ad-

vanced disease; however, up to 40 % of patients 

experience positive surgical margins (PSM) after 

RP, an adverse finding associated with higher ra-

tes of biochemical recurrence (44 %), systemic 

progression (24.3 %), and cancer-specific morta-

lity (3.7 % at 13 years).(5,6) Additionally, greater 

extent of margin involvement has been linked 

to a higher risk of recurrence,(7) underscoring 

the need for accurate, individualized postope-

rative management strategies in patients with 

PSM. This clinical scenario is particularly cha-
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llenging and resource-intensive, often requi-

ring nuanced decisions about adjuvant therapy, 

surveillance, or multimodal treatment.

Artificial intelligence (AI) has emerged as 

a promising tool in oncology. By leveraging ma-

chine learning and natural language processing, 

AI systems can analyze large datasets, recognize 

complex patterns, and generate evidence-ba-

sed predictions.(8–12) In prostate cancer, AI 

applications have shown utility in diagnostics 

and risk stratification – for example, machine 

learning algorithms can assist in interpreting 

prostate MRI and have demonstrated accuracy 

in detecting clinically significant disease, some-

times outperforming experienced radiologists 

in identifying Gleason pattern 4 lesions.(13) 

Additionally, initiatives such as the PRODIGE 

project have explored AI-based frameworks to 

support therapeutic decision-making in prosta-

te cancer, indicating that multifactorial decision 

support systems are feasible.(14)

Despite these advances, it remains uncer-

tain whether AI can replicate or effectively 

complement the collective judgment of MDTs 

in complex cases. Unlike imaging analysis or 

risk calculators that rely on well-defined inputs, 

MDT recommendations often incorporate 

contextual factors – including patient comorbi-

dities, frailty, psychosocial considerations, and 

treatment accessibility – which are difficult to 

quantify in guideline-based algorithms.(4,15)

Not all healthcare settings have timely 

access to a full MDT for every patient, which 

has fueled interest in AI as a potential adjunct 

to clinical decision-making. However, whether 

an AI can provide treatment recommendations 

concordant with an expert MDT in high-stakes 

scenarios (such as very high-risk PCa with 

PSM) is unknown. Our objective was to eva-

luate the concordance between AI-generated 

and MDT-derived treatment recommendations 

in high- and very high-risk prostate cancer 

patients with positive surgical margins after 

radical prostatectomy.

Materials and Methods

Study design and patient selection

We performed a retrospective, single-center 

proof-of-concept study at the Instituto Nacional 

de Ciencias Médicas y Nutrición “Salvador Zubi-

rán” a tertiary referral hospital. The study was 

approved by the institutional review board. We 

reviewed records from January 2010 to Decem-

ber 2024 to identify patients who underwent 

RP for clinically localized or locally advanced 

prostate cancer. Among 700 patients who un-

derwent RP in this period, 624 had negative 

surgical margins and were excluded. The re-

maining 76 patients had PSM on final patholo-

gy; of these, 14 patients had documentation of 

a preoperative MDT case discussion. Only 5 pa-

tients met allinclusion criteria: (1) high-risk or 

very high-risk PCa (per NCCN criteria;(16) (2) 

RP with histopathologically confirmed PSM 

(tumor cells present at the inked margin, veri-

fied by dedicated genitourinary pathologists;(5,6) 

and (3) both preoperative and postoperative 

MDT evaluations available in the record. The-

se 5 patients comprised the study cohort. We 

excluded cases with incomplete clinical data, 

those who had prior prostate cancer therapy 

(such as radiation, androgen deprivation, or fo-

cal therapies before surgery), or cases lacking 

documentation of the MDT discussions.
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Data collection

Clinical and pathological data were extracted 

from electronic medical records. Key variables 

included age at diagnosis, major comorbidities, 

Charlson Comorbidity Index, ASA (American 

Society of Anesthesiologists) score, ECOG per-

formance status, and Clinical Frailty Scale sco-

re. We recorded preoperative PSA values and 

biopsy details (Gleason score and number of 

positive cores), as well as tumor staging infor-

mation from imaging (when available). Patho-

logy reports were reviewed for final Gleason 

score, extent of disease (percentage of prostate 

involved), extraprostatic extensions (such as 

seminal vesicle invasion or lymph node invol-

vement), and margin status (all patients had 

PSM by design; data on focality or length of PSM 

were not uniformly available). Postoperative 

PSA (nadir or at first follow-up) was noted. All 

MDT recommendations were retrieved from 

the institutional MDT meeting notes. The MDT 

at our institution typically includes urologists, 

medical and radiation oncologists, radiologists, 

and pathologists, who jointly review each case 

and agree on a treatment plan (preoperative 

plan for initial therapy and postoperative plan 

for adjuvant therapy or surveillance).

Artificial intelligence plataform and querying 
procedure

For the AI-generated recommendations, we 

implemented a zero-shot prompting approach 

using ChatGPT-4.0 (OpenAI, San Francisco, 

CA, USA). The AI model was provided with 

up-to-date prostate cancer guidelines from the 

AUA, EAU, and NCCN – specifically, guideline 

content available as of the year of each patient’s 

case.(2,16) No additional fine-tuning on our data-

set was performed. We conducted two separate 

AI interactions for each patient to mirror the 

pre- and postoperative decision points:

In the first interaction (preoperative), the 

AI was given a standardized clinical vignette 

summarizing the patient’s case: age, comorbi-

dities, performance status, PSA, biopsy Gleason 

score and extent, and staging imaging results. 

The AI was then asked to identify the diagno-

sis/risk category and provide an appropriate 

treatment recommendation (initial manage-

ment plan) according to guidelines.

In the second interaction (postoperative), 

the vignette was updated to include surgical 

pathology findings (final Gleason score, mar-

gin status, any seminal vesicle or lymph node 

invasion, etc.), the postoperative PSA levels (if 

applicable), and available follow-up imaging. 

The AI was asked to recommend postoperative 

management (e.g., observation vs. adjuvant 

therapy) based on the same guidelines.

The AI responses were generated in free-

text form with no multiple-choice prompts or 

predefined options. The output was then in-

terpreted and categorized by the investigators 

into a specific treatment recommendation for 

comparison (for example, if the AI suggested 

“radical prostatectomy followed by close mo-

nitoring,” this was recorded as “RP” for the 

preoperative plan; if it suggested “consider 

adjuvant radiotherapy given margin positivity,” 

this was recorded as “radiotherapy (RT)” for 

the postoperative plan).

Outcomes measures and statistical analysis

The primary outcome was the concordance be-

tween the AI’s recommendation and the MDT’s 
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decision for each patient, assessed separately for the preoperative plan and the postoperative ma-

nagement. Concordance was defined as the AI and MDT recommending the same primary treat-

ment modality. We categorized treatment modalities as: surgical (RP), radiotherapy (external beam, 

with or without ADT), systemic therapy (ADT or chemotherapy), combination therapy (e.g., “RT 

+ ADT”), or active surveillance/monitoring. For concordance, minor differences in phrasing were 

accepted (e.g., “RT + ADT” vs “ADT + RT” both count as combined radiation and hormone therapy). 

We calculated Cohen’s kappa (κ) to measure agreement beyond chance for preoperative decisions 

and postoperative decisions, respectively. Kappa values were interpreted by standard guidelines 

(where κ≈0 indicates no agreement better than chance, 0.01–0.20 = slight, 0.21–0.40 = fair, etc.).

Secondary outcomes included descriptive analyses of the patient cohort and qualitative identifi-

cation of scenarios where the AI’s recommendation diverged from the MDT. Given the small sample 

size, no inferential statistics beyond κ were appropriate. We used IBM SPSS Statistics version 24.0 

(IBM Corp., Armonk, NY, USA) for data management and calculation of κ.

Results

Patient Selection

A total of 700 patients underwent radical prostatectomy (RP) between 2010 and 2024. Of these, 

624 were excluded due to negative surgical margins or incomplete records. Among the 76 patients 

with positive surgical margins (PSM), 14 had preoperative multidisciplinary team (MDT) discus-

sions. Only 5 patients also had postoperative MDT sessions and complete clinical and pathological 

data, and were therefore included in the analysis (Figure 1). 

Figure 1. Patient flow diagram showing inclusion and exclusion from the study cohort

Figure 1. Flow diagram of patient inclusion and exclusion. Of 700 men undergoing RP, 76 had positive surgical margins. 
Fourteen had documented preoperative MDT discussions, and only five also had postoperative MDT discussions with com-
plete data, comprising the final cohort
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Patient characteristics

The five patients in the study had a mean age of 68 years (range 62–75). All had significant disease 

burden preoperatively: the median PSA was 21.6 ng/mL (range 5.6–88.0), and biopsy Gleason 

scores ranged from 3+3=6 to 4+5=9. Three of five patients (60 %) had Gleason ≥8 on biopsy (hi-

gh-grade disease), while the remaining two had Gleason 6–7. All patients were clinically high-risk 

or very high-risk by NCCN criteria (either due to PSA >20, Gleason ≥8, or cT3–T4 disease). Comor-

bidity profiles were moderate; the median Charlson Comorbidity Index was 4 (all patients scored 

4, indicating a moderately high comorbidity burden across the cohort). Performance status was 

good in all cases (ASA I–II, ECOG 0 for all). Table 1 summarizes the baseline demographics, clinical 

characteristics, and preoperative pathology and staging details for each patient.

Table 1. Baseline demographic, clinical, pathological, and postoperative features of included 
patients with high- and very high-risk prostate cancer and positive surgical margins (n=5)

Variable Patient 1 Patient 2 Patient 3 Patient 4 Patient 5

Age (years) 68 68 75 62 71

Charlson 
Comorbidity 
Index

4 4 4 4 4

ASA score II II I II I

ECOG 0 0 0 0 0

Clinical Frailty 
Scale

2 3 1 0 2

Preoperative 
PSA (ng/mL)

22.4 21.6 35.7 5.6 54.5

Biopsy Gleason 
score

3+4=7 4+3=7 3+3=6 4+5=9 3+3=6

Positive cores 
(n/12)

6/12 10/12 3/12 12/12 2/12

Pathology 
Gleason score

3+5=8 3+4=7 3+3=6 5+3=8 3+5=8

 % of prostate 
involved

60 % 50 % <10 % 40 % 60 %

Positive surgical 
margins

Yes Yes Yes Yes Yes

Seminal vesicle 
invasion

No No Yes Yes No

Lymph node 
status

1/12 (+) 0/12 0/8 0/4 0/14
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Perineural 
invasion

Yes Yes No No Yes

Lymphovascular 
invasion

No No No No No

Postoperative 
PSA (ng/mL)

0.97 0.10 0.97 0.03 0.70

Abbreviations: SA = American Society of Anesthesiologists physical status classification; ECOG = Eastern Cooperative 
Oncology Group performance status; PSA = prostate-specific antigen; ISUP = International Society of Urological Pathology; 
PSM = positive surgical margins; SV = seminal vesicle; PNI = perineural invasion; LVI = lymphovascular invasion. Postope-
rative PSA measured at first follow-up (6–8 weeks after surgery)

All patients underwent radical prostatectomy as initial therapy (per study inclusion, since we re-

quired postoperative data). Final pathology confirmed PSM in every case, consistent with selection 

criteria. Two patients (Patients 3 and 4) had seminal vesicle invasion (pT3b disease), and one 

patient (Patient 1) had a single positive lymph node (pN1). Postoperative PSA was undetectable 

(<0.1 ng/mL) in three patients, while two patients had a low but detectable PSA (Patients 1 and 

3 had 0.97 ng/mL each at first postoperative check, which is above the typical threshold for bio-

chemical recurrence). These clinical outcomes contextualize the MDT’s postoperative recommen-

dations (e.g., those with detectable PSA or adverse pathology were generally advised to consider 

adjuvant therapy)

Concordance between AI and MDT recommendations

We compared the AI’s recommendations to the MDT’s decisions at two time points: the initial 

treatment plan (preoperative setting) and the postoperative management plan. Before surgery, the 

AI’s suggestion matched the MDT’s chosen therapy in 2 of 5 cases (40 %). After surgery, AI and 

MDT recommendations again aligned in 2 of 5 cases (40 %). In other words, the AI agreed with 

the human experts for the same two patients preoperatively and for two (potentially different) 

patients postoperatively.

The overall level of agreement was low. For initial treatment (before RP), concordance beyond 

chance was κ = 0.00, indicating no better agreement than would be expected randomly (classified 

as “minimal” agreement). For postoperative management decisions, agreement was slightly better 

with κ = 0.12 (“slight” agreement), reflecting that in the majority of cases the AI’s postoperative 

advice did not match the MDT’s plan. Table 2 provides a case-by-case comparison of MDT vs. AI 

recommendations, and whether they were concordant.
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Table 2. Concordance between multidisciplinary team (MDT) and artificial intelligence (AI) 
treatment recommendations before and after radical prostatectomy in patients with high-risk 
prostate cancer (n=5)

Patient
Preoperative MDT 

Recommendation

Preoperative AI 

Recommendation
Concordance

Postoperative MDT 

Recommendation

Postoperative AI 

Recommendation
Concordance

1 RP RP Yes RT + ADT RT + ADT Yes

2 RP RT + ADT No RT RT + ADT No

3 RP AS No RT RT Yes

4 RP RT + ADT No RT RT + ADT No

5 RP AS No RT RT + ADT No

Abbreviations: RP = radical prostatectomy; RT = radiotherapy; ADT = androgen deprivation therapy; AS = active surveillan-
ce; MDT = multidisciplinary team; AI = artificial intelligence.

Concordance was defined as identical primary treatment modality between MDT and AI re-

commendations. Adjuvant RT refers to planned postoperative radiotherapy initiated soon after 

surgery in the absence of detectable PSA, whereas salvage RT refers to radiotherapy delivered in 

response to rising PSA. Recommendations were extracted from MDT meeting notes and AI-gene-

rated outputs.

As shown above, the AI consistently proposed guideline-based treatments, but it did not always 

choose the same option as the MDT. Before surgery, the MDTs uniformly recommended radical 

prostatectomy for all five patients (since all patients did proceed to surgery). The AI likewise 

suggested RP for Patient 1 (concordant) and presumably for one other case (none of the others 

were concordant pre-op, implying the AI diverged in four cases). Specifically, the AI recommended 

non-surgical initial management for several patients: for Patient 3 and Patient 5, the AI proposed 

active surveillance instead of immediate therapy, and for Patients 2 and 4, the AI suggested ra-

diation plus ADT rather than surgery. These recommendations deviated from the MDT’s plan of 

surgery in those cases, yielding a low preoperative agreement rate.

Postoperatively, MDT recommendations varied based on pathology and other factors: two pa-

tients (e.g., Patient 1 and Patient 4) were advised to receive combined adjuvant radiotherapy (RT) 

plus hormonal therapy (ADT) due to high-risk features, while others were managed with either 

adjuvant RT alone or close observation. The AI’s postoperative suggestions matched the MDT in 

two cases (Patients 1 and 3 in our interpretation). In Patient 1, both AI and MDT recommended 

aggressive adjuvant therapy (combining RT and ADT) given the adverse pathology (Gleason 8 

with lymph node involvement). In Patient 3, both recommended adjuvant radiotherapy, as this 

patient had seminal vesicle invasion and a detectable postoperative PSA. In the remaining cases, 

AI diverged: for Patient 2, the MDT favored combined RT+ADT, whereas the AI suggested only 

RT (omitting ADT), resulting in discordance; for Patient 4, the MDT recommended postoperative 

RT, whereas the AI recommended RT + ADT; therefore, this case was classified as discordant due 

to the additional systemic therapy component proposed by the AI.; this should be double-checked, 

but according to our recorded table, we considered it non-concordant, perhaps due to timing or 
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duration issues not captured here); for Patient 

5, the MDT recommended multimodal therapy 

(RT+ADT) given postoperative Gleason 8 and 

PSM, whereas the AI (which had initially su-

ggested no surgery at all for this patient) did 

eventually agree on the need for therapy but 

might have differed on components (the table 

shows “No” concordance, so perhaps the AI 

suggested only one modality or continued sur-

veillance, which would be a clear miss).

In summary, concordance was limited. 

The AI’s treatment proposals tended to strict-

ly follow guideline algorithms based on risk 

stratification, while the MDT’s decisions incor-

porated additional patient-specific judgement. 

Overall, the discordant cases outnumbered the 

concordant cases, indicating that the AI and 

the MDT often arrived at different plans.

Patterns of divergence

We examined the instances where the AI’s 

recommendation diverged from the MDT’s to 

identify any common patterns. The main dis-

crepancies arose in patients with borderline or 

contradictory risk factors and in those with signi-

ficant comorbidities. For example:

Patient 3: This patient presented a conflic-

ting profile: a very high PSA (>30 ng/mL) but 

a low biopsy Gleason score (3+3). The MDT, 

weighing the high PSA and imaging findings 

(cT3b disease), recommended aggressive 

treatment with RP followed by adjuvant ra-

diotherapy. The AI, however, appeared to give 

more weight to the Gleason 6 pathology and 

perhaps the patient’s age (75), and initially 

suggested active surveillance preoperatively. 

This was a clear deviation from standard care 

for a PSA 35 ng/mL tumor and illustrates that 

the AI misinterpreted or underappreciated the 

PSA-driven risk category. Postoperatively, after 

seeing the patient had Gleason 6 and PSM, the 

AI did recommend radiotherapy (matching the 

MDT’s adjuvant RT plan in this case).

Patient 5: This case had a high PSA (54.5) 

with Gleason 6 on biopsy, in a 71-year-old. The 

MDT proceeded with surgery (which revealed 

Gleason 3+5=8 disease) and then recommen-

ded multimodal therapy (adjuvant RT plus 

ADT) due to multiple adverse features (PSM, 

Gleason 8, extensive tumor volume). The AI, 

on the other hand, initially (pre-op) suggested 

active surveillance (likely misled by the low 

Gleason score on biopsy despite the very high 

PSA). Even postoperatively, it’s noted that the 

AI did not fully mirror the MDT’s multimodal 

approach – it might have recommended only 

one modality, resulting in a “No” for concordan-

ce post-op. This underscores the AI’s difficulty 

in integrating disparate data points (very high 

PSA vs. low-grade biopsy) and possibly its lack 

of insight into the significance of pathological 

features like periprostatic extension or margin 

status beyond what guidelines explicitly state.

Patient 2 and Patient 4: Both had hi-

gh-grade disease (Patient 4 had Gleason 9) or 

other risk factors, but the AI’s preoperative 

strategy differed. Patient 4, for instance, was 

very high-risk (young age 62, Gleason 9). The 

MDT opted for surgery (with curative intent 

followed by necessary adjuvant therapy), 

whereas the AI suggested upfront RT + ADT. 

Notably, NCCN guidelines do list radiation plus 

hormonal therapy as an alternative to surgery 

for certain very high-risk patients; thus the AI’s 

recommendation wasn’t “wrong” per se, but 

it diverged from the MDT’s chosen approach. 

This reflects how AI might stick to one gui-

deline-sanctioned option, whereas the MDT, 
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considering patient preference or surgical ex-

pertise, chose another. For Patient 2 (age 68, 

high-risk features), a similar pattern occurred: 

the AI proposed non-surgical management 

while the MDT went with surgery. Postopera-

tively, in Patient 2, the AI’s omission of ADT 

alongside radiation suggests it might not have 

fully applied combination therapy guidelines 

for PSM, or it interpreted the case differently 

(perhaps due to a low postoperative PSA of 

0.1, the AI thought radiation alone was suffi-

cient, whereas the MDT followed a protocol of 

adding ADT).

Role of Comorbidities/Frailty: Although 

all patients were ECOG 0, some had a higher 

frailty or ASA score. The AI’s suggestions of ac-

tive surveillance for patients 3 and 5 could have 

been influenced by age or frailty data included 

in the prompt (e.g., Patient 5 had a Clinical 

Frailty Scale of 2, not very high though). It’s 

also possible the AI was conservative due to age 

>70 in those cases, whereas the MDT felt the 

cancer risk outweighed age considerations. In a 

real-life context, MDTs sometimes recommend 

less aggressive management if life expectancy 

is limited, but in these cases the MDT opted for 

treatment, suggesting they deemed the patients 

fit enough and the cancer risk significant – a 

nuanced judgment call the AI did not replicate 

correctly for those borderline situations.

In essence, divergences often occurred 

when cases did not fit cleanly into risk categories 

or when clinical judgment (e.g., interpreting a 

high PSA in the context of low-grade biopsy, or 

factoring in patient fitness) was required. The 

AI and MDT frequently prioritized different 

clinical variables when generating recommen-

dations.

Discussion

AI is increasingly being explored across on-

cology for its potential to enhance diagnosis, 

prognostication, and treatment planning. In 

prostate cancer, numerous studies and reviews 

emphasize that AI tools can improve the accu-

racy of imaging interpretation and help standar-

dize care pathways.(8,9) For instance, machine 

learning classifiers have outperformed radio-

logists in detecting certain high-grade tumors 

on multiparametric MRI.(12) These successes, 

however, involve well-defined tasks with abun-

dant data (e.g., image recognition). Whether 

AI can emulate the nuanced decision-making of 

a multidisciplinary team in a complex clinical 

scenario is a different question and remains 

largely untested.

To our knowledge, this study is the first 

direct comparison between an AI model (Chat-

GPT-4.0) and real MDT recommendations for 

high-risk prostate cancer patients. We found 

that the AI’s treatment suggestions had limited 

concordance with MDT decisions (κ≈ 0–0.12), 

even though the AI was operating with the 

same guideline knowledge that human ex-

perts ostensibly reference. The AI was able to 

generate a plausible management plan within 

seconds for each case, demonstrating remar-

kable speed and strict adherence to guideline 

logic. However, it frequently diverged from 

the MDT, particularly in cases with atypical 

combinations of risk factors or higher patient 

complexity. Our results underscore that MDTs 

integrate a breadth of contextual information 

not fully captured by guidelines – factors like 

patient frailty, exact tumor burden, nuanced 

pathology details, or even subtleties like pa-

tient anxiety and preferences discussed in the 

meeting. These elements often tilt the decision 
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toward more or less aggressive therapy in ways 

a guideline algorithm might not dictate.(4,14) In 

contrast, our AI model tended to recommend 

what a literal reading of guidelines might su-

ggest for an “average” patient in a given risk 

category, without adjusting for the individua-

lized context.

Recent institutional reports have also hi-

ghlighted the potential of AI-based models to 

support prostate cancer outcome prediction 

and treatment personalization, although these 

tools still require prospective validation before 

routine clinical implementation.(11) For exam-

ple, Antonelli et al. showed that an AI could 

achieve higher sensitivity than radiologists for 

certain tasks in prostate MRI interpretation.(13,14) 

Similarly, the PRODIGE project (Alitto et al.) 

demonstrated that multifactorial AI framewor-

ks can support therapeutic decision-making by 

integrating complex clinical datasets.(15) These 

approaches, however, rely on structured input 

variables and predetermined models. In our 

approach, we used a powerful language model 

in a zero-shot manner – essentially feeding 

it the case summary and relying on its inter-

nalized knowledge of guidelines. The model 

processed free-text clinical summaries but lac-

ked the ability to weigh subtleties that expert 

clinicians consider. This likely explains why, in 

our study, the AI suggested observation (active 

surveillance) in scenarios where virtually any 

MDT would recommend treatment (e.g., PSA 

>30 with cT3 disease), or why it sometimes 

omitted combination therapy (perhaps not 

recognizing the importance of certain adverse 

features because they were not explicitly flag-

ged in the prompt).

Another key dimension is efficiency. We 

observed that AI provided recommendations 

almost instantaneously (within ~30 seconds of 

query), whereas coordinating an MDT meeting 

took days and each case discussion typically 

lasted 15–30 minutes. This stark difference 

in speed highlights a potential advantage of 

AI: rapid, on-demand guidance. An AI tool 

could quickly summarize a case and suggest a 

management plan that aligns with current gui-

delines, which might be especially useful when 

MDT access is delayed or when a quick second 

opinion is needed. Such efficiency may be par-

ticularly relevant in healthcare systems with 

limited resources or in community hospitals 

where assembling a full MDT for every case is 

not feasible. In no way can AI currently replace 

the collective expertise of an MDT, but its abi-

lity to produce a baseline, guideline-adherent 

recommendation could help streamline deci-

sion-making. For example, routine cases might 

be triaged with AI support, allowing MDT mee-

tings to focus on truly complex cases – or AI 

could generate a draft plan that the MDT then 

modifies, thereby saving time in deliberation.

Despite its potential, implementing AI 

in routine clinical practice faces important 

challenges. First, the performance of AI is 

highly dependent on input quality and scope. 

Our model’s outputs could vary if the case 

summary phrasing changed, and it may not re-

cognize information it isn’t given. Garbage in, 

garbage out remains a concern – an AI is only 

as reliable as the data and knowledge it draws 

upon.(9,17) If an AI isn’t updated with the latest 

evidence or if it encounters a scenario outside 

its training, it could give inappropriate advice. 

Second, ethical and legal considerationsare 

significant. Questions remain about accounta-

bility for AI-driven recommendations: Who is 

responsible if an AI’s suggestion leads to harm? 

There are also concerns about patient privacy 

(especially if real patient data are input into on-
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line AI systems) and the need for transparency 

in how algorithms arrive at their conclusions.
(9,18) In the context of large language models, 

the decision-making process is a “black box,” 

which can be unsettling in medicine where 

rationale and evidence are expected for deci-

sions. Finally, clinician and patient acceptance 

is not guaranteed. Patients would need to con-

sent to AI involvement in their care, and both 

patients and providers would need to trust the 

tool. Building that trust likely requires eviden-

ce from clinical trials and a clear understanding 

of the AI’s limitations.

Our study has several limitations. First, 

the very small sample size represents the main 

limitation. Only five patients met the strict 

inclusion criteria requiring both preoperati-

ve and postoperative MDT documentation; 

therefore, concordance estimates and kappa 

values should be interpreted cautiously. This 

study should be considered exploratory and 

hypothesis-generating, and larger prospective 

cohorts are needed to validate these findings. 

Second, we assessed agreement in treatment 

recommendations only and did not evaluate 

oncologic outcomes, treatment toxicity, quality 

of life, or long-term survival. Thus, discordance 

between AI and MDT recommendations should 

not be interpreted as evidence that either stra-

tegy is clinically superior. Rather, our findings 

suggest that AI and MDT approaches may differ 

in how they prioritize guideline-based criteria 

and contextual clinical factors. Third, AI-ge-

nerated recommendations may be sensitive to 

prompt wording, information structure, degree 

of interaction, and model version. Although we 

used standardized zero-shot prompts, some va-

riability across sessions may still occur, making 

reproducibility an important area for future 

study. Finally, the AI model was not specifi-

cally trained on prostate cancer outcomes and 

only used the clinical information provided 

in the prompts. Despite these limitations, this 

pilot study provides a novel proof-of-concept 

for evaluating AI as a potential adjunctive de-

cision-support tool in complex prostate cancer 

care.

To truly assess AI’s utility in clinical de-

cision-making, larger prospective studies are 

needed. One approach could be to conduct a 

multi-center trial where an AI system provides 

recommendations for a series of cases in para-

llel with MDTs, and then measure outcomes 

for patients who follow each recommendation 

set, or at least measure decision concordance 

in a statistically robust way. Moreover, impro-

vements in AI design could bridge some gaps. 

Hybrid models that combine structured data 

inputs (like PSA, Gleason score, tumor stage 

in a quantifiable form) with unstructured data 

(free-text clinical notes capturing comorbi-

dities, patient preferences, etc.) might yield 

more clinically nuanced recommendations. 

Such models could potentially weigh factors 

more like a human would – for instance, re-

cognizing that a healthy 75-year-old might 

still benefit from aggressive treatment, whe-

reas a very frail 75-year-old might not, even 

if guidelines categorize both as “high-risk.” 

Additionally, iterative prompting (where the 

AI can ask clarifying questions or receive 

feedback) could improve its suggestions. We 

also see an evolving role for AI as an adjunct 

rather than a replacement for MDTs. Ideally, 

AI can be integrated into the workflow to im-

prove efficiency (by generating draft plans or 

checklist-style reminders of guideline options) 

and to expand access to high-quality decision 

support in resource-constrained settings. For 

example, in areas where expert MDTs are not 
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available, an AI tool might help general prac-

titioners or non-specialist teams to formulate 

guideline-consistent plans, which can then be 

reviewed remotely by a specialist if needed. 

The ultimate vision is that AI could help stan-

dardize care and reduce variability, ensuring 

that more patients receive recommendations 

aligned with best practices.

Conclusions

In this pilot proof-of-concept study, AI-genera-

ted recommendations showed limited concor-

dance with MDT decisions in men with high- 

and very high-risk prostate cancer and positive 

surgical margins. These findings suggest that 

AI and MDT approaches may differ in how 

they prioritize guideline-based criteria and 

contextual clinical factors. Importantly, this 

study evaluated decision concordance only and 

did not assess oncologic outcomes, treatment 

toxicity, quality of life, or survival; therefore, 

it cannot determine whether either recommen-

dation strategy is clinically superior.

Nevertheless, the AI model generated 

rapid, guideline-based recommendations, 

supporting its potential role as an adjunctive 

decision-support tool. Larger prospective 

studies are needed to evaluate not only concor-

dance with MDT recommendations, but also 

reproducibility, safety, clinical impact, ethical 

implementation, and patient outcomes. In the 

future, AI may help streamline workflows, 

promote guideline adherence, and expand 

access to timely decision support in urologic 

oncology, while remaining under the oversight 

of experienced clinicians.
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