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Abstract

Objectives: This study evaluated concordance between physicians’ decisions and recommendations generated by a
large language model (LLM) in breast cancer management and explored factors associated with discordance.
Methods: In this study, 101 patients with breast cancer were evaluated. Anonymized clinical data were entered into
Chat Generative Pre-trained Transformer (GPT) 5.5 to generate treatment recommendations based on National Com-
prehensive Cancer Network (NCCN) and/or European Society for Medical Oncology (ESMO) guidelines. Concordance
between physician decisions and artificial intelligence-generated (Al-generated) recommendations was classified as
full, partial, or non-concordant. Descriptive statistics and exploratory multivariable logistic regression analyses were
performed.

Results: The median age was 53 years (IQR, 45-62). Disease stage was Stage |-l in 70 patients (69.3%), Stage Ill in 20
(19.8%), and metastatic in 11 (10.9%). Full concordance was observed in 83 patients (82.2%), while partial concordance
occurred in 18 (17.8%); no cases of complete non-concordance were identified. Partial/non-concordance was more
frequent in metastatic disease than in earlier-stage disease (45.5% vs. 12.9-20.0%; p=0.031). In multivariable analysis,
HER2 (human epidermal growth factor receptor 2) positive disease (adjusted OR, 3.71; 95% Cl (confidence interval),
1.09-12.65; p=0.036) and the 2024-2025 guideline period (adjusted OR, 4.73; 95% Cl, 1.26-17.78; p=0.022) were inde-
pendently associated with partial/non-concordance.

Conclusion: High overall concordance was observed between physician decisions and Al recommendations. Discor-
dance was more common in particularly metastatic disease and periods of evolving treatment guidelines. Further pro-
spective validation is required before routine clinical implementation.
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reast cancer is one of the most frequently diagnosed

malignancies worldwide!™ and requires individualized
treatment planning based on disease stage, tumor biology,
patient characteristics, prior therapy, and treatment availabil-
ity International guideline frameworks, such as National
Comprehensive Cancer Network (NCCN) recommendations,
provide structured, evidence-based pathways for managing
breast cancer.® However, real-world oncology decisions of-
ten require interpretation beyond algorithmic recommenda-
tions because comorbidities, frailty, treatment tolerance, re-
imbursement restrictions, local drug availability, and patient
preferences may influence the final therapeutic plan.**

Large language models (LLMs) have recently emerged as po-
tential tools for clinical decision support. In oncology, LLMs
may help summarize guideline-based options, structure com-
plex clinical information, and provide second-opinion-style
recommendations.® Early evaluations in breast cancer man-
agement have demonstrated variable, yet frequently en-
couraging, concordance between LLM-generated recom-
mendations and multidisciplinary tumor board decisions.”
Retrieval-augmented generation (RAG)-enhanced systems
have also been explored to improve guideline anchoring and
efficacy in tumor board decision support.?!

Despite this promise, LLM outputs remain prompt-dependent
and vulnerable to incomplete clinical context. Recent studies
have emphasized that LLMs are not ready for autonomous
clinical decision-making, particularly because they may fail
to follow instructions, be sensitive to input order and quanti-
ty, and not reliably adhere to clinical guidelines in real-world
workflows."” Consequently, interpreting concordance neces-
sitates professional caution, as Al-generated recommenda-
tions may be inaccurate™; thus, agreement with a physician’s
decision does not invariably prove optimality, nor does dis-
agreement automatically indicate inappropriate care.'?

The present retrospective pilot study evaluated concor-
dance between real-world physician treatment decisions
and ChatGPT-generated recommendations for breast can-
cer. A historical guideline-matching strategy was used to
reduce the risk of evaluating earlier treatment decisions
against more recent therapeutic standards. In response to
the evolving HER2-low treatment paradigm!), HER2 status
was also reported using detailed Immunohistochemistry/
in situ hybridization (IHC/ISH) categories. Moreover, limita-
tions regarding the separate assessment of HER2-ultralow
disease were acknowledged.

Methods

Study design and population

This single-center retrospective pilot study was conducted
at the Medical Oncology Clinic of Ordu State Hospital. All

physician treatment decisions included in the analysis rep-
resented real-world treatment plans originally document-
ed by the same treating medical oncologist at the study
center during routine clinical care. Patients diagnosed
with breast cancer and treated with systemic therapy,
with treatment planning estimated to span 2021 to 2025,
were included. Ethics approval was obtained for retrospec-
tive analysis of anonymized clinical data (Ordu University
Non-Interventional Clinical Research Ethics Committee,
no: 318, date: 26.09.2025) and for Al-assisted evaluation of
treatment decision concordance. Notably, the institutional
ethics protocol did not specify a particular large language
model version for the analysis.

Inclusion criteria were histopathologically confirmed
breast cancer, receipt of systemic therapy, availability of
hormone receptor and HER2 status, and adequate clinical
follow-up data. Exclusion criteria were incomplete essential
clinical or molecular data, insufficient follow-up, lack of sys-
temic treatment, or inability to determine the approximate
treatment-planning year.

Data extraction

Demographic, clinical, pathological, molecular, and treat-
ment-related variables were collected retrospectively from
the hospital information management system, electronic
medical records, and archived patient files. Data were ex-
tracted regarding age, menopausal status, diagnosis date,
stage group, metastatic status, histological subtype, grade,
hormone receptor status, HER2 status, Ki-67 index, lym-
phovascular invasion, and genomic assay results (when
available). Systemic treatment components included che-
motherapy, endocrine therapy, anti-HER2 therapy, radio-
therapy, and surgery.

HER2 classification and HER2-low/HER2-ultralow
handling

To address the current HER2-low treatment paradigm,
HER2 status was reported using mutually exclusive cate-
gories: HER2-positive disease was defined as IHC 3+ or IHC
2+/ISH-positive. HER2-low disease was defined as IHC 1+
or IHC 2+/ISH-negative. HER2-zero disease was defined as
IHC 0.4

In the component-level analysis, conventional anti-HER2
treatment concordance was evaluated only among
HER2-positive patients. HER2-low and HER2-zero cases
were excluded from the denominator for conventional an-
ti-HER2 treatment concordance. For cases in contemporary
metastatic treatment periods where HER2-low status could
be therapeutically relevant™, this was considered during
interpretation and discussed as a limitation of historical
guideline matching.
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Al workflow, prompt architecture, and RAG status

Al analyses were conducted in May 2026 using ChatGPT via
the OpenAl web interface. GPT-5.5 was utilized as the avail-
able model. Because the ChatGPT web interface did not
provide a stable, API-style model identifier or snapshot, an
exact endpoint identifier (e.g., a dated API model version)
could not be independently verified. No APl-based auto-
mation, external fine-tuning, local model customization,
external plug-in workflow, vector database, or institutional
data connection was used.

A standardized zero-shot structured prompt was used
across all cases. The standardized Al prompt template used
for all cases is provided in Appendix A. The prompt archi-
tecture comprised four components: (1) role assignment as
a breast cancer oncology decision-support assistant; (2) pa-
tient-level clinical input; (3) historical guideline instruction
requiring the model to use the NCCN and/or ESMO frame-
work corresponding to the estimated treatment-planning
year; and (4) structured output requirements, including a
treatment recommendation and a concordance classifica-
tion. Each patient received one primary Al-generated rec-
ommendation, and repeated prompting or iterative correc-
tion was avoided to reduce output variability.

RAG was not used. No external NCCN/ESMO guideline
documents, uploaded reference libraries, institutional da-
tabases, vector databases, or real-time web retrieval sys-
tems were connected to the model. This design was cho-
sen to evaluate the performance of a broadly accessible,
standardized ChatGPT workflow rather than a customized
guideline-retrieval engine. However, the absence of RAG
limits traceability to specific guideline passages and does
not guarantee complete isolation from contemporary
medical knowledge. This limitation was explicitly acknowl-
edged as a methodological constraint.

Concordance definitions and component-level
analysis

The primary endpoint was concordance between the re-
al-world physician’s treatment decision and the Al-gener-
ated recommendation. Full concordance was defined as
agreement on the core oncologic treatment strategy and
major guideline-based therapeutic components. Partial
concordance was defined as agreement on the general
treatment principle, with differences in regimen, sequenc-
ing, duration, intensity, or component selection. Non-con-
cordance was defined as a major disagreement in treat-
ment strategy or a clear divergence from the historical
guideline-based approach.

Notably, partial concordance and non-concordance were
not considered clinically inappropriate physician treatment.

Real-world divergence from guideline-based recommenda-
tions may be clinically justified by patient age, frailty, comor-
bidities, toxicity concerns, and patient preference.l'®

Component-level concordance was evaluated for defini-
tive surgery, chemotherapy, endocrine therapy, anti-HER2
therapy, and radiotherapy. Components not applicable
to an individual patient were excluded from the compo-
nent-specific denominator.

Interobserver reliability and Al confidence score

Although Cohen’s kappa analysis was planned to assess in-
terobserver agreement, it could not be performed because
the available dataset lacked separate blinded patient-lev-
el concordance classifications from two independent
reviewers. Therefore, concordance categories were re-
ported based on the available clinical evaluation and con-
sensus-based assessment rather than a formal quantitative
interobserver reliability analysis. Cohen’s kappa requires in-
dependent categorical ratings from exactly two reviewers
for each case; the absence of such data is a methodological
limitation.!”!

Given the absence of a prospectively generated model-de-
rived confidence score within the original dataset, a post
hoc rule-based proxy Al confidence score was developed
for exploratory purposes. The score ranged from 0 to 10
and incorporated completeness of patient-level data, clar-
ity of guideline-based recommendations, and degree of
clinical ambiguity. Confidence categories were defined as
high (=8.0), intermediate (6.0-7.9), and low (<6.0).

Statistical analysis

Continuous variables were summarized as meanz+standard
deviation or as median with interquartile range, as appro-
priate. Categorical variables were presented as frequen-
cies and percentages. Group comparisons were performed
using chi-square or Fisher’s exact tests for categorical vari-
ables and Mann-Whitney U tests or independent samples
t-tests for continuous variables, as appropriate. Exploratory
multivariable logistic regression was conducted to identify
factors associated with partial concordance versus full con-
cordance. Given the pilot design and the limited number of
partial-concordance events, the model was restricted to a
small set of clinically relevant variables (age, HER2 positivity,
metastatic disease, and guideline period 2024-2025). Re-
gression findings were interpreted as hypothesis-generat-
ing rather than confirmatory. A two-sided p-value <0.05 was
considered statistically significant. Statistical analyses were
performed using Python version 3.13.5 (Python Software
Foundation, Wilmington, DE, USA). Data management and
descriptive analyses were conducted using pandas version
2.2.3 and NumPy version 2.3.5. Inferential statistical analyses
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were performed using SciPy version 1.17.0, while multivari-
able logistic regression was conducted using statsmodels
version 0.14.6. The forest plot displaying the adjusted odds
ratios was generated using Matplotlib version 3.10.8.

Results

Patient characteristics

A total of 101 patients were included in the analysis. The
mean age was 53.4+12.2 years, and the median age was 53
years (IQR, 45-62; range, 26-83). Furthermore, 68 patients
(67.3%) were postmenopausal, whereas 33 (32.7%) were
premenopausal. Stage |-l disease was observed in 70 pa-
tients (69.3%), Stage lllin 20 (19.8%), and Stage IV/metastatic
disease in 11 (10.9%). Moreover, hormone receptor-positive
disease was identified in 73 patients (72.3%) (Table 1).
HER2-ultralow could not be assessed separately because
historical pathology reports did not consistently document
faint, incomplete staining within the IHC 0 category."®

Detailed HER2 distribution

The detailed HER2 categories were evaluated as mutual-
ly exclusive cohorts; moreover, the derived HER2-low row
represents a summary category and was excluded from the
mutually exclusive groupings.

Table 1. Descriptive statistics of the study cohort

Variable Value
Total patients 101
Age (years), median 53 (45-62)
Follow-up duration (months) 39 (32-46)
Stage |-l 70 (69.3%)
Stagel lll 20 (19.8%)
Stage IV/metastatic 11 (10.9%)
Premenopausal 33 (32.7%)
Postmenopausal 68 (67.3%)
Grade 1 13 (12.9%)
Grade 2 56 (55.4%)
Grade 3 31 (30.7%)
Grade unknown 1(1.0%)
HR-positive 73 (72.3%)
HR-negative 28 (27.7%)
HER2-positive 46 (45.5%)
HER2-low 48 (47.5%)
HER2-zero 7 (6.9%)
Triple-negative breast cancer 20 (19.8%)

Overall concordance

Full concordance between physician decisions and Al-gen-
erated recommendations was observed in 83 patients
(n=83; 82.2%; 95% ClI: 73.6-88.4), whereas partial concor-
dance was documented in 18 patients (n=18; 17.8%; 95%
Cl: 11.6-26.4). Notably, no cases of complete non-concor-
dance were recorded in the final analytic dataset (n=0;
0.0%; 95% CI: 0.0-3.7). Consequently, subsequent binary
analyses were restricted to a comparison between full and
partial concordance (Table 2).

Component-level concordance

Components not applicable were excluded from the com-
ponent-specific denominators. In this component-level
framework, conventional anti-HER2 therapy was consid-
ered applicable only for HER2-positive disease (Table 3).

This component-level discordance rate differs from pa-
tient-level concordance analysis, in which HER2-positive
patients were classified according to the overall treatment
strategy rather than anti-HER2 therapy alone. Notably, no
statistically significant difference in concordance with an-
ti-HER2 therapy was identified between IHC 2+/ISH-positive
and IHC 3+ disease (Fisher exact test, p=1.000) (Table 4).

Factors associated with partial concordance

Furthermore, significant variance in concordance was
identified across stage groups (p=0.031). Full concor-
dance (FC) was observed to be lower in metastatic disease
(54.5%) than in Stage I-Il disease (87.1%), and Stage IlI
disease (80.0%). Hormone receptor status was not signifi-
cantly associated with concordance (p=0.144). HER2-pos-
itive patients showed a numerically higher partial concor-
dance (PC) rate than HER2-negative/HER2-low/HER2-zero
patients, although this difference did not reach statistical
significance using Fisher’s exact test (26.1% vs. 10.9%;
p=0.067). Moreover, the distribution of concordance was
found to differ by guideline year (p=0.035), with a higher
partial concordance rate in 2024 (Table 5). Patients with
partial concordance were not statistically significantly
older than those with full concordance (median age: 56
vs. 52 years; p=0.201).

Table 2. Overall concordance distribution and component-level
agreement

Concordance category n % 95% CI
Full concordance 83 82.2 73.6-88.4
Partial concordance 18 17.8 11.6-26.4
Non-concordance 0 0.0 0.0-3.7

HR: Hormone receptor; HER2: Human epidermal growth factor receptor 2.

Cl: Confidence interval.
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Table 3. Concordance of individual treatment components between physician decisions and Al-generated recommendations

Component Applicable (n) Matched (n) (%) Discordant (n) (%)
Definitive surgery 90 86 (95.6%) 4 (4.4%)
Chemotherapy 98 98 (100.0%) 0 (0.0%)
Anti-HER2 therapy 46 39 (84.8%) 7 (15.2%)
Endocrine therapy 73 68 (93.2%) 5 (6.8%)
Radiotherapy 75 75 (100.0%) 0 (0.0%)

HER2: Human epidermal growth factor receptor 2.

Table 4. Concordance of anti-HER2 therapy, stratified by HER2-positive status

HER2-positive subgroup Applicable n Matched n (%) Discordant n (%)
IHC 2+/ISH-positive 9 8 (88.9%) 1(11.1%)
IHC 3+ 37 31 (83.8%) 6 (16.2%)
HER2-positive total 46 39 (84.8%) 7 (15.2%)
IHC: Immunohistochemistry; ISH: In situ hybridization; HER2: Human epidermal growth factor receptor 2.
Table 5. Categorical association tests for full versus partial concordance
Variable Category FCn (%) PCn (%) Total (n) p
Stage group  Metastatic 6 (54.5%) 5 (45.5%) 11 0.031
Stage Il 61 (87.1%) 9 (12.9%) 70
Stage lll 16 (80.0%) 4 (20.0%) 20
HR status Negative 26 (92.9%) 2 (7.1%) 28 0.144
Positive 57 (78.1%) 16 (21.9%) 73
HER2 status ~ HER2-negative/HER2-low/HER2-zero 49 (89.1%) 6 (10.9%) 55 0.067
HER2-positive 34 (73.9%) 12 (26.1%) 46
Guideline 2021 14 (77.8%) 4 (22.2%) 18 0.035
year 2022 29 (87.9%) 4(12.1%) 33
2023 28 (90.3%) 3(9.7%) 31
2024 9 (56.2%) 7 (43.8%) 16
2025 3(100.0%) 0 (0.0%) 3

FC: Full concordance; PC: Partial concordance; HR: Hormone receptor; HER2: Human epidermal growth factor receptor 2.

Exploratory multivariable logistic regression ating (Table 6) (Fig. 1). The dependent variable was par-
tial concordance versus full concordance, and the model
included age, HER2 positivity, metastatic disease, and the
2024-2025 guideline period as covariates.

In the exploratory multivariable logistic regression mod-
el, HER2-positive disease showed higher odd ratios (OR)
of partial concordance compared with non-HER2-positive

disease (adjusted OR, 3.71; 95% Cl, 1.09-12.65; p=0.036).
The 2024-2025 guideline period also showed higher ORs of
partial concordance (adjusted OR, 4.73;95% Cl, 1.26-17.78;
p=0.022). Age and metastatic disease were not statistically
significant predictors in the model. Given the limited num-
ber of partial-concordance events, these results should be
interpreted cautiously and considered hypothesis-gener-

Exploratory rule-based confidence score

The overall median Al confidence score was 9.3 (IQR, 8.5-
9.3). Significantly higher Al confidence scores were ob-
served in patients with full concordance, compared to
those with partial concordance (median 9.3 [IQR, 8.5-9.3]
vs. 8.6 [IQR, 7.8-9.3]; Mann-Whitney U test, p=0.0238).
High-confidence outputs were identified more frequently
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Table 6. Exploratory multivariable logistic regression for partial
concordance versus full concordance

Predictor Adjusted OR  95% CI p

Age (per year) 1.03 0.99-1.08 0.158
HER2 positivity 3.71 1.09-12.65 0.036
Metastatic disease 3.18 0.72-14.06 0.128
Guideline period 2024-2025 4.73 1.26-17.78 0.022

HER2: Human epidermal growth factor receptor 2.

Adjusted predictors of partial/non-concordance
Age (per year) - [

HER2-positive A k @ |

Metastatic disease { | ® i

Guideline period 2024-2026 t @

T
100 10!
Adjusted odds ratio (log scale)

Figure 1. Multivariable analysis of adjusted OR for partial concordance.

within the full concordance group compared to the partial
concordance cohort (95.2% vs. 72.2%; Fisher’s exact test,
p=0.0084) (Table 7). The Al confidence score, generated
post hoc using a rule-based exploratory framework, should
not be interpreted as a prospectively derived model-prob-
ability estimate.

Discussion

This retrospective pilot study demonstrated high overall
concordance between physician treatment decisions and
ChatGPT-generated breast cancer treatment recommenda-
tions. Full concordance was observed in 82.2% of patients,
partial concordance in 17.8%, and no cases of complete
non-concordance. Notably, these findings are consistent
with previous evaluations of large language models and
clinical decision support systems, which report a wide
range of concordance rates.'”? Strategies involving struc-

tured data, explicit prompt requests for guideline reason-
ing, orchestrated protocols, and self-refinement have been
shown to improve LLM alignment with guideline-oriented
treatment logic.”? However, as emphasized in methodolog-
ical analyses of Al in oncology, concordance should not be
interpreted as accuracy, superiority, or clinical effective-
ness; rather, it remains a measure of agreement within the
specific assumptions of the study design rather than proof
that the Al-generated recommendation or the physician
decision was clinically optimal or led to improved patient
outcomes.™

The concordance rate observed in this cohort is broadly
consistent with recent literature on breast cancer LLMs. Pri-
or studies have reported that publicly available LLMs may
approximate multidisciplinary tumor board decisions in
selected breast cancer scenarios, but performance varies
by model type.”? RAG-enhanced systems have also been
evaluated in breast cancer tumor board settings and may
improve guideline anchoring and traceability compared
with unguided LLM workflows.”’ In contrast to these sys-
tems, the present study utilized a standardized zero-shot
ChatGPT workflow without RAG, external guideline doc-
uments, or multi-agent orchestration. Consequently, the
results should be interpreted as reflecting the feasibility of
an accessible prompt-based workflow rather than the per-
formance of a guideline-retrieval engine.

Clinical complexity appeared to influence concordance.
Full concordance was lower in metastatic disease than in
Stage |-l or Stage Il disease, and partial concordance was
significantly more frequent in metastatic cases. Notably,
this observation is clinically plausible, as the therapeu-
tic management of metastatic breast cancer necessitates
the integration of complex clinical features, biomarkers,
and patient preferences.?” In contrast, many early-stage
treatment decisions are more standardized and guided
by relatively stable algorithms.?" Partial concordance in
metastatic disease may therefore reflect the complexity of
individualized real-world oncology rather than a failure of
physician judgment or Al reasoning.

Notably, the association between HER2-positive disease
and partial concordance is clinically significant. HER2-di-
rected treatment has evolved rapidly across neoadjuvant,

Table 7. Al confidence score and physician—Al concordance in the study cohort

Al confidence level FCn (%) PCn (%) Total n (%)
High confidence 79/83 (95.2%) 13/18 (72.2%) 92/101 (91.1%)
Intermediate confidence 4/83 (4.8%) 5/18 (27.8%) 9/101 (8.9%)
Low confidence 0/83 (0.0%) 0/18 (0.0%) 0/101 (0.0%)

Al: Artificial intelligence; FC: Full concordance; PC: Partial concordance.
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adjuvant, and metastatic settings, with changes in escala-
tion, de-escalation, sequencing, and ADC strategies.?? The
emergence of HER2-low disease has further altered the in-
terpretation of HER2 testing. The 2023 American Society of
Clinical Oncology/College of American Pathologists (ASCO/
CAP) update emphasized the clinical relevance of reporting
IHC 1+ and IHC 2+/ISH-negative results, while noting that
HER2-low is not a new ASCO/CAP interpretive category in
the same way as HER2-positive disease.”® ESMO expert
consensus statements similarly emphasize HER2-low as
an emerging therapeutic category, particularly because of
ADC in metastatic disease.?” In the present study, detailed
HER2 reporting was added to distinguish IHC O, IHC 1+, IHC
2+/ISH-negative, IHC 2+/ISH-positive, and IHC 3+ catego-
ries. Nevertheless, the analysis of HER2-ultralow disease
was precluded, as historical pathology documentation did
not reliably distinguish faint, incomplete staining patterns
within the IHC 0 category. This limitation may affect inter-
pretation of contemporary metastatic cases, but it avoids
unsupported retrospective reclassification.

The 2024-2025 guideline period was associated with par-
tial concordance. This likely reflects the rapid evolution
of breast cancer management in recent years, including
expanding indications for cyclin-dependent kinase 4/6
(CDK 4/6) inhibitors, ADC, immunotherapy for selected tri-
ple-negative disease, and increasingly biomarker-driven
treatment sequencing.”? Clinical recommendations have
become increasingly sensitive to prior therapies, local ac-
cess, and patient-specific factors.'?! Physician treatment de-
cisions were made within the national healthcare context
and may have been influenced by national drug approval
status, reimbursement conditions, institutional drug avail-
ability, patient-specific clinical factors, and patient pref-
erences. These contextual factors were considered when
interpreting partial concordance between physician deci-
sions and Al-generated recommendations. While LLM-gen-
erated outputs may identify guideline-concordant options,
they potentially fail to capture the institutional and socio-
economic context in which real-world clinical decisions are
made.

Component-level concordance provides a more nuanced
interpretation than overall concordance alone. Chemo-
therapy and radiotherapy showed strong agreement
across applicable cases, suggesting that Al recommenda-
tions may align well with established components when
indications are clear. Notably, anti-HER2 therapy and en-
docrine therapy were identified as the primary sources of
component-level discordance. These domains represent
areas wherein clinical context, tumor biology, menopausal
status, treatment sequencing, therapy duration, and drug
accessibility strongly influence therapeutic decision-mak-

ing.?! This finding supports using component-level anal-
ysis in future Al concordance studies because it identifies
the therapeutic domains where LLM outputs are most vul-
nerable to ambiguity.

The post hoc confidence analysis further supports the role
of clinical ambiguity. High-confidence outputs were more
frequent in fully concordant cases, whereas intermedi-
ate-confidence outputs were relatively more common in
partially concordant cases. Notably, these observations sug-
gest that Al-generated recommendations demonstrate in-
creased concordance with clinician decision-making when
guideline indications are clear, clinical evidence is robust,
and patient-level data are complete. Conversely, lower or
intermediate confidence scores often pinpoint areas where
physician judgment and institutional factors become more
influential because of inherent clinical uncertainty. Nev-
ertheless, as the confidence score was generated retroac-
tively using a rule-based proxy framework—rather than
prospectively—it should be considered exploratory and
hypothesis-generating. Future studies should define con-
fidence metrics prospectively and validate them against
independent expert assessment and clinical outcomes.

The study also highlights important methodological
limitations of LLM evaluation. LLM outputs are sensitive
to prompt wording and variations across models. In this
study, a standardized prompt and single-output strategy
were used to reduce variability, but formal prompt sen-
sitivity testing was not performed. The exact backend
model snapshot could not be independently verified be-
cause the analysis used the ChatGPT web interface rath-
er than a versioned APl endpoint. Moreover, the analysis
did not employ any RAG or multi-agent workflow. While
this design reflects accessible real-world ChatGPT use,
it limits reproducibility and prevents direct source-level
verification of guideline passages. Current evidence in-
dicates that RAG may improve grounding of evidence,
but RAG systems introduce their own design depen-
dencies, including source selection, retrieval quality,
chunking strategy, and validation of retrieved material.
The present study should also be interpreted in light of
emerging reporting standards for clinical artificial intel-
ligence research. Developmental and Exploratory Clini-
cal Investigation of Decision-support Systems Driven by
Artificial Intelligence (DECIDE-AI) was developed for the
developmental and exploratory clinical evaluation of
Al-driven decision-support systems and provides Al-spe-
cific reporting items intended to improve transparency
regarding key information items; although the present
study was retrospective and did not involve live deploy-
ment or real-time clinician interaction, these principles
are directly relevant to its methodological interpreta-
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tion.?”? Relevant considerations were identified to en-
compass the Al workflow, input variables, prompt struc-
ture, model access route, historical guideline-matching
strategy, the absence of RAG, and limitations related to
reproducibility and model updating. By contrast, Stan-
dards for Reporting Diagnostic Accuracy Studies—Atrtifi-
cial Intelligence (STARD-AI) was developed primarily for
Al-centered diagnostic accuracy studies and is therefore
not directly applicable to the present treatment-concor-
dance design. Nevertheless, selected STARD-AI princi-
ples remain conceptually useful for strengthening trans-
parency.”?®! Relevant areas for transparency included the
dataset, Al system, evaluation framework, risk of bias,
applicability, and generalizability. Future prospective
studies should be designed according to dedicated Al
reporting frameworks to improve reproducibility and fa-
cilitate comparison across studies.?”!

In the context of breast cancer management, the role of
Al systemsis best characterized as supportive rather than
substitutive. Al systems may assist multidisciplinary tu-
mor boards by organizing clinical information, identify-
ing missing variables, summarizing guideline-based op-
tions, and highlighting acceptable alternative strategies.
139 However, final decisions should remain the respon-
sibility of expert clinicians because Al systems cannot
fully account for nuanced clinical examination, patient
values, treatment tolerance, local reimbursement poli-
cies, or evolving real-world constraints.®'*% Notably, pre-
vious studies indicate that discordance between Al rec-
ommendations and clinical practice is frequently driven
by factors including drug availability, cost, and patient
preferences, which are not uniformly captured in stan-
dardized guideline datasets.®?” The absence of complete
concordance in this cohort should not be interpreted as
validation for autonomous Al use. Rather, it supports fur-
ther prospective evaluation of Al-assisted decision sup-
port under controlled, transparent, and outcome-linked
conditions.

Limitations

This study has several limitations. Initially, this retrospec-
tive pilot study was characterized by a single-center
design, a restricted sample size, and a low frequency of
partial-concordance events. As noted in similar clinical
decision support evaluations, single-center studies may
reflect local institutional practice patterns and specific
reimbursement environments, limiting broader gener-
alizability.®* Although exploratory multivariable logistic
regression was performed, the model was intentionally
restricted to a small number of clinically relevant covari-
ates and should be interpreted as hypothesis-generat-

ing rather than confirmatory. This approach is consistent
with the preliminary nature of pilot Al evaluations, which
prioritize identifying potential trends and associations
to inform future, larger-scale prospective validations.’**

Second, the historical NCCN/ESMO matching strategy
was based on prompt-level instructions and the esti-
mated guideline year. Notably, integration with archived
guideline repositories via RAG was not established; this
methodology represents a limitation, as RAG-enhanced
frameworks have been demonstrated to significant-
ly improve NCCN-concordant breast cancer treatment
recommendations compared to standard prompting.
Because the model relied on its internal clinical knowl-
edge encoding rather than a multi-agent workflow or an
external guideline repository, it cannot be guaranteed
to remain isolated from contemporary medical knowl-
edge (or“knowledge drift"), as models frequently exhib-
it shifts in behavior and internal knowledge over time 5!

Third, formal interobserver reliability analysis using Co-
hen’s kappa could not be performed because separate
blinded patient-level classifications from two indepen-
dent reviewers were unavailable. In clinical research,
the kappa statistic is the standard metric for assessing
how much observed agreement among raters exceeds
the level expected by chance alone. Therefore, in the ab-
sence of such quantitative validation, the concordance
categories in this study should be interpreted as con-
sensus-based rather than independently verified. This
is a recognized limitation in early-phase Al evaluations,
as blinded, multi-expert assessment is increasingly rec-
ommended to minimize subjective bias and ensure the
robustness of Al-physician agreement metrics.2®

Fourth, HER2-low status was defined using IHC 1+ and
IHC 2+/ISH-negative criteria, but HER2-ultralow disease
could not be systematically evaluated, as historical pa-
thology reports lacked the requisite granularity for IHC
0 cases. This may be particularly relevant to contempo-
rary metastatic treatment decisions, as the distinction
between HER2-negative (IHC 0/null) and HER2-ultralow/
low has become a key driver of eligibility for novel anti-
body-drug conjugates (ADC) like trastuzumab deruxte-
can in advanced settings. The rapid evolution of these
pathological categories means that retrospective data-
sets often lack the granularity required to align with the
most recent international guidelines, such as the 2023
ASCO/CAP updates, which now incorporate HER2-low
and ultralow as distinct therapeutic targets.’” Studies
indicate that up to 65.8% of cases originally scored as
IHC 0 may harbor clinically actionable HER2 expression
when re-evaluated for ultralow or low status, highlight-
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ing the limitations of historical reporting in the era of
personalized medicine.

Fifth, radiology, pathology, genomic testing, Eastern Co-
operative Oncology Group (ECOG) status, comorbidities,
frailty, treatment access, reimbursement restrictions, and
patient preference may have been incompletely cap-
tured in the retrospective dataset.®® Notably, research
has shown that discordance between Al recommenda-
tions and clinical practice is frequently driven by factors
such as drug availability, cost, regional insurance sys-
tems, and patient-specific values, which are not always
fully represented in standardized guideline-based data-
sets. Finally, this analysis did not evaluate survival, toxic-
ity, quality of life, patient satisfaction, cost-effectiveness,
or treatment efficacy.” Therefore, concordance should
not be interpreted as a measure of accuracy, superiority,
or clinical effectiveness.

Conclusion

In this retrospective pilot cohort, physician treatment
decisions and Al-generated breast cancer treatment rec-
ommendations showed substantial concordance. How-
ever, these findings should be interpreted cautiously be-
cause of the single-center retrospective design, which
may limit broader generalizability and reflect local insti-
tutional biases®¥, the limited number of partial-concor-
dance events, the absence of independent interobserver
validation using metrics such as Cohen’s kappa to adjust
for chance agreement!'”), and the lack of outcome-based
evaluation. Notably, partial concordance was more fre-
quently observed in clinically complex cases, particu-
larly metastatic disease and contemporary guideline
periods, underscoring the influence of significant in-
tertumoral heterogeneity and evolving treatment stan-
dards on Al-generated recommendations.”® Al-generat-
ed recommendations may support guideline-oriented
discussion as a second-opinion tool, but they require
expert oncologist interpretation, prospective validation,
and a focus on human-Al collaboration before routine
clinical implementation to ensure they augment rather
than replace multidisciplinary human judgment.
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Appendix A. Standardized Al prompt template

You are an oncology clinical decision-support assistant specializing in breast cancer treatment planning. Analyze the anonymized patient data
below and generate a treatment recommendation based on the NCCN and/or ESMO breast cancer guideline framework applicable to the
estimated year of the original treatment decision. Do not retrospectively apply treatment standards that were not available or guideline-sup-
ported at that time.

Patient-level variables: year of diagnosis or treatment decision; age; menopausal status; ECOG performance status, if available; comorbidities, if
available; histology; T stage; N stage; M stage; overall stage; tumor grade; ER status; PR status; HER2 IHC score (0, 1+, 2+, or 3+); ISH result when
IHC is 2+; HER2-low or HER2-ultralow status, if explicitly reported; Ki-67; lymphovascular invasion; genomic assay result, if available; surgery;
chemotherapy; anti-HER2 therapy; endocrine therapy; radiotherapy; and other systemic treatments.

The output requirements were defined as follows: (1) specify the estimated guideline year; (2) provide a structured treatment recommenda-
tion that includes surgery, chemotherapy, endocrine therapy, anti-HER2 therapy, radiotherapy, and other relevant systemic treatment com-
ponents; (3) compare the Al-generated recommendation with the actual physician treatment; and (4) classify the relationship as full concor-
dance, partial concordance, or non-concordance, with a brief justification. If divergence is clinically reasonable, discuss possible explanations,
such as age, comorbidity, performance status, toxicity concerns, patient preference, reimbursement restrictions, treatment availability, or
real-world practice constraints.

RAG status: no external documents, databases, real-time web retrieval, uploaded guideline library, or vector database is connected to the
model. Recommendations are generated solely from the structured prompt and the model’s internal knowledge.



