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Abstract

Background and purpose Large language models (LLMs) such as ChatGPT-4 have shown potential for medical decision
support, but their reliability in specialized fields remains uncertain. This study aimed to evaluate ChatGPT-4’s performance
as a clinical decision support tool in neuro-oncology radiotherapy by comparing its treatment recommendations for patients
with central nervous system tumors against a multidisciplinary tumor board’s decisions, an independent specialist’s opinion,
and published guidelines.

Materials and methods We prospectively collected 101 neuro-oncology cases (May 2024—May 2025) presented at a tertiary-
care tumor board. Key case details were entered into ChatGPT-4 with a standardized query asking whether to recommend
radiotherapy and, if so, the target volumes and dose. The Al’s recommendations were recorded and compared to the tumor
board’s consensus, a blinded radiation oncologist’s recommendation, and ESMO guideline indications when applicable.
Concordance rates (percentage agreement) and Cohen’s kappa were calculated. Sensitivity and specificity were assessed
using the reference decisions as ground truth. McNemar’s test was used to evaluate any bias in discordant recommendations.
Results ChatGPT-4 matched the tumor board’s radiotherapy recommendations in 76% of cases (k=0.61). Agreement with
the independent specialist was 79% (k=0.58). In 61 low-complexity cases with clear guidelines, ChatGPT-4 concurred with
guideline-based indications in 76.7% of cases, missing some recommended treatments (sensitivity 73%, specificity 100%).
In intermediate-complexity scenarios, concordance with the tumor board was 70.8%, with most discrepancies due to the Al
recommending treatment that experts did not (sensitivity 85.7%, specificity 64.7%). In high-complexity cases, agreement
was 90.9% (sensitivity 100%, specificity 83.3%). Overall, ChatGPT-4 showed an overtreatment bias, more often recom-
mending radiotherapy when the human experts chose observation (p <0.05 for Al vs. tumor board discordances). Its overall
agreement (76%) was lower than that of the human specialist (90%).

Conclusion ChatGPT-4 can reproduce many expert radiotherapy decisions in neuro-oncology, reflecting substantial absorp-
tion of standard clinical practice. However, it cannot substitute for human judgment: the Al omitted some indicated treat-
ments in straightforward cases and suggested unnecessary therapy in some borderline cases, indicating a lack of nuanced
clinical reasoning. Careful human oversight is essential if such models are to be used for clinical decision support.
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physics and hold potential for applications in treatment
planning [2, 3]. These findings suggest that modern LLMs
capture a substantial portion of medical domain knowl-
edge and reasoning. There is growing interest in leveraging
such models to aid clinicians — for example, by generating
therapeutic recommendations or providing decision support
based on clinical guidelines [4, 5]. Radiotherapy planning
for neuro-oncology (central nervous system tumors) is a
prime example of a high-stakes, knowledge-intensive deci-
sion process that might benefit from Al support. Determining
whether to recommend radiotherapy after surgery, and if so,
defining the treatment volumes and dose, requires integrat-
ing evidence-based guidelines with patient-specific factors.
While guidelines (e.g. ESMO or NCCN) provide general
recommendations, experienced physicians often adjust them
based on tumor histology, location, patient performance
status, comorbidities, and multidisciplinary consensus [6].
Errors or suboptimal choices in radiotherapy planning can
significantly impact patient outcomes and toxicity [7, 8].
An Al tool that reliably reproduces expert recommenda-
tions could enhance consistency and provide a “virtual sec-
ond opinion” in complex or borderline cases.ChatGPT-4, a
state-of-the-art general LLM, has already shown the abil-
ity to deliver coherent medical advice in general contexts
[9]. However, its safety and validity in specialized, complex
domains like neuro-oncology remain largely untested. Prior
reports note that ChatGPT and similar models may halluci-
nate false information or lack up-to-date clinical knowledge
[10]. Moreover, an LLM operates on statistical correlations
in text and lacks true understanding of clinical nuance [11].
This raises concern that it might confidently recommend an
incorrect or harmful treatment in an ambiguous scenario. In
this study, we investigated whether ChatGPT-4 can func-
tion as a clinical decision support tool for radiotherapy in
neuro-oncology. Specifically, we assessed how well ChatG-
PT-4’s therapeutic recommendations for brain tumor cases
align with those of human experts and guideline indications.
Our objectives were to quantify concordance between the
Al and established decision sources, evaluate the Al’s accu-
racy in suggesting appropriate treatment volumes and doses,
and identify patterns of discrepancy (such as systematic

Table 1 Distribution of tumor types in the study cohort (n=101)

Tumor type Number of Per-
cases (n)  centage
(%)
Glioblastoma (IDH-wild type and mutant) 52 51.5%
Meningioma 24 23.8%
Low-grade gliomas (WHO grade II-1II) 15 14.9%
Rare primary CNS tumors* 10 9.9%
Total 101 100%

* Rare tumors included: ependymoma (n=4), oligodendroglioma
(n=3), pineal region tumors (n=2), other uncommon histologies

(n=1)
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under- or over-treatment). By analyzing performance across
cases of varying complexity, we aim to understand the cur-
rent limitations of a general-purpose LLM in a highly spe-
cialized medical task. We also discuss the implications of
our findings for future integration of Al assistants in clini-
cal workflows, particularly in oncology where multidisci-
plinary collaboration is key.

Materials and methods
Study design and cases

We conducted a single-institution prospective observational
study comparing ChatGPT-4’s radiotherapy recommenda-
tions to expert decisions. The study included 101 consecu-
tive cases of central nervous system tumors discussed at a
multidisciplinary neuro-oncology tumor board in a tertiary
hospital between May 2024 and May 2025. Each case rep-
resented a real patient scenario considered for post-surgery
radiotherapy.The distribution of tumor types was as follows
(Table 1.: glioblastoma (n=>52), meningiomas (n=24), low-
grade gliomas (n=15), and other rare primary CNS tumors
(e.g., ependymoma, oligodendroglioma, pineal region
tumors; n=10). No pediatric cases were included. All cases
had sufficient diagnostic and treatment details in the tumor
board records; no cases were excluded, in order to capture
a full range from straightforward to borderline situations.

Case complexity classification

For analysis, each case was classified as low, intermediate, or
high complexity based on the availability of clear treatment
guidelines (Fig. 1). Low-complexity cases were those with
well-established guidelines offering a clear recommendation
(e.g. a standard indication for postoperative radiotherapy in
a malignant tumor). Intermediate-complexity denoted cases
without explicit guidelines but some supporting evidence or
partial expert consensus, leading to variability in practice.
High-complexity cases had no relevant guidelines and lim-
ited or conflicting evidence, requiring highly individualized
clinical judgment. This stratification was defined a priori
to examine whether ChatGPT-4’s performance varies with
case complexity. In addition to complexity-based stratifica-
tion, we performed a post-hoc exploratory analysis stratified
by tumor histology (glioblastoma, meningioma, low-grade
gliomas, and other rare primary CNS tumors). The objec-
tive was to assess whether ChatGPT-4’s performance varied
across different tumor types. For each subgroup, concor-
dance with the tumor board was calculated.
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101 consecutive neuro-oncology
tumor board cases
(May2024-May 2025)

Stratified by complexity:
Low vs Intermediate vs High complexity

A

Comparison Performed:
ChatGPT vs Tumor Board
ChatGPT vs Expert Specialist
ChatGPT vs Guidelines

Fig.1 Flow diagram of case selection and analysis. A total of 101 con-
secutive neuro-oncology tumor board cases (May 2024-May 2025)
were assessed, all included and analyzed. Cases were stratified by
complexity (low=61; intermediate=26; high=14). Comparisons
performed: ChatGPT-4 vs. tumor board (n=101); ChatGPT-4 vs. spe-
cialist (n=101); and ChatGPT-4 vs. guidelines (low-complexity only,
n=61)

ChatGPT-4 query procedure

For consistency, all case summaries followed the same
structure, including patient age, sex, performance status,
histology, prior treatments, and imaging findings. For exam-
ple, the standardized prompt was: ‘Patient: male, 62 years,
ECOG 1, glioblastoma after gross total resection, no prior
radiotherapy. MRI shows postoperative cavity without resid-
ual disease. Question: would you perform radiotherapy in
this case? If yes, specify target volumes and total dose/frac-
tionation.’ (original queries were in Italian, the language of
the medical records. We used the GPT-4 model (OpenAl,
data cutoff October 2023) via the ChatGPT interface. Each
query was started fresh with no chat history carried over
between cases. The Al was not given any clarifications or
additional information beyond the initial prompt, simulating
a single-turn consultation. If the AI’s answer was unclear
or noncommittal, no further probing was done. To assess
response consistency, we repeated the same query for all
cases after a 30-day interval (using the same GPT-4 version)
and recorded whether the recommendations changed.

Reference standard decisions

We collected three comparator decisions for each case to
serve as reference points: (1) the multidisciplinary tumor
board (MTB) consensus on whether to recommend radio-
therapy (and the intended target/dose if yes), as documented
during the meeting; (2) an independent, experienced radia-
tion oncologist’s recommendation based on the same case
summary provided to ChatGPT (this specialist was not part
of the tumor board and was blinded to the board’s and AI’s
decisions); and (3) the recommendation according to pub-
lished clinical guidelines (specifically, the European Soci-
ety for Medical Oncology — ESMO — guidelines) for that
scenario, if applicable [12—15]. We selected ESMO guide-
lines as the primary standard for low-complexity cases.
Concordance was cross-checked qualitatively with ESTRO
and EANO guidelines, which showed > 95% overlap with
ESMO for the included scenarios. This choice ensured
consistency and alignment with European practice. In low-
complexity cases, guidelines typically provide a clear “yes
or no” on radiotherapy, which we used as the reference. In
intermediate or high-complexity cases where no specific
guideline exists, a guideline reference was considered not
applicable. (We chose ESMO guidelines as a consistent
standard-of-care reference; other guideline sets like NCCN
were noted qualitatively but not formally applied.)

Outcome measures

The primary outcome was agreement between ChatGPT-4
and each reference decision on whether radiotherapy was
recommended. For each case we determined whether
ChatGPT-4’s binary recommendation (yes or no for radio-
therapy) matched the decision of the reference source. We
calculated the raw concordance rate (percentage of cases
with agreement) and Cohen’s K statistic to account for
chance agreement. This analysis was done for three com-
parisons: ChatGPT vs. the tumor board (all 101 cases),
ChatGPT vs. the independent specialist (101 cases), and
ChatGPT vs. guidelines (for the 61 low-complexity cases
where guidelines provided a recommendation). For context,
we also computed the concordance between the indepen-
dent specialist and the tumor board. Additionally, within
each complexity subgroup, we evaluated ChatGPT’s per-
formance relative to the designated reference standard for
that subgroup. Treating the human or guideline decision as
the “ground truth” for needing radiotherapy, we calculated
ChatGPT’s sensitivity (the fraction of cases that required
radiotherapy in which the AI also recommended treatment)
and specificity (the fraction of cases that did not require
radiotherapy where the Al correctly recommended omission
of treatment). These metrics characterize the Al’s tendency

@ Springer
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toward false negatives (missing a needed treatment) or false
positives (recommending an unnecessary treatment) in each
scenario. Beyond the binary decision, we assessed the qual-
ity of ChatGPT’s treatment plan details. In cases where both
ChatGPT and the human expert(s) recommended radiother-
apy, we compared the technical specifics. We noted whether
ChatGPT’s suggested radiation target volumes matched the
physician’s intended treatment field (e.g. the same tumor
bed or regions at risk) and whether the proposed dose/frac-
tionation was within a reasonable range of the expert’s pre-
scription. We tallied the percentage of cases with a matching
target and a matching dose/fractionation between the Al and
the human plan.

Statistical analysis

Agreement statistics (concordance rates and k) were inter-
preted using standard benchmarks (k values of 0.41-0.60
indicating moderate agreement, 0.61-0.80 substantial,
>(.80 near-perfect). We used McNemar’s chi-square test
for paired binary outcomes to examine whether discordant
decisions were biased in a particular direction (i.e., whether
ChatGPT was more likely to say “yes” when the reference
said “no” or vice versa). This test was applied to each com-
parison (overall and within subgroups). We also directly
compared ChatGPT’s agreement with the tumor board to
the specialist’s agreement with the tumor board using a
paired analysis across the 101 cases. Sensitivity (ability to
recommend indicated radiotherapy) and specificity (ability
to correctly withhold radiotherapy when not indicated) were
calculated for each subgroup, treating the reference standard
decision as ground truth. For these proportions, 95% con-
fidence intervals were estimated using the binomial exact
(Clopper—Pearson) method to quantify statistical uncer-
tainty. A two-sided p-value<0.05 was considered statisti-
cally significant for all analyses. Data were analyzed using
SPSS (v28).

Results
Overall concordance

All patients underwent the treatment as decided by the mul-
tidisciplinary tumor board. Therefore, the tumor board deci-
sion represented both the clinical reference standard and
the treatment actually delivered in all cases. ChatGPT-4’s
recommendation on radiotherapy matched the multidisci-
plinary tumor board’s decision in 76% of cases (k=0.606,
indicating substantial agreement). It agreed with the inde-
pendent specialist in 79% of cases (79/101, k=0.583). In the
61 low-complexity cases with clear guideline indications,

@ Springer

Table 2 Overall agreement between ChatGPT-4 and reference deci-
sion sources on radiotherapy recommendation (n=101 cases). ¥*Guide-
line comparison is evaluated only for low-complexity cases where an
established guideline recommendation exists

Comparison Concordance Cohen’s
(%) K
ChatGPT-4 vs. Tumor Board (n=101) 76.0% 0.606
ChatGPT-4 vs. Specialist (n=101) 79.0% 0.583
ChatGPT-4 vs. Guidelines (n=61)* 76.7% 0.420
Specialist vs. Tumor Board (n=101) 90.0% 0.720

Table 3 ChatGPT-4 performance by clinical case complexity

Complexity (n cases) Reference standard Concor- Cohen’s
for “truth” dance K
(%)
Low (61 cases) Guidelines 76.7% 0.420
(ESMO)
Intermediate (26 cases)  Tumor Board 70.8% 0.417
High (14 cases) Tumor Board 90.9% 0.820

ChatGPT aligned with ESMO guideline recommendations
in 76.7% of cases (k=0.420, indicating moderate agree-
ment). By comparison, the independent specialist agreed
with the tumor board in 89.9% of cases. The gap between
ChatGPT’s and the specialist’s concordance with the board
was statistically significant (76% vs 89.9%, p=0.004), The
concordance between the independent specialist and the
tumor board was 90% (x=0.72). This indicates that intra-
human agreement remains superior to Al-human agree-
ment.” (Table 2).

Performance by case complexity

As shown in Table 3; Fig. 2, in low-complexity scenarios
ChatGPT concurred with guideline-based treatment indica-
tions in 76.7% of cases (x=0.420, moderate agreement). All
14 discordant low-complexity cases were instances where
the Al failed to recommend radiotherapy despite a guideline
indication — McNemar’s test confirmed a significant asym-
metry (p=0.0005), with ChatGPT systematically miss-
ing guideline-indicated treatments (undertreatment bias).
In intermediate-complexity cases, concordance with the
tumor board was 70.8% (k=0.417, moderate agreement).
Most disagreements in this group were due to ChatGPT rec-
ommending treatment that the experts did not, suggesting
an overtreatment tendency (sensitivity 85.7%, specificity
64.7%, p=0.13 for bias toward recommending therapy).
In high-complexity cases, ChatGPT achieved 90.9% agree-
ment with the tumor board (k=0.820, indicating near-
perfect agreement), with only 1 discordant case out of 11
analyzed. In that single high-complexity discordance, the
Al recommended treatment where the board did not (sen-
sitivity 100%, specificity 83.3%). Thus, the AI’s highest
performance was observed in the most complex scenarios.
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Fig. 2 Performance of ChatGPT-4
by clinical case complexity.

Bars show sensitivity (ability to
recommend indicated radio-
therapy) and specificity (ability to
correctly withhold radiotherapy
when not indicated) for low-,
intermediate-, and high-com-
plexity cases. In low-complexity 80
cases, the model never suggested
unwarranted therapy (specific-
ity 100%) but missed some
indicated treatments (sensitivity
73.1%; 95%-Cl: 62.0-84.2%).
In intermediate cases, sensitivity
remained high (85.7%, 95%-CI:
72.2-99.2%) while specificity 40
declined (64.7%, 95%-CI: 46.3—

83.1%), reflecting a propensity

to overtreat. In high-complexity

cases, both sensitivity (100%) 20
and specificity (83.3%, 95% - CI:
63.8-100%) were high. Error

bars represent 95% confidence

intervals 0
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Table 4 Concordance between ChatGPT-4 and the tumor board strati-
fied by histology

Tumor type Number Concordance Cohen’s
of cases  with tumor K
(n) board (%)
Glioblastoma & other HGG 52 82.0% 0.67
Low-grade gliomas 15 71.0% 0.52
Meningiomas 24 70.0% 0.50
Rare primary CNS tumors* 10 72.0% 0.51
Total 101 76.0% 0.61

* Rare tumors included ependymoma, oligodendroglioma, pineal
region tumors and others histologies

When stratified by histology (Table 4), ChatGPT-4 achieved
the highest concordance in glioblastoma and other high-
grade gliomas (82%). In contrast, concordance was lower
in meningiomas and low-grade gliomas (70 and 71%),
without significant differences between these groups. These
findings suggest that the model reproduces guideline-based
decisions more reliably in tumors with standardized radio-
therapy indications, such as high-grade gliomas.

Treatment plan details

We next examined the concordance in technical planning
specifics. In 45 cases where both ChatGPT-4 and a human
expert recommended radiotherapy, the AI’s suggested tar-
get volumes matched the physician’s actual treatment field
in 66.7% of instances. Similarly, ChatGPT’s proposed total
dose and fractionation scheme was within an acceptable
range of the expert’s prescription in 81.8% of 44 evalu-
able cases (one case lacked a clearly defined dose in the

Performance of ChatGPT-4 by Clinical Case Complexity (95% Cl)

N Sensitivity
B Specificity
100.0%

Intermediate

High

Al response). In the remaining cases, the Al either omit-
ted a target that the physician included or suggested a dose
outside the typical range used by the expert. In summary,
when ChatGPT did recommend radiotherapy correctly, its
technical plan fully aligned with the human plan roughly
two-thirds of the time, and the dose/fractionation was
appropriate about 82% of the time.

Discordance bias

Overall, when ChatGPT disagreed with the tumor board’s
decision (in 24 of 101 cases), it was usually by recommend-
ing treatment that the board did not. Specifically, 75% of
Al vs. board discordances were of this type (18/24 cases;
McNemar p=0.014), indicating a significant overtreatment
bias overall. In practical terms, this bias reflects ChatGPT’s
tendency to recommend radiotherapy in situations where
experts opted for observation, such as small asymptom-
atic meningiomas in elderly patients. A similar pattern was
observed in comparison to the specialist’s decisions (McNe-
mar p=0.029 for ChatGPT vs. specialist, again reflecting
the AI’s tendency to recommend more therapy). By con-
trast, the tumor board versus guideline comparison revealed
that the human experts often chose to omit radiotherapy in
situations where guidelines would have recommended it
(McNemar p<0.0001), reflecting the experts’ tendency to
individualize treatment beyond one-size-fits-all guidelines.

@ Springer
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Reproducibility

ChatGPT-4’s recommendations were highly reproducible
over time. When all case queries were repeated after 30
days, the model gave the same yes/no recommendation in
99% of cases (100 out of 101), corresponding to a test—retest
k=0.96. This indicates excellent internal consistency of the
Al outputs, i.e. the model’s advice did not drift over the
short term.

Discussion

This prospective study demonstrates that ChatGPT-4 can
reproduce a substantial portion of expert reasoning in
neuro-oncology radiotherapy decisions, yet it also high-
lights significant limitations. Concordance rates of approxi-
mately 76-79% against physicians and guidelines indicate
that the model has indeed absorbed much of standard oncol-
ogy practice, consistent with prior reports of LLMs per-
forming well on medical tasks [16—18]. Importantly, the
concordance between the independent specialist and the
tumor board was 90% (x = 0.72), clearly higher than Chat-
GPT’s concordance with the tumor board. This highlights
that intra-human agreement remains superior to Al-human
agreement, underscoring the current gap between large
language models and experienced clinicians. Compared to
established clinical decision-support systems (CDSS) such
as IBM Watson for Oncology or OncoKB, ChatGPT-4 dif-
fers fundamentally in design and operation. Traditional
CDSS tools are guideline-driven and provide transparent,
rule-based recommendations but have limited adaptability
beyond predefined clinical pathways. In contrast, ChatGPT
is a general-purpose large language model that generates
fluent recommendations by leveraging statistical associa-
tions in text. In our study, this resulted in high reproduc-
ibility (99%), but at the expense of explainability and a
tendency toward systematic biases (overtreatment bias in
gray-zone scenarios). These differences highlight both the
promise and the limitations of LLMs compared with exist-
ing decision-support platforms, and underscore the need for
human oversight.

The notably high agreement in very complex cases sug-
gests that an Al might serve as a knowledgeable assistant in
decision-making for scenarios where clinicians rely on gen-
eral principles and available evidence. However, the Al’s
significantly lower agreement compared to a human special-
ist (76% vs. 90%) confirms it cannot match an experienced
clinician. In roughly 1 out of 4 cases overall, ChatGPT’s
recommendation differed from the expert consensus, which
is consistent with previous papers showing current LLMs
falling short of expert-level decision agreement [19]. The
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exploratory histology-specific analysis confirmed that Chat-
GPT-4 aligned best with expert decisions in glioblastoma
and other high-grade gliomas, where radiotherapy indica-
tions are well established. Conversely, in meningiomas and
low-grade gliomas, concordance was lower and relatively
similar across histologies, reflecting the greater variability
of clinical decision-making in these settings (e.g., observa-
tion vs. postoperative RT in WHO grade I-1I tumors). This
suggests that the model is more reliable when applied to
tumor types with clear guideline-based standards of care,
while its performance decreases in entities characterized by
individualized or heterogeneous practice patterns.

A key insight is that ChatGPT’s performance varied with
case context. In straightforward, guideline-defined sce-
narios, the Al was relatively conservative — it missed some
treatments that guidelines would have recommended (i.e.
undertreatment). This may reflect that ChatGPT is not sim-
ply regurgitating guidelines but has “learned” that clinicians
sometimes deviate (for instance, sparing certain patients
from therapy despite a formal indication). Conversely,
in intermediate “gray zone” scenarios lacking clear rules,
ChatGPT tended to over-intervene, essentially adopting a
“when in doubt, treat” approach.The interpretation of k val-
ues further contextualizes these findings. While « around
0.42 (moderate agreement) in guideline-defined cases sig-
nals non-negligible discordance, k>0.80 (near-perfect) in
high-complexity scenarios may reflect both a small sample
effect and shared default strategies between experts and Al.
Importantly, McNemar’s test highlighted that these dis-
cordances were systematically biased rather than random.
Concrete examples from our dataset illustrate the clinical
implications of these systematic biases. Undertreatment
errors, although less frequent than overtreatment, may
carry a disproportionately greater clinical risk. For instance,
ChatGPT did not recommend adjuvant radiotherapy in
a newly diagnosed glioblastoma patient after gross total
resection, despite a clear guideline indication—an omission
that could compromise survival. By contrast, an overtreat-
ment example occurred in an 80-year-old frail patient with
an incidental meningioma, where ChatGPT recommended
radiotherapy while the tumor board opted for observation
to avoid unnecessary toxicity. While undertreatment may
be more detrimental clinically, the overall pattern of discor-
dance shows that ChatGPT exhibited a global tendency to
recommend radiotherapy more often than human experts.
This overtreatment tendency could stem from its training
on medical literature that often emphasizes active treatment.
In the most complex cases, both human experts and the
Al defaulted to aggressive management; here the model’s
behavior happened to align with expert instinct (treat when
options are limited), resulting in its highest concordance.
These findings must be interpreted cautiously because the
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high-complexity subgroup was small (n=14). This limited
sample size inflates k values and sensitivity/specificity esti-
mates, increasing the risk of type II error and limiting the
precision of the reported performance.

Notably, agreement with experts does not guarantee
optimal care. Our comparison of tumor board decisions to
guidelines showed that even human experts deviate from
guidelines to individualize care [20]. ChatGPT’s biases
seem to echo these human deviations, but without real clini-
cal understanding [11]. Essentially, the Al mirrors patterns in
its training data: its undertreatment of some low-complexity
cases likely corresponds to scenarios in which prudent phy-
sicians chose observation over therapy (e.g. frail patients or
minimal residual disease), while its overtreatment bias in
other cases reflects an inclination toward intervention drawn
from the literature [21]. Unlike a human oncologist, how-
ever, ChatGPT cannot account for critical patient-specific
nuances — such as age, comorbidities, or personal values —
nor can it seek clarification on ambiguous details. This lim-
its its ability to make truly context-aware decisions.

Our findings underscore the need for human oversight
when using such Al tools. The model’s errors illustrate
potential hazards if its suggestions were followed uncriti-
cally. For example, ChatGPT failed to recommend re-irradi-
ation in a case of aggressive tumor recurrence (which could
have led to undertreatment), and it suggested aggressive
therapy for an elderly patient that experts managed with
observation (which could have caused unnecessary harm).
These examples show how the Al, lacking holistic clinical
context, can misjudge situations that physicians navigate by
weighing risks, benefits, and patient preferences.

Looking ahead, ChatGPT-4 should be viewed as a support
tool rather than a decision-maker [22]. In its current form, it
may be useful for providing a quick second opinion or sum-
marizing guideline-based options — for instance, helping a
trainee double-check standard recommendations — but any
Al suggestion must be validated by clinicians. Specialized
medical LLMs fine-tuned on oncology-specific data might
achieve better accuracy in the future, but they will require
extensive prospective validation [23]. Ultimately, the appro-
priate role of Al is to augment human decision-making, not
replace it. Our results support a model of human—AlI collab-
oration: the Al can rapidly provide evidence-based insights
and consistency checks, while human experts apply the
nuanced judgment and ethical considerations that remain
uniquely their domain. Embracing such collaboration cau-
tiously could enhance decision-making in neuro-oncology,
provided we remain aware of the AI’s limitations and main-
tain the primacy of human clinical judgment.

Conclusion

ChatGPT-4 was able to mirror standard radiotherapy deci-
sion-making in a majority of neuro-oncology cases, demon-
strating that LLMs can encapsulate many clinical guidelines
and practices. However, it also exhibited notable biases,
tending to undertreat in some guideline-defined cases and
overtreat in ambiguous ones. These limitations mean that
while ChatGPT-4 (and similar AI) may serve as useful deci-
sion support tools, they cannot replace expert clinical judg-
ment. Careful integration — with clinicians double-checking
Al recommendations — will be essential if such models are
to be used safely in practice. Further refinement of medi-
cal LLMs and thorough validation studies are needed before
routine clinical deployment.
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