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Abstract
Background: Accurate diagnosis of headache disorders is essential in clinical practice. Supervisedmachine learning models
trained on structured clinical data have shown good performance, whereas the diagnostic ability of large language models
(LLMs) for headache disorders has not been evaluated. This study compared a validated machine learning classifier with a
general-purpose, zero-shot, non-domain-adapted LLM using the same structured patient questionnaire data, focusing on
their agreement with specialist-confirmed diagnoses as the ground truth. This study was designed to reflect current real-
world use scenarios, in which clinicians may apply off-the-shelf LLMs for diagnostic purposes without few-shot prompting,
domain-specific fine-tuning, or adaptation, rather than to assess the theoretical upper limits of LLM capabilities.
Methods:We analyzed 1818 patients from an independent hold-out test cohort who completed a 22-item structured
headache questionnaire and received specialist-confirmed diagnoses. A previously developed machine learning model and
a general-purpose, non-domain-adapted LLM (GPT-4.1 with zero-shot prompting) each generated five-class International
Classification of Headache Disorders, 3rd edition (ICHD-3)-based predictions: migraine and/or medication-overuse head-
ache (MOH), tension-type headache (TTH), trigeminal autonomic cephalalgias (TACs), other primary headache
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disorders, and secondary headaches. Agreement with the specialist’s diagnosis and diagnostic performance metrics were
calculated. Class-wise sensitivity and specificity were compared using McNemar’s test.
Results: The machine learning classifier showed significantly higher diagnostic agreement with the specialist than the
LLM (Cohen’s κ: 0.46 vs. 0.26; 95% confidence interval of the difference: 0.15–0.25). Although the LLM showed slightly
higher macro-averaged sensitivity (balanced accuracy) than the machine learning model, the machine learning classifier
showed higher macro-averaged precision, specificity, and F-value. Class-wise analysis showed that the machine learning
model demonstrated greater sensitivity for migraine and/or MOH and secondary headaches, while the LLM showed
higher sensitivity for TTH. Regarding specificity, the machine learning model outperformed the LLM in TTH, TACs,
and other primary headache disorders, whereas the LLM showed higher specificity only for migraine and/or MOH.
Conclusions: A supervised machine learning model trained on real-world clinical data showed better agreement with a
specialist-confirmed diagnosis than a general-purpose, zero-shot, non-domain-adapted LLM. These findings indicate that,
in its current off-the-shelf configuration under this experimental setting, the diagnostic agreement between a general-pur-
pose LLM and specialists can be limited for headache disorders.
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Introduction
Primary headache disorders represent a prevalent public health
issue, with a severe burden.1,2 Accurate diagnosis of specific
headache disorders is essential for appropriate management
and prevention of chronicity.3 Misdiagnosis can lead to inef-
fective treatments, unnecessary investigations, and prolonged
patient suffering.4,5 However, access to headache specialists
remains limited in many regions, and primary care physicians
often struggle to distinguish among the numerous headache
subtypes defined in the International Classification of
Headache Disorders, 3rd edition (ICHD-3).6 These challenges
have motivated efforts to develop artificial intelligence
(AI)-based tools to support headache diagnosis.7–9

AI has increasingly been explored as a tool to support diag-
nosis, drug selection, and other complicated analyses.10–14 AI
refers to computational systems designed to perform tasks that
typically require human cognitive abilities. Supervised
machine learning is a subset of AI that learns patterns from
structured data to make predictions or classifications.15

Regarding the diagnosis of headache disorders, prior studies
have shown that machine learning models trained on struc-
tured clinical data can achieve high diagnostic performance
for ICHD-3-based classifications, in some cases approaching
specialist-level performance.7,8 These models were developed
from directly learning patterns embedded in well-curated clin-
ical datasets composed of consistent symptom structures and
clearly defined diagnostic labels.

In contrast, general-purpose, non-domain-adapted large
language models (LLMs) such as ChatGPT, Gemini,
Claude, and related systems, have rapidly expanded their
capabilities through training on vast amounts of documents
on the Internet.16 These LLMs can be useful for education12

and for providing clinical information in headache prac-
tice.17 However, LLMs show characteristic limitations:

these models are typically general-purpose systems not
optimized for specific diagnostic tasks unless explicitly
fine-tuned or adapted to a given clinical domain. In add-
ition, they may produce inconsistent outputs, rely more
heavily on texts they learned than structured clinical fea-
tures, and exhibit diagnostic biases, particularly when
used as independent diagnostic tools.16

Despite growing interest in their clinical potential,
general-purpose, non-domain-adapted LLMs have not
been evaluated for diagnostic performance in headache dis-
orders, and no prior study has directly compared their diag-
nostic performance with that of machine learning models in
headache classification against a specialist-confirmed diag-
nosis. This study compared a general-purpose, zero-shot,
non-domain-adapted LLM with a previously validated
machine learning model8 using the same structured patient
questionnaire data, focusing on their agreement with
specialist-confirmed diagnoses as the ground truth.8

Importantly, this study was designed to reflect current real-
world use scenarios, in which clinicians may apply
off-the-shelf, general-purpose LLMs for diagnostic pur-
poses without few-shot prompting, domain-specific fine-
tuning, or adaptation, rather than to assess the theoretical
upper limits of LLM capabilities. We hypothesized that a
domain-specific machine learning model would outperform
the general-purpose, zero-shot, non-domain-adapted LLM
in classifying headache disorders into five categories
according to ICHD-3 criteria.

Materials and methods

Ethical considerations
The Itoigawa General Hospital Ethics Committee approved
this study (approval numbers: 2022-2 and 2022-10).
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Because the investigation was retrospective, the committee
waived the written informed consent requirement. Instead,
an opt-out notice was posted on the hospital’s website for
individuals who preferred not to participate. All procedures
adhered to the Declaration of Helsinki.

Overall procedure
This study aimed to compare the diagnostic performance
metrics of a conventional supervised machine learning clas-
sifier and an LLM using the headache specialist’s diagnoses
as the ground truth. First, we used a previously developed
five-class headache machine learning classification model8

that predicts one of the following five categories based on
a structured headache questionnaire: Migraine and/or
medication-overuse headache (MOH) (Class 1),
Tension-type headache (TTH) (Class 2), Trigeminal auto-
nomic cephalalgias (TACs) (Class 3), Other primary head-
ache disorders (Class 4), and Secondary headaches (Class
5). The general-purpose, zero-shot, non-domain-adapted
LLM then evaluated the same test dataset used for this
machine learning model to generate corresponding diagnos-
tic predictions. Both the machine learning and the LLM pre-
dictions were generated for the entire test dataset as a
hold-out method, and diagnostic performance metrics
were computed, using the specialist’s headache diagnosis
as the ground truth.

Dataset and ground truth
We used a retrospective dataset consisting of consecutive
patients who visited the Sendai Headache and Neurology
Clinic between January 2020 and December 2022. During
this period, 6058 patients completed a structured headache
questionnaire on their first visit, and all patients were diag-
nosed by a board-certified headache specialist. The ques-
tionnaire comprised 22 structured items covering
demographic information, headache characteristics, tem-
poral patterns, associated symptoms, triggers, medication
use, and family history (Table 1). Because the question-
naires were completed under the supervision of clinic staff
familiar with headache care, no missing values were
present.

For the original development of the machine learning
model, the entire dataset was randomly divided into a train-
ing cohort (n= 4240) and an independent hold-out test
cohort (n= 1818).8 In the present study, the same hold-out
test cohort was used for model comparison between the
machine learning classifier and the LLM.

The ground-truth diagnosis for each patient was defined
as the final clinical headache diagnosis determined by the
headache specialist after comprehensive clinical evaluation,
with reference to ICHD-3. This evaluation included, but
was not limited to, a structured headache questionnaire,
clinical interviews, neurological examinations, and

additional radiological and laboratory investigations to
exclude secondary headaches. The diagnosis was not deter-
mined solely by whether patients fulfilled ICHD-3 criteria
based on questionnaire responses. For example, patients
who did not strictly meet ICHD-3 criteria according to the
questionnaire but were clinically diagnosed with migraine
by the specialist were labeled as migraine. Conversely,
patients who fulfilled migraine criteria based on the ques-
tionnaire but were ultimately diagnosed with a secondary
headache were labeled as secondary headache in the ground
truth.

Diagnoses were categorized into five classes according
to ICHD-36: (Class 1) Migraine and/or MOH; (Class 2)
TTH; (Class 3) TACs; (Class 4) Other primary headache
disorders; and (Class 5) Secondary headaches. When mul-
tiple diagnoses were present, the primary diagnosis was
used for analysis.

Machine learning model
A previously developed supervised machine learning-based
headache diagnosis model was used for comparison in this
study.8 The machine learning-based model was constructed
using the training cohort of 4240 patients, with preproces-
sing, hyperparameter optimization, and internal 10-fold
cross-validation performed using PyCaret (version 3.0.0).
The model incorporated all 22 structured questionnaire vari-
ables and classified patients into the same five diagnostic
categories defined in the present study. Among multiple
candidate algorithms, the final model (gradient boosting
classifier) was selected based on cross-validated perform-
ance metrics, and hyperparameters were further tuned to
maximize diagnostic sensitivity. The remaining 1818
patients, unseen during model development, served as an
independent hold-out test dataset, and the performance
metrics for the test dataset were evaluated as a hold-out
method.

In the current study, we used the predictions generated
by this previously reported machine learning model as the
benchmark against which the LLM’s diagnostic perform-
ance metrics were compared, referring to the headache spe-
cialist’s diagnosis as ground truth. No retraining or
modification of the machine learning classifier was per-
formed for this analysis.

To enhance model interpretability and to assess the rela-
tive contributions of demographic and symptom-based
questionnaire variables to classification performance, we
additionally computed Shapley Additive Explanations
(SHAP) values for the machine learning classifier.18

SHAP was used to quantify each input variable’s contribu-
tion to the model’s predictions. Global feature importance
was summarized using mean absolute SHAP values across
the test dataset, and class-specific feature effects were visua-
lized using SHAP beeswarm plots.

Katsuki et al. 3



LLM model and prompting
We evaluated diagnostic performance using an LLM
accessed through the ChatGPT application programming
interface (API) (OpenAI, San Francisco, CA, USA;
GPT-4.1; accessed on 10 November 2025). To avoid any
influence from previous interactions or user-specific con-
text, the memory function was disabled, and the model
was run in a stateless configuration throughout the study.
The model received the same structured questionnaire
data used for the machine learning classifier. Each
patient’s 22 questionnaire variables were converted into
a standardized text format and incorporated into a fixed
prompt. All comma-separated values-based variables,
including binary and one-hot encoded items, were directly
placed into predefined textual fields without further
transformation.

The LLM was intentionally evaluated in a zero-shot,
off-the-shelf configuration without domain-specific fine-
tuning. This design choice was made to reflect a real-world
use scenario in which clinicians may apply general-purpose
LLMs without task-specific optimization, and to maintain a

clear methodological distinction from supervised machine
learning models trained on labeled clinical data.

The LLM was provided with no additional training, fine-
tuning, or examples, and all predictions were generated in a
zero-shot setting (full prompt is shown in Supplementary
File 1). The prompt format was in Japanese and identical
across all patients, and the output was parsed to extract
the five-class diagnostic label of headache disorders. The
temperature, which controls the randomness of the model’s
output during text generation, was set to 0 to minimize sam-
pling randomness. Only the final predicted class label was
used for performance evaluation.

LLM reproducibility assessment
To evaluate the reproducibility of LLM predictions, a ran-
dom sample of 200 cases from the test dataset was selected,
stratified to preserve the original proportion of the five diag-
nostic categories. These 200 cases were processed five
times independently using the same prompts and settings.
Agreement across the five outputs was quantified using sim-
ple percentage agreement and Fleiss’ kappa (κ). This

Table 1. Headache questionnaire sheet.

Questions Answers

01. Age ( ) years old (y.o.)
02. Biological sex Male/Female
03. Height ( ) cm
04. Weight ( ) kg
05. Dominant hand Right, Left, Other ( )
06. Regular alcoholic consumption No, Sometimes, Everyday
07. Regular smoking habit No, Previous, Current
08. Bedtime a.m./p.m. (:)
09. Wake-up time a.m./p.m. (:)
10. Headache onset age ( ) y.o., ( ) days/months/years ago
11. Headache frequency ( ) times per min/h/month/year, every day
12. Headache duration Always, ( ) days, 1 day, Half a day, ( ) h, ( ) min, Moment
13. Site of headache Unilateral (right/left), bilateral, center, different site, around the eye, front, back, side, top,

craniocervical transitional, ear, chin, nose, teeth
14. Headache characteristics Pulsating, constricting, stabbing, tingling, grasped, gouged out, racking, dull, others ( )
15. Headache severity Numerical Rating Scale ( /10)

Needs rest, disturbing daily life without rest, not disturbing
16. Presence of aggravation or

improvement by exercise
Aggravation, improvement, no change

17. Concomitant symptoms Nausea, vomiting, photophobia, phonophobia, osmophobia, red eye, lacrimation, runny
nose, dizziness, fatigue, stiff shoulders, numbness in the extremities, others ( )

18. Presence of aura or prodrome Absent, scintillating scotoma, numbness in the extremities, increased appetite, edema,
sleepy, frequent urination, nausea, vomiting, photophobia, phonophobia, osmophobia

19. Times when headaches are most likely
to occur

Wake up, morning, afternoon, evening, sleeping

20. Triggers of headache None, lack of sleep, too much sleep, tired, drinking, smoking, bathing, weather, light,
loudness, smell, holiday, crowd, weather

21. Use of acute medication Drug’s name: ( )
Frequency: ( ) times per day/month/year
Effectiveness: very effective, mildly effective, not effective, different at times

22. Family history of headache disorders Yes/No (Mother, Father, Son, Daughter, Grandmother, Grandfather, Brother, Sister)

Note: Ask patients to check or fill out each item on the questionnaire.
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assessment aimed to determine the degree of stochastic vari-
ability in LLM-based diagnoses, even under deterministic
prompting conditions, and to confirm stability before compar-
ing the ground truth with the LLM and the machine learning
model. Reproducibility was assessed to evaluate output con-
sistency across repeated runs and was not intended as a meas-
ure of diagnostic performance or validity.

Evaluation metrics
Diagnostic performance of both the LLM and the machine
learning model were evaluated using balanced accuracy,
sensitivity (recall), specificity, precision, and F-value.
Balanced accuracy was defined as the mean of the sensitiv-
ity and specificity. For the multiclass setting, balanced
accuracy corresponds to the macro-averaged sensitivity,
calculated as the unweighted mean of class-wise true posi-
tive rates across all diagnostic categories. Sensitivity
(recall) was defined as the proportion of true cases of a
given class that were correctly identified as that class: true
positives divided by (true positives+ false negatives).
Specificity was defined as the proportion of non-cases cor-
rectly recognized as not belonging to that class: true nega-
tives divided by (true negatives + false positives).
Precision represented the proportion of predicted cases
that were true cases: true positives divided by (true posi-
tives+ false positives). The F-value was calculated as the
harmonic mean of sensitivity and precision, providing a sin-
gle metric that balances false-negative and false-positive
errors.

Class-wise sensitivity and specificity were calculated
using a one-vs-rest approach. Because five diagnostic
classes were evaluated, we computed macro-averaged
metrics. Macro-averaging first calculates each metric for
every class and then takes their unweighted mean, giving
equal weight to all classes regardless of prevalence.
Confusion matrices were generated for both models to fur-
ther characterize misclassification patterns.

Statistical analysis
All statistical analyses were performed using Python (ver-
sion 3.10) on Google Colaboratory, PyCaret 3.0.0, and
IBM SPSS Statistics 31.0.0 (IBM Corp., Armonk, NY,
USA). Variables with normal distribution are expressed as
mean (standard deviation), and categorical variables as
counts and percentages. No imputation was required
because the dataset contained no missing values. All statis-
tical tests were two-sided, and p-values <0.05 were consid-
ered statistically significant.

Diagnostic performance indicators included sensitivity
and specificity. Concordance between each model and the
ground truth was assessed using unweighted Cohen’s κ,
because the diagnostic categories were nominal.
Interpretation of κ values followed Cohen’s conventional

thresholds:≤ 0 indicated no agreement; 0.01–0.20, slight
agreement; 0.21–0.40, fair agreement; 0.41–0.60, moderate
agreement; 0.61–0.80, substantial agreement; and 0.81–
1.00, almost perfect agreement.19

To compare the agreement with the ground truth
between the LLM and the machine learning model, we cal-
culated Cohen’s κ coefficients for each model (ground truth
vs. machine learning, and ground truth vs. LLM). Then we
computed their difference (κ_machine_learning − κ_LLM).
The statistical significance of this difference was assessed
using nonparametric bootstrapping with 10,000 resamples,
yielding a 95% confidence interval (CI) for the difference
in κ.

To compare the sensitivity and specificity of the machine
learning model and the LLM, class-wise sensitivity and spe-
cificity were compared between the two models using
McNemar’s test under a one-vs-rest formulation. For each
diagnostic class, we constructed a 2× 2 contingency table
based solely on discordant paired outcomes: cases in which
the machine learning model correctly classified the patient
while the LLM misclassified it, and cases in which the
LLM was correct while the machine learning model was
incorrect. McNemar’s test evaluates whether these two dis-
cordant counts differ significantly, thereby providing a dir-
ect paired comparison of model performance for that class.

The McNemar effect size (φ) was defined as the differ-
ence between the two types of discordant pairs, divided
by the square root of their sum.20 A larger value of this
effect size indicates a greater imbalance between these
two types of discordant outcomes. A positive signed value
indicates that the machine learning model produced more
correct classifications than the LLM among the discordant
cases, whereas a negative value indicates that the LLM out-
performed the machine learning model.

Results

Dataset characteristics
Of the total, 6058 patients completed the structured head-
ache questionnaire and were included in the dataset, 4240
formed the training cohort, and 1818 formed the independ-
ent hold-out test cohort. The mean (standard deviation) age
was 34.7 (14.5) years, and 3906 patients (65.8%) were
female. No missing values were present in any question-
naire items.

The distribution of ground truth diagnoses was not stat-
istically different between the training and test sets. Overall,
4829 patients (79.7%) had migraine and/or MOH, 834
(13.8%) had TTH, 78 (1.3%) had TACs, 38 (0.6%) had
other primary headache disorders, and 279 (4.6%) had sec-
ondary headaches. Baseline characteristics did not differ
significantly between the training and test datasets.
Detailed diagnosis information and additional baseline vari-
ables are provided in the original article on the model.8
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Performance of the machine learning model
As reported previously,8 the gradient boosting classifier
model achieved high performance on the independent test
dataset. Macro-average sensitivity (balanced accuracy),
specificity, precision, and F-values were 48.5%, 87.5%,
40.6%, and 54.3% (Table 2). Cohen’s κ comparing the
machine learning model predictions with the ground truth
diagnosis was 0.46, indicating moderate agreement.

SHAP-based feature importance in the machine
learning model
To interpret the decision-making process of the machine
learning model, SHAP analysis was performed. Figure 1
shows the global feature importance based on mean abso-
lute SHAP values. Age at consultation and pain intensity
(visual analog scale) were identified as the most influential
features overall. Timing of headache: not specific, site:
around the eye, and attack frequency (4–14 days/month)
also contributed substantially to model predictions.
Detailed SHAP values are provided in Supplementary
Table 1, and class-specific SHAP beeswarm plots with cor-
responding values are shown in Supplementary Figures 1–5
and Supplementary Table 2. These analyses enabled trans-
parent assessment of the relative contributions of demo-
graphic and symptom-based variables to the model’s
predictions across headache subtypes.

Reproducibility of LLM predictions
To evaluate the intra-model consistency of the LLM, we
selected a random sample of 200 cases from the test dataset
using stratified sampling to preserve the original proportion
of the five diagnostic categories. These 200 cases were then
processed five times using the same zero-shot prompt. The
LLM produced identical predictions across all five runs in
80.0% of cases. Fleiss’ κ was 0.83, indicating more than
substantial inter-run agreement.

Performance of the LLM
Regarding the LLM’s performance, the macro-average sen-
sitivity (balanced accuracy), specificity, precision, and
F-values were 50.4%, 87.1%, 32.1%, and 34.6%
(Table 3). Cohen’s κ comparing the LLM predictions
with the ground truth diagnosis was 0.26, indicating fair
agreement.

Comparison of diagnostic performance between the
LLM and the supervised machine learning model
The LLM (Table 3) showed slightly higher macro-averaged
sensitivity (balanced accuracy) than the supervised machine
learning model (Table 4). On the other hand, the machineT
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learning classifier showed higher macro-averaged preci-
sion, specificity, and F-value, although these metrics were
not statistically compared.

To statistically compare agreement with the ground
truth between the two models, we performed a paired boot-
strap analysis (10,000 resamples) of Cohen’s κ. The differ-
ence in κ (machine learning minus LLM) was significantly
positive at 0.20 (95% CI: 0.15–0.25), and the bootstrap-
based p-value was <0.001. These results indicate that the
machine learning classifier demonstrated significantly
higher diagnostic agreement with the ground truth than
the LLM.

Class-wise sensitivity and specificity were further com-
pared between the two models using McNemar’s test under

a one-vs-rest framework (Table 4). For sensitivity, the
machine learning model significantly outperformed the
LLM in Migraine and/or MOH (Class 1) (φ= 18.08, 95%
CI [17.44–18.60]) and Secondary headaches (Class 5)
(φ = 2.83 [1.41–4.24]). Conversely, the LLM showed sig-
nificantly higher sensitivity than the machine learning clas-
sifier in TTH (Class 2) (φ= -4.04 [-5.70 to −2.18]).

For specificity, the machine learning model demon-
strated significantly better performance in TTH (Class 2)
(φ= 15.85 [14.95–16.64]), TACs (Class 3) (φ= 5.67
[5.00–6.00]), and Other primary headache disorders
(Class 4) (φ= 6.86 [6.30–7.14]). In contrast, the LLM
exhibited significantly higher specificity in Migraine and/
or MOH (Class 1) (φ= -5.53 [-7.26 to −3.80]).

Figure 1. Global feature importance across headache classes. Global feature importance for the multiclass headache classification
model based on mean absolute SHapley Additive exPlanations (SHAP) values. Horizontal stacked bars represent the contribution of
each feature to the prediction of five headache classes: Migraine and/or medication-overuse headache (MOH) (Class 1), Tension-type
headache (TTH) (Class 2), Trigeminal autonomic cephalalgias (TACs) (Class 3), Other primary headache disorders (Class 4), and
Secondary headaches (Class 5). Features are ordered by overall importance, and colors indicate each feature’s relative contribution to
its respective class. Global feature importance is the sum of feature importance values across the model and does not account for
direction (positive or negative contribution). Therefore, this metric reflects how important each feature was to the model’s overall
decision-making, but it does not indicate whether the feature increased or decreased the likelihood of a specific headache class. Details
of the value are shown in Supplementary Table 1.
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Discussion

Overall summary of findings
In this study, we directly compared the diagnostic
performance metrics of the previously validated supervised
machine learning classifier with those of the general-
purpose, non-domain-adapted, zero-shot LLM using
identical structured headache questionnaire data and
specialist-confirmed diagnoses as the ground truth. The
machine learning model demonstrated higher overall diag-
nostic agreement with the ground truth than the LLM, as

reflected by Cohen’s κ and macro-averaged performance
metrics. In contrast, the LLM exhibited distinct classifica-
tion tendencies, including higher sensitivity for TTH, indi-
cating that it was less likely to miss TTH cases, but lower
sensitivity for migraine and secondary headaches, suggest-
ing a greater tendency to overlook these conditions. It also
showed higher specificity for migraine, meaning it was less
likely to overdiagnose migraine, but lower specificity for
TTH, TACs, and other primary headache disorders, reflect-
ing a greater likelihood of assigning these diagnoses
erroneously.

Table 3. Diagnostic performance of LLM compared to the headache specialist.

Prediction by LLM Performance metrics

Ground
truth by the
headache
specialist

Class 1:
Migraine
and/or
MOH

Class
2:
TTH

Class
3:
TACs

Class 4:
Other
primary
headache
disorders

Class 5:
Secondary
headaches Total

Sensitivity
(recall), %

Precision,
%

Specificity,
%

F-value,
%

Class 1:
Migraine
and/or
MOH

1075 308 26 32 22 1463 73.5 89.3 63.7 80.6

Class 2: TTH 86 142 5 5 7 245 58.0 29.6 78.5 39.2
Class 3: TACs 7 0 12 1 0 20 60.0 24.5 97.9 34.8
Class 4:

Other
primary
headache
disorders

3 0 0 4 0 7 57.1 7.6 97.3 13.3

Class 5:
Secondary
headaches

33 30 6 11 3 83 3.6 9.4 98.3 5.2

Total 1204 480 49 53 32 1818 50.4* 87.1* 32.1* 34.6*

Abbreviations: LLM, large language model; MOH, medication-overuse headache; TACs, trigeminal autonomic cephalalgias; TTH, tension-type headache. *,
Macro-averaged metrics were calculated as the unweighted mean of class-wise values. Balanced accuracy corresponds to the macro-averaged sensitivity.

Table 4. Effect sizes (φ) from McNemar analysis comparing machine learning model and LLM performance for each headache category.

Sensitivity Specificity

Ground truth by the headache specialist φ (95% CI) p value φ (95% CI) p value

Class 1: Migraine and/or MOH 18.08 (17.44–18.60) <0.001* −5.53 (−7.26 to −3.80) <0.001*
Class 2: TTH −4.04 (−5.70 to −2.18) <0.001* 15.85 (14.95–16.64) <0.001*
Class 3: TACs −1.00 (−2.33–0.33) 0.508 5.67 (5.00–6.00) <0.001*
Class 4: Other primary headache disorders −2.00 (−2.00 to −2.00)† 0.125 6.86 (6.30–7.14) <0.001*
Class 5: Secondary headaches 2.83 (1.41–4.24) 0.008* 1.26 (0.14–3.22) 0.262

The signed McNemar effect size (φ) represents the directional imbalance between discordant classifications made by the two models. A positive value
indicates that the machine learning model made more correct classifications than the LLM among discordant cases, whereas a negative value indicates the
opposite. Values near zero reflect minimal difference between the models. CIs were obtained through bootstrap resampling of discordant pairs (10,000
iterations), and p-values were derived from the two-sided binomial form of McNemar’s test. Abbreviations: CI, confidence interval; LLM, large language
model; MOH, medication overuse headache; TACs, trigeminal autonomic cephalalgias; TTH, tension-type headache; *, p < 0.05; †, For classes with very
small sample sizes, sensitivity analyses had limited statistical power. Because a signed effect size was used, confidence intervals entirely above or below
zero indicate consistent directional differences rather than estimation bias.
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Although the LLM showed high intra-model reproduci-
bility under zero-shot prompting, its diagnostic outputs
were less consistent with the ground truth by the headache
specialist than those of the supervised machine learning
model. These findings highlight that using a general-
purpose, zero-shot, non-domain-adapted LLM in this
experimental configuration for headache diagnosis should
be approached with caution and that it was inferior to a well-
trained, domain-specific machine learning model. This com-
parison was not intended to represent the upper bound of
LLM capability, but rather to reflect a realistic scenario in
which clinicians may apply general-purpose LLMs without
few-shot prompting or domain-specific optimization.

Interpretation of macro-averaged metrics and class
imbalance
Macro-averaged metrics were appropriate in this study
because they gave equal weight to all diagnostic classes,
including clinically important minority categories such as
secondary headaches, TACs, and other primary headache
disorders. Unlike micro-averaged metrics, which are domi-
nated by the highly prevalent migraine and/or MOH cat-
egory, macro-averaging better addressed our research
question of comparing the diagnostic behavior of the super-
vised machine learning model and the LLM across all five
headache categories in this imbalanced dataset.

From this perspective, the machine learning model
showed an important advantage, particularly in identifying
secondary headaches. This may reflect the supervised
machine learning model’s ability to learn clinically relevant
combinations of structured questionnaire features from
labeled data, even within a heterogeneous category such
as secondary headaches. It may also reflect the clinical set-
ting of the dataset, which was derived from a headache spe-
cialty outpatient clinic largely consisting of walk-in
patients; in this context, the machine learning model may
have been better adapted to the types of secondary head-
aches encountered in specialist ambulatory practice,
whereas a general-purpose LLM may have relied on
broader medical representations that implicitly span a wider
range of clinical scenarios, including emergency depart-
ment and other acute care presentations.

Nevertheless, the machine learning model performed
best in categories with relatively distinctive symptom pat-
terns, such as migraine and TACs. In contrast, performance
was lower in more heterogeneous categories, particularly
other primary headache disorders and secondary headaches.
In addition, the marked imbalance in class size in the pre-
sent dataset, with very small sample numbers in some cat-
egories, may have limited the stability of performance
estimates for these groups. Future studies with larger
datasets enriched for rare headache subtypes will be
required to more accurately assess model performance in
these categories.

Previous research on LLMs in clinical practice for
headache disorders
LLMs have only recently begun to be explored in clinical
practice for headache disorders.17,21–25 Although our study
is the first to directly test the diagnostic performance metrics
of an LLM using the structured headache questionnaire,
several previous investigations have examined the utility
of LLMs for other headache-related tasks, such as extract-
ing headache frequency21 and answering questions on head-
ache disorders.22,23

Chiang et al.21 developed a few-shot GPT-2-based gen-
erative natural language processing model fine-tuned on
clinical notes and calculations, which accurately extracted
headache frequency with 92% accuracy from electronic
health records and outperformed traditional natural lan-
guage processing approaches. It demonstrates the growing
usefulness of LLMs for handling real-world clinical text
in the medical records on headache disorders. Also, their
zero-shot GPT-2 model demonstrated markedly lower
performance compared with fine-tuned few-shot models,
highlighting that LLMs generally require task- or domain-
specific tuning to achieve optimal accuracy. This suggests
that the absence of fine-tuning in our LLM evaluation
may have contributed to the relatively lower diagnostic per-
formance compared with the machine learning classifier.

Garcia et al.22 showed that ChatGPT-4o can provide
generally accurate and clinically coherent answers to
migraine-related questions, with most responses rated as
satisfactory but some limited by reference errors and insuf-
ficient technical depth. Raposio and Baldelli23 found that
generative AI tools with LLMs could provide rapid, gener-
ally accurate, and scientifically reliable descriptions of the
outcomes and complications of migraine surgery. Similar
studies have described the educational and informational
uses of LLMs in headache medicine, and all have concluded
that these tools can be helpful in providing accessible, clin-
ically relevant knowledge.17,24,25 Taken together, these
prior studies indicate that LLMs show promise as support-
ive tools for headache information dissemination and edu-
cation, although their role in headache diagnosis has
mainly remained unexplored until now.

Comparison between machine learning models and
LLMs in clinical practice
Comparative evaluations of LLMs and conventional
machine learning approaches have now been reported across
a wide range of clinical domains.26 Some studies have shown
that LLMs can perform as well as, or even better than,
machine learning models, especially when LLMs are fine-
tuned on domain-specific data, or used with few-shot
prompting or multimodal information.27,28 However, most
reports still indicate that supervised machine learning models
outperform general-purpose, zero-shot, non-domain-adapted
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LLMs when the task involves structured prediction from
tabular clinical data.26,29

Previous studies comparing LLMs with conventional
machine learning in clinical diagnosis have shown that
LLMs often have characteristic diagnostic biases. For
example, general-purpose, zero-shot, non-domain-adapted
LLMs can broaden the differential diagnosis, but may still
fail to reliably identify the most likely diagnosis, even
when the correct diagnosis appears somewhere in the
list.30 Also, a randomized trial using complex clinical vign-
ettes showed that access to a general-purpose, zero-shot,
non-domain-adapted LLM as a diagnostic support did not
significantly improve physicians’ diagnostic reasoning or
final diagnosis accuracy compared with conventional
resources alone, even though the LLM itself outperformed
physicians.16 Furthermore, LLMs may perform well for
common cases but less reliably for more complex ones.31

These patterns are similar to our results. In our study, the
LLM showed higher sensitivity for TTH, which has more
general symptom patterns, but lower sensitivity for
migraine and secondary headaches, which require more
specific clinical features. Regarding specificity, the LLM
demonstrated higher specificity for migraine but lower spe-
cificity for TTH, TACs, and other primary headache disor-
ders, suggesting a tendency to misclassify these categories.
In contrast, the machine learning model trained on struc-
tured real-world data showed higher sensitivity for migraine
and secondary headaches and better specificity across sev-
eral classes, indicating more stable, calibrated diagnostic
behavior in headache disorder-specific conditions.

Task-specific machine learning models, such as a diagnos-
tic model, can outperform general-purpose, zero-shot,
non-domain-adapted LLMs when clear diagnostic criteria
and structured variables are required.29,32 Although LLMs
can provide useful medical information andmay support clin-
ical education, their diagnostic performance is still influenced
by the nature of their training text. Therefore, even with the
rapid evolution of LLMs, continued collection of high-quality
clinical data and refinement of domain-specificmachine learn-
ing models will remain essential for developing reliable head-
ache diagnostic tools.32–34 To that end, it will also be
necessary to develop systems that efficiently collect large
volumes of high-quality clinical data through app-based con-
sultations and treatment progress tracking.35–37 At the same
time, our analysis was conducted using a general-purpose,
zero-shot, non-domain-adapted LLM. Few-shot prompting
and domain-specific fine-tuning can substantially improve
diagnostic performance.27,28 Therefore, future work should
also evaluate these enhanced LLM configurations to assess
their potential utility for better headache diagnosis.

Limitations
This study has several limitations. First, the findings are
based on data from a single headache clinic, and the models

may have learned diagnostic tendencies specific to one spe-
cialist, potentially reflecting local diagnostic habits.
External validation in primary care settings,
non-headache-specialized hospitals, and international
cohorts with differing epidemiology and clinical practices
is required to assess generalizability. Also, the machine
learning model used both the training and test data from
the same clinic, which will have artificially improved its
performance metrics, making the difference with the LLM
larger. Ideally, model comparison should be performed
using external test data from other institutions, both domes-
tic and abroad, to provide a fairer assessment of relative
performance.

Second, marked class imbalance was present in the data-
set, with migraine and/or MOH accounting for approxi-
mately 80% of cases, while TACs and other primary
headache disorders comprised only about 1–2% each.
This imbalance limits the stability and interpretability of
class-specific and macro-averaged performance estimates,
particularly for rare headache categories, and likely contri-
butes to the relatively low macro-averaged sensitivity and
precision observed in these classes. In addition, several clin-
ically distinct headache subtypes were grouped into broader
diagnostic categories, potentially obscuring subtype-
specific features and introducing classification bias for
both the supervised machine learning model and the
LLM. Diagnostic heterogeneity and subtype aggregation
can substantially influence model performance in headache
classification tasks.38,39 Therefore, continued data collec-
tion and careful consideration of model design, including
the handling of rare classes and subtype heterogeneity,
will be necessary to improve the robustness and generaliz-
ability of future models.

Third, the analysis relied exclusively on structured ques-
tionnaire data without neurological findings, vital signs,
laboratory results, or imaging information. Moreover,
although the questionnaire was originally completed in
Japanese, the LLM processed the information through a
translated structured prompt. As most current LLMs are
predominantly trained on English-language corpora, subtle
linguistic or cultural biases in symptom interpretation can-
not be excluded.

Fourth, our evaluation of the LLMwas intentionally lim-
ited to a general-purpose, off-the-shelf configuration with-
out few-shot prompting and domain-specific adaptation.
This design was chosen to reflect current real-world use
scenarios in which clinicians may apply LLMs as diagnos-
tic aids without appropriate optimization. Consequently, the
present findings should not be interpreted as representing
the theoretical upper limits of LLM performance in head-
ache diagnosis, but rather as an assessment of performance
under this constrained and commonly encountered
configuration.

Fifth, primary headache disorders are defined by
symptom-based diagnostic criteria rather than objective or

10 Cephalalgia 46(4)



definitive biological markers. Therefore, both the super-
vised machine learning model and the LLM rely on patient-
reported symptoms, which imposes an inherent ceiling on
achievable diagnostic performance. Moreover, as migraine
diagnostic criteria remain an active area of discussion,40

continuous data collection and model updating will be
necessary.

Finally, the diagnostic performance of both approaches
may vary depending on methodological choices. For the
machine learning model, alternative feature preprocessing,
class-imbalance handling, or algorithm selection could
yield different results. Similarly, LLM performance
depends on the underlying model architecture, training
data, language, and prompting strategy. In particular, few-
shot prompting or domain-specific fine-tuning may substan-
tially improve LLM performance; however, these
approaches were not evaluated in the present study, as
they would shift the focus toward prompt engineering or
model optimization and introduce additional concerns
related to reproducibility and data leakage. Nevertheless,
evaluating LLM performance with few-shot prompting
and domain-specific fine-tuning will be necessary in future

studies to more fully assess LLMs’ intrinsic diagnostic cap-
abilities. Besides, our evaluation used a single LLM version
in the structured-text format in Japanese and may not reflect
the performance of other models or languages.
Furthermore, while high intra-model reproducibility indi-
cates output stability under identical prompting conditions,
it does not imply diagnostic correctness or clinical validity.
We also disclose that this study is for research purposes and
is not intended for clinical implementation.

Conclusions
In this study, a supervised machine learning model trained
on real-world headache data showed higher diagnostic
agreement with specialist-confirmed diagnoses than a
general-purpose, zero-shot, non-domain-adapted LLM
when classifying headache disorders based on structured
questionnaire data in this experimental configuration.
Future work should evaluate whether few-shot prompting,
domain-specific fine-tuning, improved prompt engineering
for LLMs, or multimodal data integration can further
improve LLM performance for headache diagnosis.

Article highlights

• Using headache questionnaire data, we compared a supervised machine learning model with a general-purpose,
zero-shot, non-domain-adapted large language model (LLM) for five-class ICHD-3-based diagnosis.

• Diagnostic agreement with the specialist-confirmed diagnosis was higher for the machine learning model than
for the LLM (Cohen’s κ 0.46 vs. 0.26).

• These findings highlight that the use of a general-purpose, zero-shot, non-domain-adapted LLM in this experi-
mental configuration for headache diagnosis should be approached with caution and was inferior to a well-
trained, domain-specific machine learning model.
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