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INTRODUCTION
Transient loss of consciousness (T-LOC) is a symptom with a broad 

differential diagnosis spanning neurology, cardiology, and internal medicine. This 
heterogeneity increases diagnostic uncertainty in acute and secondary care, 
hampering clinical decision making.1,2

Syncope units (SUs) address this diagnostic uncertainty through a guideline-
based “initial evaluation”.1 Protocols among SUs vary,3 but usually combine 
multidisciplinary input, in which the patient’s presentation is assessed from 
different diagnostic perspectives with autonomic testing. Referral letters often lack 
essential symptom descriptions, physical ͤndings, electrocardiogram (ECG) and 
medication histories. Furthermore, pre-referral non-pharmacological intervention 
and medication reviews are often not performed by referents.4 After all, structured 
thorough history-taking remains the cornerstone of T-LOC assessment.1 These 
essential ͤndings, when documented accurately and comprehensively, support 
effective initial triage and provide the basis for subsequent risk stratiͤcation, in 
accordance with the European Society of Cardiology (ESC) syncope guidelines, 
thereby helping to ensure patient safety.1

Artiͤcial intelligence (AI) has emerged as a promising diagnostic support tool 
in syncope evaluation.5-7 Recent studies demonstrate that machine learning, deep 
learning, and natural language processing can separate syncope from syncope-
mimics, predict length of stay, perform risk-stratiͤcation, and auto-interpret 
ECGs.7-11 However, the assessment of performance and safety is contingent upon 
critical follow-up resulting in a ͤnal or reference diagnosis.4,9,12-15

We previously compared the performance of Generative Pre-trained 
Transformer-4 omni (GPT-4o)16 to that of medical professionals using only 
referral letters to the SU.4 GPT-4o’s recall was high, but precision was poor. The 
most alarming cause of T-LOC, cardiac syncope, was often missed. While many 
therapeutic interventions were aligned with current recommendations of the ESC 
guidelines, the diagnostic output of the Large Language Model (LLM) approach 
lacked the clinical judgement necessary for safe autonomous implementation.4

In this study, we evaluate the diagnostic performance, safety, and consistency 
of the Generative Pre-trained Transformer-5 (GPT-5) model using structured 
clinical reports derived from evaluations performed by a syncope-expert. Unlike 
many diagnostic evaluations of LLMs that focus primarily on a single model 
output, we also examined whether GPT-5 provided stable diagnostic conclusions 
when identical clinical information was presented repeatedly. The unique 
contribution of this study is therefore the combined assessment of diagnostic 
yield, diagnostic inclusion, diagnostic precision, cardiac diagnostic safety, and 
within-case consistency across ͤve independent runs per case, using systematic 
follow-up and blinded expert-panel adjudication as the reference standard.

MATERIALS AND METHODS
Patients

We investigated a random sample of 55 general practitioner-referred patients 
evaluated in SUs across three general hospitals, selected from the prospectively 
collected consecutive Haaglanden SU database (April 2015–December 2022), the 
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same cohort as in our previous study.4 This database comprises patients with 
documented T-LOC who were referred for evaluation and were assessed by the 
same syncope-expert in a dedicated SU following a standardized protocol (as 
described in the following section).

SU evaluation

The study protocol was approved by the Medical Ethics Review Committee 
Leiden/The Hague and Delft (METC nr: 18‑061). All participants provided written 
informed consent. GPT-5 was evaluated under controlled conditions at the 
Amsterdam University Medical Center, ensuring patient safety and data privacy. 
Ethical approval for the use of GPT-5 with anonymized data was obtained, 
including General Data Protection Regulation compliance and provisions for 
human oversight (METC, Amsterdam, nr: 2024.0124).

All patients were ͤrst evaluated in the SU by the same syncope-expert, using 
a standardized diagnostic work-up protocol (see Figure 1). The initial diagnostic 
assessment was performed in accordance with guideline-based syncope 
evaluation and is hereafter referred to as core evaluation (CE). CE consisted 
of thorough history-taking, physical examination, an active standing test, 
and a 12-lead ECG. Extended evaluation (EE) comprised CE plus transthoracic 
echocardiography (TTE) and exercise ECG whenever feasible, with additional 
investigations (e.g., Holter monitoring and head-up tilt testing (HUTT) performed 
only when clinically indicated, at the discretion of the syncope-expert (Figure 1). 
Findings from the evaluation were recorded in a ͤxed, structured format across 
all cases to minimise interpretative variation. The clinical report was limited 
to a structured summary of observed clinical and test data; no ‘impression/
assessment’ or diagnostic interpretation was provided to GPT-5. In cases of 
diagnostic uncertainty, multidisciplinary consultation was readily available.

Follow-up

The syncope-expert and GPT-5 made a diagnosis after the CE and after the EE, 
using identical information. Thereafter, we followed the patients systematically 
for eighteen months and gathered information regarding T-LOC episodes and 
diagnostic changes. Structured questionnaires captured all recurrent syncope, 
further diagnostic testing, hospital admissions, and any change in diagnosis 
following the SU visit (Figure 1). Follow-up consult was performed at six and 
eighteen months. When appropriate, data were veriͤed by additional phone 
consultation.

After follow-up, an expert panel of three physicians (FJdL, JSYdJ, TTB) with 
expertise in syncope reviewed all cases using all available data, without reference 
to the prior diagnostic conclusion. GPT-5 was evaluated in a non-interactive, 
case-based format and could not ask clarifying questions, request additional 
information, or interact with patients or clinicians. Both the ͤnal adjudication 
panel and GPT-5 were blinded to the diagnostic labels under comparison: the 
adjudication panel did not receive the initial diagnosis of the syncope-expert or 
GPT-5 diagnoses, and GPT-5 did not receive the syncope-expert diagnosis or 
the ͤnal adjudicated diagnosis. They reached a ‘ͤnal diagnosis’ following the 
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same protocol as in prior studies.4,17 Cases in which no etiological ͤnal diagnosis 
could be supported after complete follow-up were classiͤed as ‘unexplained 
T-LOC’, consistent with guideline-based syncope practice. The ͤnal diagnosis 
was employed as the reference standard to evaluate diagnostic precision and 
safety, as outlined in the following section (Figure 1). Separate clinical reports 

Figure 1. Diagnostic flowchart. Phase-1: Core evaluation (CE) in the syncope unit by the syncope-
expert and GPT-5. Phase-2: Follow-up of 1.5 years. Phase-3: Diagnostic adjudication by an expert 
committee after 1.5 years of follow-up, serving as the reference standard diagnosis, resulting in the 
ͤnal diagnosis. In addition to adjudication, diagnostic precision and diagnostic safety were also 
assessed.
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were drafted following the CE and EE, each encompassing the data corresponding 
to that particular assessment. An anonymized example of the structured CE/EE 
report template is provided in Supplementary material 1.

Risk-stratification

Risk features were deͤned and categorized using the 2018 version of the 
ESC syncope guidelines.1 Speciͤcally, low-risk, high-minor, and high-major risk 
features were evaluated across history, physical examination, and ECG. Minor 
high-risk features were subsequently interpreted according to the conditional 
ESC criteria: minor high-risk features related to the syncopal event were classiͤed 
as clinically high-risk only when accompanied by structural heart disease and/
or an abnormal ECG, whereas minor high-risk electrocardiographic features 
were classiͤed as clinically high-risk only when the history was consistent with 
arrhythmic syncope (see Table 1).18 For each SU letter, we assessed whether 
these features were explicitly documented. This assessment was performed to 
evaluate the completeness of reporting; letters were not excluded on the grounds 
of missing information, and no information was added.

Instructions to LLM

LLMs such as GPT-5 are a speciͤc type of AI based on transformer architectures, 
trained on massive text corpora to predict the next word (token) in a sequence; 
by repeating this prediction step, they can generate, summarize, and reformulate 
clinical text and answer free-text questions in a probabilistic, pattern-based 
manner.19-21

To facilitate this analysis, a single structured prompt, identical to that used 
in prior research,4 was applied to all cases. It was developed based on the ESC 
syncope guideline and its web practical instruction.1,22 Prompt design followed 
the RICCE-framework (Role, Instructions, Context, Constraints, and Examples), 
ensuring standardization and reproducibility of model input.4 GPT-5 was allowed 
to indicate diagnostic uncertainty and to state when the available information 
was insufͤcient to support a clear diagnosis. The prompt had been developed and 
tested previously on separate cases not included in the present study and was 
ͤxed before analysis. The same prompt was then applied across all study cases 
and across all ͤve runs per case.23-25 No new dataset training was performed 
prior to this analysis. GPT-5 was using the clinical report after the CE and after 
EE. Building on our prior study with GPT-4o using SU referral letters, we applied 
the same evaluation framework to the newer GPT-5 model, expected to perform 
better with richer, guideline-concordant SU data (CE and EE).

Analysis

We used several methods to assess the diagnostic performance of GPT-5 
compared to the syncope-expert. In accordance with the Haaglanden database, 
the syncope-expert documented a single diagnosis for each patient rather than a 
differential diagnosis comprising multiple aetiologies. Outcomes were diagnostic 
yield, the diagnostic inclusion rate, and for GPT-5 the diagnostic precision score 
(DPS).
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Diagnostic yield was deͤned as the proportion of cases in which any etiological 
diagnosis (reflex syncope, orthostatic hypotension (OH), cardiac syncope, or other 
speciͤed cause) or ‘unexplained T-LOC’ was assigned by the syncope-expert 
or GPT-5 after CE and after EE. Yield therefore reflects etiological classiͤcation 
rather than direct physiological observation during the event.

The diagnostic inclusion rate quantiͤed whether the ͤnal diagnosis appeared 
anywhere within GPT-5’s differential diagnosis list (coverage), whereas the DPS 
(see next section) quantiͤed the conciseness of that list by rewarding correct 
inclusion and penalizing over-inclusive differentials (precision).

The DPS was calculated using the methodology previously described.4 
In short: DPS rewards inclusion of the correct ͤnal diagnosis (+1 point) while 
penalizing over-inclusive differentials through a ͤxed deduction per incorrect 
diagnosis. For this we calculated a penalty score to determine the DPS for GPT-5 
after both the CE and EE. For example, if GPT-5 provided the largest possible list 
of six differential diagnoses, including the ͤnal diagnosis and ͤve incorrect ones, 
the penalty score for each incorrect diagnosis would be 1 ÷ 5 = 0.20. The DPS for 
that case would then be: +1 − (5 × 0.20) = 0. If the ͤnal diagnosis was not included 
at all, no point was awarded, but the penalty score is still applied to all diagnoses 
in the list, resulting in a negative DPS of (5 × 0.20) = –1.00. This method ensures 
that concise, accurate diagnostic reasoning was rewarded, while excessive or 
unfocused differential lists were penalized accordingly (see also Supplementary 
Table S1).

Diagnostic safety

To assess diagnostic safety, we analyzed a subgroup of cases with a ͤnal 
diagnosis of cardiac syncope. Diagnostic safety was deͤned as how often the ͤ rst 
diagnosis of cardiac syncope (the most alarming cause of T-LOC) was correctly 
identiͤed by the syncope-expert and GPT-5 (CE and EE), compared to the ͤnal 
diagnosis. Secondly, all cases with a ͤnal cardiac diagnosis were traced back to 
their initial diagnostic classiͤcation to quantify how often cardiac syncope was 
missed at the ͤrst diagnostic assessment of the syncope-expert and GPT-5.

Within-case consistency of GPT-5

Per case, a single GPT-5 analysis was initially planned and executed. In one 
case, an additional analysis was performed inadvertently. The discrepant result 
prompted a protocol amendment. Five independent GPT-5 analyses (with the 
same prompt) per case were generated for all cases, and for both the CE and 
EE phases using identical case input, the same prompt template, and the same 
model parameters as in the primary analysis.4

Within-case diagnostic consistency across the ͤve runs was assessed by 
counting, for each run, how often the ͤrst diagnosis of the differential list was 
replicated. For discordant cases (≥ 2 different ͤrst diagnoses), speciͤc diagnosis 
combinations were enumerated (e.g., OH with reflex, cardiac with reflex, OH 
with cardiac, etc.) to determine in which diagnostic domains the model showed 
inconsistency or mismatch. Also, we recorded the proportion of cardiac diagnoses 
besides reflex and OH that appeared at least once in the differential diagnosis.
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Outcomes for comparison with the ͤ nal diagnosis were summarized at two levels.
Case level: For each case, the number of runs was counted in which the ͤrst 
diagnosis of the differential diagnosis matched the ͤnal diagnosis (0/5–5/5).
Group level: All individual runs were pooled per phase (CE and EE, 54 cases × 
5 analyses = 270 runs per phase), and the proportion of runs where the ͤrst 
differential diagnosis matched the ͤnal diagnosis was calculated.

Determinants and diagnostic inconsistency

We evaluated the determinants and their association with GPT-5’s diagnostic 
inconsistency for CE and EE, including demographics; characteristics of the 
syncopal event before, during, and after the episode; vital signs; results of 
additional diagnostic tests; risk scores; and features of the syncope referral letter, 
as detailed in Supplementary Table S2.

Statistical analysis

Continuous variables are presented as means with standard deviations (SD) or 
medians with IQR, depending on the distribution of the data. Categorical variables 
are presented as counts and percentages. Diagnostic performance is reported as 
a percentage of total cases, representing the proportion of correct classiͤcations.
The diagnostic correctness of GPT-5 and the syncope-expert (each assessed 
against the ͤnal diagnosis) a paired exact McNemar test was used; results are 
reported as a matched-pairs odds ratio (OR) with 95% conͤdence interval (CI), 
separately for CE and EE.

A Sankey plot was generated to visually represent the flow of data and the 
distribution of diagnostic outcomes between the syncope-expert and GPT-5, 
highlighting the transitions and associations across the various stages of the 
study.

Univariable logistic regression was performed to evaluate the association 
between each candidate factor and the AI outcome; results are presented as OR 
with 95% CIs and P-values.

RESULTS
The study population consisted of 55 patients referred for evaluation of T-LOC 

and evaluated by a single syncope-expert (Figure 1). All underwent the CE and EE 
phases. Subsequently, syncope-expert clinical reports were evaluated by GPT-
5 (Figure 1). The clinical characteristics are shown in Table 2. Data about the 
syncopal event and vital signs are shown in Table 3.

Risk-stratification

All 55 clinical reports after CE by the syncope-expert contained documentation 
of the syncopal event, physical examination, past medical history, and ECG 
ͤndings. Across these domains, risk features were recorded per patient and event 
(Table 1).18

•	Syncopal event: 76 low-risk; 62 high-risk (48 minor, 14 major).
•	Physical examination: 45 low-risk; 10 high-risk.



Table 2 Patient characteristics

Variable Mean (SD) Median (Q1, Q3) Min–Max n (%)

Demographics and anthropometrics

Age (years) 61 (17) 63 (50, 75) 21–87 —

Female sex — — — 30 (54.5)
Height (cm) 173 (9) 172 (167, 180) 155–193 —

Weight (kg) 77 (13) 75 (66, 87) 54–105 —

Body mass index (kg/m²) 26 (3.7) 25 (23, 28) 18–36 —

Syncope characteristics

Syncopal episodes in previous 12 months 2.11 (2.71) 1 0–20 —

Self-reported duration of loss of consciousness 
0–5 min

— — — 48 (87.3)

Self-reported duration of loss of consciousness 
> 5 min

— — — 6 (10.9)

Recovery time after syncope (min) 8.09 (25.20) 0 0–180 —

Immediately reoriented after syncope — — — 46 (83.6)
Prodromal symptoms present — — — 30/54 (55.6)
Prodrome duration (s) 4 1 . 0 9 

(116.23)
2 0–720 —

Previous diagnostic evaluation by general

Number of diagnostic tests performed before 

evaluation syncope-expert
1.93 (1.37) 2 0–7w —

Fluid intake

Daily fluid intake (mL) 1,636 (476) 1,750 500–2,500 —

Fluid intake assessed — — — 1 (1.8)
Lifestyle

Non-smoker — — — 31 (56.4)
Ex-smoker — — — 14 (25.5)
Current smoker — — — 10 (18.2)
Alcohol intake — — — 24 (43.6)
Substance use — — — 1 (1.8)
Medical history

Cardiac genetic predisposition — — — 29 (52.7)
Hypertension — — — 16 (29.1)
Family members deceased before age 55 years — — — 6 (10.9)
Diabetes mellitus — — — 6 (10.9)
Coronary artery disease — — — 5 (9.1)
Hypercholesterolaemia — — — 4 (7.3)
Cerebrovascular accident — — — 4 (7.3)
Pulmonary embolism — — — 3 (5.5)
Heart valve disease — — — 1 (1.8)
Congenital heart disease — — — 0 (0.0)
Parkinson’s disease — — — 0 (0.0)
Epilepsy — — — 0 (0.0)
Deep vein thrombosis — — — 0 (0.0)



Table 3 Clinical features of the syncopal event and vital signs

Mean SD Minimum Maximum Median

Syncopal event

T-LOC episodes lifetime (n=) 6.65 9.4 1 45 3

T-LOC episodes last year (n=) 2.13 2.27 0 20 1

Previous diagnostic tests (n=) 1.93 1.37 0 7 2

Previous consulted specialist (n=) 0.4 0.19 0 1 0

Duration prodrome before syncope (s) 41.09 116.23 0 720 2

Duration of loss of consciousness (min) 1.98 1.28 1 6 2

Duration of recovery (min) 8.24 25.41 0 180 0

Vital signs

Systolic blood pressure (mmHg) 119.87 19.045 80 160 120

Diastolic blood pressure (mmHg) 76.76 10.472 50 110 80

Heart rate (Beats per minute) 76.81 15.63 45 130 73.5

Left ventricular ejection fraction (%) 59.98 4.223 45 65 60

Medication use

Variable Mean (SD) Median (Q1, Q3) Min-Max n (%)

Any medication use — — — 37 (67.3)

Number of medications per patient 2.98 (3.26) 2 0–14 —

Antihypertensive, heart-rate-lowering or 
antianginal medication

— — — 18 (32.7)

Gastrointestinal medication and laxatives — — — 15 (27.3)
Endocrine, bone and vitamin supplementation — — — 13 (23.6)
Antithrombotic medication — — — 13 (23.6)
CNS-active medication — — — 12 (21.8)
Lipid-lowering medication — — — 12 (21.8)
Allergy, ENT or ophthalmic medication — — — 5 (9.1)
Hormonal contraception — — — 5 (9.1)
Diabetes medication — — — 4 (7.3)
Respiratory medication — — — 4 (7.3)
Analgesic or anti-inflammatory medication — — — 4 (7.3)
Rheumatologic, immunosuppressive or gout 

medication

— — — 4 (7.3)

Urogenital medication — — — 2 (3.6)
Smoking cessation medication — — — 2 (3.6)
Anti-infective medication — — — 1 (1.8)

Fifty-ͤve patients analyzed in the syncope unit by the syncope-expert.

Syncopal event features, and vital signs of 55 patients. Continuous data are shown as mean (SD), minimum, maximum, and 
median; categorical data as counts.
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•	Past medical history: 60 low-risk; 6 high-risk.
•	ECG findings: 43 low-risk; 13 high-risk (3 minor, 10 major).
•	Of the 48 minor high-risk features related to the syncopal event, thirteen met clinically 

relevant high-risk criteria (structural heart disease (n = 5) and high-risk ECG abnormalities 
(n = 8)). No cases fulfilled the minor ECG criteria of recurrent falls presumed to be 
arrhythmogenic in origin.18

Diagnostic phases

Diagnostic yield

The diagnostic yield (i.e., the production of any diagnosis including “unexplained 
T-LOC”) of the syncope-expert was 94% for both the CE and EE assessments 
(Figure 2). The diagnostic yield of GPT-5 was 100% for the CE and 96% for the EE 
assessments (Figure 2). Diagnostic yield was prespeciͤed as the production of 
any diagnostic label and was analyzed separately from ͤnal-diagnosis inclusion 
and the DPS, which are reported below.

Follow-up

In one case, the follow-up was not complete, leaving 54 cases available for 
assessment of the diagnostic performance.

Final diagnosis

The baseline characteristics of this cohort have been described in detail 
previously4, the distribution of ͤnal diagnosis (n = 54) revealed reflex syncope 
(46%, n = 25), unexplained T-LOC (24%, n = 13), OH (20%, n = 11), cardiac syncope 
(7%, n = 4), and functional neurological disorder with apparent T-LOC (2%, n = 1). 
Notably, three of the four ͤnal diagnoses adjudicated as cardiac syncope were 
arrhythmic in origin, while one was attributed to structural heart disease. Mean 
age (years) was 61 (SD 17; IQR 50–75) and 54.5% were female (n = 30).
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Figure 2
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Diagnostic inclusion rate (syncope-expert and GPT-5)

One case was lost to follow-up, leaving 54 cases for the analysis of the 
diagnostic inclusion rate and the DPS. The syncope-expert included the ͤnal 
diagnosis in 67% (n = 36) of cases in both the CE and EE protocols. GPT-5 included 
the ͤnal diagnosis in 52% (n = 28) of CE cases and 57% (n = 31) of EE cases 
(Figure 2). No signiͤcant difference between the syncope-expert and GPT-5 was 
observed in CE (exact McNemar p = 0.057) or EE (p = 0.302). In CE (n = 54), the 
syncope-expert alone included the ͤnal diagnosis in 11 cases, whereas GPT-5 
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T-LOC

Orthostatic

Hypotension

Re�ex

Syncope

FND

Cardiac

Syncope

Unexplained

T-LOC

Orthostatic

Hypotension

Re�ex

Syncope

FND

Final

Diagnosis

Diagnosis

Syncope Expert

CE

Diagnosis

Syncope Expert

EE
n=54 n=54

Figure 3 Diagnostic flowchart of the diagnosis from the syncope-expert compared 
to the final diagnosis

Diagnostic flowchart comparing the diagnostic classiͤcation of the syncope-expert with the ͤnal 
diagnosis. The left panel shows the diagnosis after the CE evaluation based on only history-taking, 
physical examination, ECG, and active standing test. The middle panel presents the EE diagnosis 

based on CE with additional testing (echocardiography, exercise stress testing, Holter monitoring, and 
tilt-table test). The right panel shows the ͤnal diagnosis. Lines indicate the diagnostic concordance 
or shift between diagnoses. OH: orthostatic hypotension; FND: functional neurological disorder; SU: 

syncope unit; CE: core evaluation: EE: extended evaluation.

was correct in three cases (matched-pairs OR 0.27, 95% CI 0.05–1.03); in EE (n = 
54) these were 10 vs 5 (OR 0.50, 95% CI 0.13–1.61).
DPS (GPT-5)

The maximum number of diagnoses provided by GPT-5 was six. Consequently, 
the penalty-score for each incorrect diagnosis in the list of differential diagnoses 
was 0.20 (see for explanation also in Materials and methods section and 
Supplementary Table S1). Using this methodology, we calculated the DPS for 
every case. The cumulative DPS in the CE phase was −2% (mean −0.03, SD 0.54). 
After EE information, cumulative DPS was −1% (mean −0.01, SD 0.49) (see Figure 
2).
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Diagnostic safety (syncope-expert and GPT-5)

To quantify diagnostic safety, GPT-5 assigned a cardiac diagnosis in 17% (n 
= 9) of 54 cases after CE. This matched the ͤnal adjudicated diagnosis in 1 of 9 
cases, corresponding to a positive predictive value of 11%. The remaining cases 
had a ͤnal diagnosis of unexplained T-LOC (44%, n = 4), OH (22%, n = 2), and reflex 
syncope (22%, n = 2) (Figure 3). After EE GPT-5 assigned a cardiac diagnosis in 9% 
(n = 5) of 54 cases. In 20% (1/5), this matched the ͤnal diagnosis, corresponding 
to a positive predictive value of 20%. The remaining cases had a ͤnal diagnosis of 
unexplained T-LOC (60%, n = 3) and OH (20%, n = 1) (Figure 3).

The diagnoses established by the syncope-expert during the CE phase 
remained unchanged after the subsequent EE evaluation in all cases. A cardiac 
cause was assigned in 20% of cases (11/54). In 27% (3/11), this diagnosis 
matched the ͤnal diagnosis. In the remaining cases, the syncope-expert either 
withheld a diagnosis (46%, 5/11), misclassiͤed the case as OH (18%, 2/11), or as 
reflex syncope (9%, 1/11) (Figure 4).

Secondly, we examined how cases that were ultimately adjudicated as cardiac 
syncope were initially classiͤed. Four of 54 patients had a ͤnal diagnosis of 
cardiac syncope. Of these four cases, GPT-5 classiͤed 75% (3/4) as reflex syncope 
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Figure 4 Diagnostic flowchart of GPT-5-based classification compared to the final 
diagnosis

Diagnostic flowchart comparing the GPT-5-based classiͤcation with the ͤ nal diagnosis. The left panel 
displays GPT-5’s diagnostic classiͤcation based on information of the clinical report of CE: containing 
only the guideline-based initial evaluation (i.e., history-taking, physical examination, ECG, and active 
standing test). The middle panel shows GPT-5’s diagnostic classiͤcation based on information of 
the clinical report containing the guideline-based CE + additional testing: EE: Additional diagnostic 
tests included: echocardiography, exercise stress testing, Holter monitoring, and tilt-table testing. 
The right panel shows the ͤnal diagnosis. Lines indicate the diagnostic concordance or shift between 
diagnosis. OH: orthostatic hypotension; FND: functional neurological disorder; SU: syncope unit; CE: 

core evaluation: EE: extended evaluation.
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Figure 5 Diagnostic consistency

Within-case diagnostic consistency of GPT-5 across ͤve independent runs per case in patients for 
CE (A) and for EE (B). In each panel, the stacked bar on the left shows the proportion of cases with 
1, 2, or > 2 distinct diagnoses across the ͤve runs, while dashed connectors from the inconsistent 
segments link to the corresponding diagnostic combinations on the right. All values are displayed as 

percentages with case counts. CE: core evaluation; EE: extended evaluation.

and 25% (1/4) as cardiac in both the CE and EE (Figure 3). The syncope-expert 
diagnosed 75% (3/4) of cases as cardiac syncope, and 25% (1/4) as OH (Figure 4) 
after both the CE and EE.

Diagnostic consistency

Across ͤve GPT-5 runs per case on CE data, a single consistent diagnosis 
was provided in 69% (n = 37) of cases, while 30% (n = 16) yielded two different 
diagnoses, and 2% (n = 1) yielded three. In these 17 cases with discordant 
diagnoses among the different runs the different combinations of ͤrst diagnoses 
in the list were paired for each case: OH + reflex (47%, n = 8), cardiac + reflex (24%, 
n = 4), OH + cardiac (12%, n = 2), functional neurological disorder + reflex (6%, n = 
1), traumatic + cardiac (6%, n = 1), and cardiac + OH + reflex (6%, n = 1). In total, 
a cardiac diagnosis was part of the differential diagnosis (after 5 runs) at least 
once in eight of the seventeen (47%) cases where GPT-5 was inconsistent, see 
Figure 5A.

Across ͤve GPT-5 runs on EE data (n = 54), a single consistent diagnosis 
was provided in 74% (n = 40), while 24% (n = 13) yielded two different diagnoses, 
and 2% (n = 1) yielded three. The combination of proposed diagnoses in these 
fourteen discordant cases was: OH + reflex (64%, n = 9), cardiac + reflex (21%, n = 
3), OH + cardiac (7%, n = 1), and cardiac + reflex + unexplained T-LOC (7%, n = 1). 
In these 14 inconsistent cases, a cardiac diagnosis appeared at least once in the 
differential diagnosis during the ͤve runs for ͤve patients (36%), see Figure 5B.

Diagnostic consistency and agreement with the ͤnal diagnosis were 
summarized at two levels.

As shown in Figure 6, cases were categorized according to the number of GPT-
5 runs (0–5/5) in which the ͤnal diagnosis was ranked ͤrst in the differential list.
Analysis of the CE phase revealed that the ͤnal diagnosis was never ranked ͤrst 
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across the ͤve runs in 35% of cases (n = 19), whereas it achieved consistent ͤrst-
rank status in 41% of cases (n = 22). In the remaining 24% (n = 13) of cases, the 
ͤnal diagnosis was ranked ͤrst in all 1/5, 2/5, and 3/5 runs in 7% (n = 4), and 4/5 
runs in 2% (n = 1) of cases, respectively. When all 270 CE runs were pooled, the 
ͤnal diagnosis occupied the ͤrst position in 51% (n = 138) of runs (Figure 6).

In the EE group, the ͤnal diagnosis was never ranked ͤrst (0/5) in 39% (n = 
21) of cases and was ranked ͤrst in all ͤve runs (5/5) in 44% (n = 24) of cases. 
In the remaining 17% (n = 9) of cases, the ͤnal diagnosis was ranked ͤrst in 1/5, 
2/5, 3/5, and 4/5 runs in 4% (n = 2), 2% (n = 1), 7% (n = 4), and 4% (n = 2) of cases, 
respectively. Overall, across 270 EE runs, the ͤnal diagnosis was ranked ͤrst in 
53% (n = 144) of runs (Figure 6).

Determinants of GPT-5 diagnostic inconsistency

In univariable logistic regression analyses, in the CE data: total peri-procedural 
factors (OR 3.24, 95% CI 1.20–8.69; P = 0.020) and fatigue (OR 11.20, 95% CI 1.28–
97.71; P = 0.029) were signiͤcantly associated with GPT-5 inconsistency, while 
medical history (including risk-factors and medication) and total word count in 
the SU history showed a trend towards an association with GPT-5 inconsistency 
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Figure 6 Reproducibility of GPT-5 diagnoses across multiple runs

Distribution of cases according to the number of ͤve independent GPT-5 runs (all runs with identical 
clinical reports) in which the ͤnal diagnosis was ranked ͤrst in the differential diagnosis list. Bars 
illustrate whether the ͤnal diagnosis was never, in some, or in all runs ranked ͤrst, separately for 
the initial ESC guideline–based evaluation without additional testing (CE) and for the CE including 
additional diagnostic testing (EE). OH: orthostatic hypotension; FND: Functional Neurological Disorder; 
CE: core evaluation; EE: extended evaluation.
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(OR 1.009, 95% CI 1.000–1.018; P = 0.059 and OR 1.008, 95% CI 1.000–1.015; P = 
0.054, respectively) (Supplementary Table S2).

EE: pain after syncope (OR 0.15, 95% CI 0.03–0.82; P = 0.029) and injury related 
to syncope (OR 0.13, 95% CI 0.03–0.72; P = 0.019) were inversely associated 
with GPT-5 inconsistency, while total post-procedural factors and total peri-
procedural factors showed trends towards inverse and positive associations with 
GPT-5 inconsistency, respectively (OR 0.78, 95% CI 0.61–1.00; P = 0.050 and OR 
2.51, 95% CI 0.97–6.49; P = 0.058) Supplementary Table S2).

DISCUSSION
This study evaluated the diagnostic performance of GPT-5 against a structured, 

guideline-based SU workflow by syncope-expert using CE and EE datasets.

Diagnostic performance

Diagnostic yield (deͤned as the production of any diagnosis, including 
“unexplained T-LOC”) was reported as a measure of diagnostic completeness 
rather than correctness. GPT-5 yield was 100% after CE, and 96% after EE, versus 
94% for the syncope-expert in both phases. Conversely, GPT-5 included the ͤnal 
diagnosis in 52% (CE) and 57% (EE) versus 67% for the syncope-expert in both 
phases. Outcomes are similar to previous research, where GPT achieved 54% 
diagnostic accuracy (here: diagnostic inclusion rate), versus 75% for specialists.26 
This comparison is contextual only, because GPT-4o was not re-tested on the 
present dataset under identical conditions. Therefore, the present study cannot 
determine whether GPT-5 provides incremental diagnostic improvement over 
GPT-4o. There was no statistically signiͤcant difference between GPT-5 and the 
syncope-expert, despite the syncope-expert demonstrating higher diagnostic 
precision than GPT-5.

Additional cardiac function tests syncope-expert

Among the 55 patients, additional testing (mainly TTE and exercise ECG) was 
frequent, but never changed the syncope-expert’s initial diagnosis. Prior work 
from de Jong et al.12 showed that 93% of ͤnal diagnoses were already established 
after the guideline initial evaluation. Additional testing never changed these 
diagnoses, underscoring that a diagnosis is predominantly determined by ͤrst-
line clinical information rather than routine downstream testing.14 In the present 
study, the syncope-expert’s core diagnosis remained unchanged after TTE and 
exercise ECG, whereas GPT-5’s performance showed modest improvement 
only after access to additional clinical information. This is consistent with the 
relatively favorable cardiac health proͤle of the cohort (Table 2), implying a low 
pre-test probability for clinically relevant structural heart disease. Consequently, 
routine TTE and exercise ECG provided no incremental diagnostic yield beyond 
the CE, emphasizing that additional investigations should be reserved for clearly 
indicated scenarios rather than performed to “complete” the diagnostic work-up. 
This is in accordance with the ESC syncope guidelines,1 supports indication driven 
testing.27-31 We conclude that thorough history-taking, physical examination, 
active standing test and ECG remain the cornerstone of T-LOC assessment, as 
also emphasized in the ESC syncope guidelines.1
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Risk-stratification and diagnostic safety

Across all 55 cases evaluated in the SU, documentation of the core domains 
was complete and standardized (event history, physical examination including 
vital signs and active standing test, relevant medical history/medication, 
and ECG), such that every patient met the minimum prerequisites for a valid 
and reproducible risk-assessment.1,2,14,17,22,32-34 This contrasts with our earlier 
work in which referrals from primary care frequently lacked essential baseline 
information, highlighting substantial scope for improvement in primary care 
through a systematic CE and structured reporting. For secondary care, these 
results emphasize the need to further standardize SU practice (uniform intake 
proforma and explicit ECG interpretation), to transparently link risk-features to 
management decisions (admission vs outpatient care and targeted downstream 
testing), and to provide consistent feedback to primary caretakers to improve the 
quality of future referrals and preserve SU capacity for patients in whom specialist 
assessment offers true incremental value.13,35-37

Despite all data being available, safety diverged on cardiac syncope diagnosis 
detection: GPT-5 diagnosed a cardiac cause in only (1/4), whereas the syncope-
expert scored (3/4). GPT-5 misclassiͤcations skewed to the more benign reflex or 
OH, risking false reassurance. Additional EE data did not improve discrimination, 
indicating that limitations in reasoning rather than lack of appropriate data 
caused this pattern.4 The syncope-expert’s willingness to defer a diagnosis in 
the case of clinical uncertainty likely functions as a safety buffer against early 
closure. Obviously, missing cardiac causes of T-LOC may induce risks of harm 
that potentially could have been prevented.38-40

Effect of additional diagnostic testing on diagnostic performance of GPT-5

More comprehensive clinical data (thorough history-taking, active standing 
test, ECG and standard additional diagnostic tests after guideline-based CE) only 
modestly improved GPT-5’s diagnostic performance (52% to 57%), suggesting 
that complete data alone are insufͤcient for diagnostic evaluation, without 
mechanisms that embed pathophysiological priors or calibrated uncertainty. 
Likewise, targeted instruction by prompting GPT-5 with contemporary syncope 
guidelines1 and web practical instruction22 yielded only limited gains in diagnostic 
performance, underscoring again that access to codiͤed knowledge alone does 
not replace internalized clinical reasoning.4

DPS, interpretability and trustworthiness of LLM outputs

In contrast to the clearly positive DPS achieved by human clinicians in the 
same dataset,4 GPT-5 remained negative (near zero) in both phases, mainly due to 
penalties because of a large number of differential diagnoses.41 We speculate that 
GPT-5’s differential diagnoses approximate an educated guess, with substantial 
probability retained on incorrect options. LLMs generate comprehensive 
differentials while their internal ranking/probability structure is not transparent 
and may be poorly calibrated.41-43 This is consistent with previous research.4 
Although GPT-5 produces plausible explanations, these remain probabilistic 
narratives rather than traceable causal or clinical physiological reasoning.44 The 
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explanatory depth required for clinical use is task dependent. For screening, triage, 
or documentation-support tasks, transparent feature ranking or identiͤcation of 
missing information may be sufͤcient. In contrast, diagnostic classiͤcation of 
T-LOC and treatment-directed decisions, particularly when cardiac syncope is 
possible, require causal and pathophysiological reasoning, calibrated uncertainty, 
and the ability to defer a diagnosis when the available evidence is insufͤcient. 
We argue that any clinical use of GPT-5 would require auditable evidence trails, 
calibrated conͤdence estimates, and an explicit capacity to abstain or defer a 
deͤnite diagnosis in high-risk cases when multiple options are still open.45

Implications for LLM integration in clinical pathways

From the above, it follows that to date autonomous GPT-5 use in syncope 
pathways is not yet justiͤed. The speed, breadth, and documentation inside 
clinician-led, protocol-bound support by LLM models with guardrails (e.g., 
mandatory escalation on cardiac flags or low conͤdence) could be employed 
within clinical decision making. We suggest that the use of LLM models should 
be restricted to the support of human clinical decision making. An example of 
pragmatic use of LLMs’ could be a role to improve clinician diagnostic reasoning, 
triage or documentation augmentation with human oversight and veriͤcation for 
high-risk phenotypes.26,46 In addition, practical implementation depends not only 
on the availability of explanations, but also on their timing and cognitive burden. 
In time-sensitive clinical settings, explanations that are generated too late, or 
that require extensive clinician interpretation, may have limited practical value. 
Similarly, overly long or non-prioritised explanation reports may increase cognitive 
load and obscure the key diagnostic uncertainty or safety signal. Therefore, 
LLM-generated explanations should be concise, prioritised, and actionable, 
highlighting the information that changes risk assessment or management rather 
than providing exhaustive narrative justiͤcation.

Fivefold reanalysis

The ͤvefold reanalysis extends the primary single-output evaluation by 
assessing whether GPT-5 produced stable diagnostic conclusions when identical 
clinical information was presented repeatedly. Across ͤve re-analyses per case, 
EE resulted in limited improvement: a fully correct ͤrst diagnosis was established 
in 41% after one run and increased to 44% after multiple runs. The presence of the 
ͤnal diagnosis anywhere in the ͤve runs increased from 51% to 53%, insufͤcient 
for dependable, patient-level decisions. In the clinically important subgroup with 
ͤnal adjudicated cardiac syncope, GPT-5 selected the ͤnal diagnosis in 1 of 4 
patients, whereas the syncope-expert did so in 3 of 4 patients. Given the very small 
number of ͤnal cardiac syncope cases, this observation should not be interpreted 
as a precise estimate of diagnostic sensitivity or safety. Conversely, the safety 
analysis also showed false-positive cardiac classiͤcation: after CE, only 1 of 9 
GPT-5 cardiac classiͤcations matched the ͤnal adjudicated diagnosis, and after 
EE, only 1 of 5 matched the ͤnal adjudicated diagnosis. Thus, the safety limitation 
was bidirectional, comprising both under-recognition of ͤnal cardiac syncope 
and over-classiͤcation of cardiac etiology in patients with non-cardiac ͤnal 
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diagnoses. These ͤndings reinforce the need for clinician oversight, particularly 
for potentially high-risk cardiac etiology, and do not support the use of GPT-5 as 
a stand-alone diagnostic tool in syncope evaluation. 

Within-case reliability (fivefold reanalysis)

Only 69% of the assessments by GPT-5 in the CE phase and 74% in the EE 
phase were stable across ͤve runs.47 Between 16% and 32% of diagnoses varied 
despite identical inputs, putting serious limitations on single-run outputs. 
Discordant outputs clustered along hemodynamic phenotypes (orthostatic vs 
reflex), indicating that the boundaries used by the model are not strict and have 
limited pathophysiological basis.

The generation of multiple, internally inconsistent diagnosis by GPT-5 is 
inherently unsafe. Diagnosing the same event simultaneously as a benign (e.g., 
orthostatic or reflex) and as high-risk cardiac syncope invites anchoring to the 
reassuring explanation, diminishes the perceived urgency of the “cardiac” signal, 
and may lead to inappropriate de-escalation of monitoring and work-up.

The particular implication of the above is that the syncope-expert currently 
outperforms AI for safety-critical detection and governance. Therefore, it is 
crucial to maintain human oversight, use multi-run consensus, escalate on any 
cardiac “hit” (“one-vote-cardiac”), and abstain when unanimity is absent.45,48 
Until sensitivity and stability improve, GPT-5 is only applicable as a supervised 
decision support within syncope-expert led pathways.45,48

From univariable logistic regression analyses of predeͤned clinical 
determinants, GPT-5’s diagnostic behavior appeared to vary systematically 
with the clinical context of the case and with the amount of structured clinical 
information available at the time of assessment. The overall burden of documented 
determinants at presentation was signiͤcantly associated with the model’s 
diagnostic output, whereas determinants recorded after the event showed only 
a borderline association. Taken together, these ͤndings indicate that the model 
places more diagnostic weight on syncopal episodes with many and more severe 
symptoms, particularly when multiple factors play a role at the time of syncope.45 
In other words, GPT-5 seems to add more value in complex, highly symptomatic 
presentations than in cases with only few or mild symptoms.

Temperature setting LLM
In this study, we veriͤed that the model was operating with a low temperature 

setting, which minimizes stochastic variability and promotes reproducible 
outputs across repeated runs for the same case, and therefore did not adjust 
this parameter. In LLMs, the temperature controls randomness in token sampling: 
lower values constrain the model to high-probability continuations and yield more 
deterministic responses, whereas higher values increase variability of the output 
given the same input.49,50
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Strengths and limitations
The principal strength of this analysis is the head-to-head comparison with 

a syncope-expert, GPT-5, and adjudication, across the predeͤned CE and EE 
phases. Because syncope mechanisms are rarely captured with simultaneous 
ECG and blood pressure at the time of T-LOC, we used a ͤnal diagnosis after 
structured follow-up as the best available reference standard, acknowledging that 
some cases will remain unexplained despite extensive evaluation. Although the 
ͤnal reference diagnosis was established by an independent expert panel using 
all available follow-up data, the study was performed in a single-center syncope-
unit cohort and used one experienced syncope-expert as the clinical comparator. 
The adjudication process strengthens the internal validity of the reference 
standard and reduces the risk of conͤrmation bias, but it does not fully address 
external generalizability. Diagnostic performance may differ across centers, 
referral pathways, patient case mix, and clinician expertise. Therefore, external 
validation in larger multicenter cohorts, preferably including multiple independent 
syncope-experts, is required before these ͤndings can be generalized to broader 
syncope-care settings. The small number of cardiac outcomes limits precision 
for safety-critical estimates; however, this mirrors real-world prevalence and 
probably preserves external validity. Second, we did not perform formal test–retest 
assessment of the syncope-expert index rater, precluding direct comparison of 
within-rater variability between the syncope-expert and GPT-5. Third, although a 
single GPT-5 run per case was prespeciͤed, an inadvertent repeat run in one case 
yielded discrepant output, underscoring potential stochastic variability in LLM-
based classiͤcation and the need for prespeciͤed strategies (e.g., deterministic 
settings or multi-run consensus) in future evaluations. Accordingly, we performed 
ͤvefold re-analysis, demonstrating within-case variability that would not be 
detected in single-run designs. GPT-5 narrows the diagnostic performance 
gap with expert SU workflows on aggregate metrics yet underperforms where 
safety matters most, that is, the case of cardiac syncope. Diagnostic safety in 
this study was operationalized as identiͤcation of cardiac syncope; we did not 
assess potential harm from overdiagnosis or unnecessary management triggered 
by incorrect non-cardiac classiͤcations. Moreover, GPT-5 could not ask for more 
information and depended solely on the report provided by the syncope-expert. 
Thereby, the full capabilities of AI may not have been evaluated. Future work should 
prioritize hybrid architectures that fuse LLMs’ outputs with pathophysiological 
inference, calibrated uncertainty and abstention, and prospectively validated 
escalation rules for cardiac red-flags. Larger, diverse cohorts and multi-run 
evaluation protocols with the use of diagnostic adjudication in order to test real 
life diagnostic performance or accuracy will be essential to quantify variance and 
to certify dependable behavior at patient level.
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CONCLUSION
GPT-5 demonstrated a high diagnostic yield and diagnostic performance 

approaching that of the syncope-expert in parts of the structured diagnostic 
pathway. However, run-to-run inconsistency and the exploratory observation in 
the small cardiac syncope subgroup underscore the need for clinician oversight, 
particularly for safety-critical diagnoses. Structured, clinician-led reasoning 
remains essential in syncope evaluation, especially when cardiac or otherwise 
high-risk causes must be considered. In our cohort, the addition of TTE and 
exercise ECG data did not materially improve GPT-5 diagnostic reͤnement, 
supporting the continued primacy of guideline-based CE: careful history-taking, 
physical examination, active standing testing, and 12-lead ECG. Despite the 
rapid evolution of LLMs, their role in syncope care should remain supportive 
within clinician-led pathways rather than determinative, unless future systems 
demonstrate calibrated uncertainty, reliable abstention, stable multi-run 
consensus, and clinically grounded pathophysiological reasoning.
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Supplementary material S1

Real-Time Syncope Unit Case Report

Supplementary S1 provides a real-time case report of a patient evaluated within 
the Syncope Unit, reflecting routine clinical documentation produced after expert 
assessment and protocolised investigations. For the CE phase, the patient’s med-
ical history, history-taking (including cardiovascular risk-factors, allergy status, 
and social history), physical examination, ECG, and active standing test (AST) were 
included. When GPT-5 assessed the CE phase, it was provided with these CE data 
only. For the EE phase, all information from the CE phase plus the complete set of 
additional investigations was provided to GPT-5; thus, when GPT-5 assessed the 
EE phase, it had access to both the CE data and the full additional test results.

Male, 74 years old
 
Cardiovascular history 
2019: De novo atrial ͤbrillation without a clear precipitating factor. CHA2DS2-
VASc 2. 
2020 chronic atrial ͤbrillation

Additional medical history 
Hypertension 
Hypercholesterolaemia 
2018 Posterior vitreous membrane detachment

Use of medication: 
nifedipine tablet mga 30 mg, 2dd 1 tablet 
triamterene/hydrochlorothiazide tablet 50/25 mg, 1dd 1 tablet 
dabigatran etexilate capsule 150 mg, 2dd 1 capsule 
atenolol tablet 100 mg, 1dd 1 tablet

History: 
He reports that approximately 11 years ago he experienced loss of consciousness 
for the ͤrst time in his life. He was driving the truck and had just entered the high-
way. He already had some abdominal pain. His visual ͤeld diminished and then he 
lost consciousness, during which he ended up on the crash barrier. Observations, 
duration, etc. unclear. 
After this, he did not experience any further episodes until 20-5-2022. He had had 
a few glasses of wine and was on holiday in Crete. His abdomen began to rumble 
somewhat. He went to the toilet during the night and then lay back down in bed. 
Ten minutes later it still did not feel right and he went to the toilet again. Nothing 
came. He wanted to stand up; however, without prodromes, loss of consciousness 
occurred. His wife heard a hard blow from fall and called out. He did not respond. 
Duration maximally 5 minutes. At the time pale, sweating and cold. No other ob-
servations and it is unclear whether the eyes were open or closed. No urinary in-
continence or tongue bite. He regained consciousness and it was reasonably well. 
No speciͤc complaints. He lay down in bed and then continued sleeping. 
He was admitted in Crete, with an echocardiogram and a potassium of 3.1. 
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In addition, he experiences palpitations approximately 1–2 times per month. Es-
pecially when lying on his left side. This is not different and consistent with his 
atrial ͤbrillation. 
In daily life, no complaints of chest pain, nocturia, orthopnoea, dyspnoea, paraes-
thesias, blurred vision, tinnitus, headache and/or loss of strength. 
Fluid intake per day is approximately 2000 cc

Social: married, has no children, worked as a truck driver.

Risk-factors for cardiovascular disease: 
DM: no, HT: yes, HC: yes, smoking: no, alcohol: social drinker, drugs: no, family 
history: mother had cardiac arrest around the age of 80 years, premature cardiac 
death in the family: no

Allergy: None

Physical examination: 
Height: 180 cm, weight: 80 kg. A well-appearing man is seen with a blood pressure 
of 110/60 mmHg and a heart rate of 86/min. The central venous pressure in the 
neck is not raised; a normal upstroke is palpable and no murmur is audible. Aus-
cultation reveals normal heart sounds with vesicular breath sounds over the lung 
ͤelds. The abdomen is soft and shows normal peristalsis with variable tympany. 
The extremities are smooth and normal pulsations

Additional investigations 
ECG: Atrial ͤbrillation with a ventricular response of 86/min, intermediate axis, 
QRS duration 103 ms (incomplete RBTB), QTc duration 414 ms, no ST-T devia-
tions, no signs of LVH, no atrial dilatation, no pathological Q wave, poor R-wave 
progression. ECG the same as previous ECG
Lab: Hb: 9.4 creatinine: 92 sodium: 135 potassium: 3.4 eGFR: 70 serum glucose: 
6.1 TSH: 1.6
Exercise stress test: Findings: The patient achieves 125 Watt, 91% of predicted 
(137 Watt). 
Heart rate increases from 81 bpm to 134 bpm (91% of target HR). 
Blood pressure decreases from 136/92 mmHg to 124/69 mmHg and then increas-
es again in recovery. 
ST changes: - 
Rhythm: Atrial flutter / atrial ͤbrillation 
Conduction: - 
Reason for stopping: Stopped due to falling blood pressure, without symptoms 
Symptoms: None
Echocardiogram: Report echo Crete:

•	 left ventricle of normal size with good overall systolic function without 
partial stimuli (EF=55%)

•	 a large degree of left atrial ͤbrillation is observed (33 cm2)
•	 right cavities of normal dimensions, with good functionality
•	 ascending aortic dilatation is observed (4.4 cm)
•	 pericardium free
•	 degenerative lesions of the mitral valves and calciͤcation of the aorta 
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without restriction in their opening
•	 DOPPLER: mild mitral regurgitation MR 1+/4+
•	 mild aortic insufͤciency AR 1+/4+
•	 mild trigeminal insufͤciency TR 1+/4+ with estimated systolic pressure of 

the pulmonary artery approximately
Echocardiogram: 
Normal left ventricular dimensions and function. LVEF > 55%. 
Normal RV dimensions and function. RV pressure 22 mmHg. IVC slim with normal 
collapse. Low suspicion of PHT. 
Bi-atrial dilatation. 
Mild mitral regurgitation. 
Aortic valve sclerosis. Calciͤed tip RCC. Mildly dilated aortic sinus (4.2 cm) with 
mild aortic regurgitation. Effaced STJ. Ascending aorta 3.8 cm.
Orthostatic measurements: 
Blood pressure supine: 110/60 mmHg, 
Blood pressure immediately standing: 100/70 mmHg, 
Blood pressure standing after 1 minute: 110/80 mmHg, 
Blood pressure standing after 3 minutes: 120/80 mmHg

Supplementary Table S1

Diagnostic-Precision-Score
Example of the calculation of the penalty score and the Diagnostic-Precision-
Score. DPS: diagnostic precision score; FND = Functional Neurological Disorder.
For example, if a participant provided the largest list of six differential diagnosis, 
including the ͤnal diagnosis and ͤve incorrect ones. First the penalty score for 
each incorrect diagnosis would be 1 ÷ 5 = 0.20. The DPS for that case would then 
be: +1 − (5 × 0.20) = 0. If the ͤnal diagnosis was not included at all, no point was 
awarded, but the penalty-score is still applied to all diagnosis in the list, resulting 
in a negative DPS of –(6x0,20)=-1,20. This method ensures that concise accurate 
diagnostic reasoning was rewarded, while excessive or unfocused differential 
diagnoses lists were penalized accordingly.

Differential Diagnosis
Included Final 

diagnosis

 Calculation with 

penalty score

0.20*

DPS

Cardiac syncope, Reflex syncope, FND Yes +1 − (2 × 0.20) 0.60

Orthostatic hypotension, Reflex syncope Yes +1 − (1 × 0.20) 0.80

Cardiac syncope No 0 − (1 × 0.20) −0.20
Cardiac syncope, FND, unexplained T-LOC No 0 − (3 × 0.20) −0.60
Reflex syncope, Orthostatic hypotension, 

Cardiac syncope, FND, unexplained T-LOC
Yes +1 − (4 × 0.20) 0.20

* Penalty score see Methods

Determinants are grouped by clinical domain (Demographics, Syncopal event, 
Vital signs, Additional evaluation, Scores, Other). The adjacent columns indicate 
for each determinant whether it was signiͤcantly associated with correct GPT-5 
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classiͤcation in the CE and/or EE phase. Entries denote statistical signiͤcance. 
CE = Core Evaluation, EE = Extended Evaluation 

Supplementary Table S2 Determinants and their association with GPT-5 diagnostic 
inconsistency for CE and EE

Group Determinant CE EE

D
em

o
g
ra

p
h

ic
s

Age 0.460 0.633
<40 year 0.177 0.157

40-60 year 0.922 0.630
>60 0.072 0.095

Gender 0.743 0.890
Length (centimeter) 0.967 0.231
Weight (kilogram) 0.739 0.502
Body Mass Index 0.647 0.928
Race 0.993 1.000
Marital status - -

Married 0.380 0.942
Unmarried 0.678 0.678

Divorced 0.710 0.946
Widow 0.122 0.858

Smoking    

Smoking 0.945 0.379
Non-smoking 0.939 0.712

Ex-smoking 0.752 0.200
Alcohol 0.300 0.981
Substance use 1.000 1.000

S
y
n

co
p

a
l 

E
v
en

t

Frequency syncope 0.102 0.792
Frequency of syncope last 12-months 0.251 0.601
Duration of loss of consciousness 0.942 0.506
Duration of syncope recovery 0.486 0.535
Duration prodromes 0.311 0.436
Frequency prodromes last 12-months 0.340 0.498

B
ef

o
re

 s
y
n

co
p

a
l 

ev
en

t Dizziness 0.670 0.248
Visual black-out 0.999 0.752
Immediately after eating 1.000 1.000
Little or no food intake - -

Prolonged sitting 0.999 0.999
Prolonged standing - -

Rapid standing 0.668 0.092
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B
ef

o
re

 s
y
n

co
p

a
l 

ev
en

t
Medication intake within 1 hour before syncope - -

Confusion - -

Stopped and remained standing - -

Stopped and sat down - -

Stopped and lay down - -

Chest pain - -

Dyspnea 0.999 0.999
After exertion 0.999 0.999
Sweating 0.179 0.289
Cold hands and feet 1.000 1.000
Fatigue - -

Warm sensation 0.999 0.999
Palpitations 0.575 0.999
Paresthesia before syncope 1.000 1.000
Relief with deep breathing - -

En route to the toilet 0.214 0.140
At toilet 1.000 1.000
After toilet 1.000 1.000
Excess insulin administration - -

Fasting - -

Psychological stress 1.000 1.000
Alcohol intake 0.999 0.999
Drug intake - -

Cold environment - -

Warm environment 0.943 0.764
Anxiety - -

Pain 0.999 0.999
Stopped due to drinking - -

Cough 1.000 1.000
During drinking - -

Hair grooming - -

Stretching - -

Nausea 0.773 0.999
Vomiting - -

Speech disturbance - -

Muscle weakness 0.999 0.999
Headache 1.000 1.000
Vertigo 1.000 1.000

Group Determinant CE EE
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B
ef

o
re

 s
y
n

co
p

a
l 

ev
en

t
Visual flashes - -

Visual disturbance - -

Hearing disturbance - -

Shaking 1.000 1.000
Mood swings - -

Memory disturbance - -

Thought disturbance - -

Exposure to toxic substances - -

Heartburn - -

During medical procedure 0.773 0.274

D
u

ri
n

g
 s

y
n

co
p

a
l 

ev
en

t

Confused - -

Behavior recall - -

Responsiveness - -

Memory - -

Facial color - -

Change in breathing pattern 1.000 1.000
Muscle jerks 0.999 0.999
Urinary incontinence 0.314 0.999
Defecation 1.000 1.000
Head turning - -

Eye deviation 0.999 0.999
Tongue biting - -

Sweating 0.999 0.752

A
ft

er
 s

y
n

co
p

a
l 

ev
en

t

Symptoms 0.876 0.413
Confusion 0.687 0.999
Fatigue 0.029 0.998
Sweating 0.999 0.999
Warm sensation  -  -

Mood swings 1.000 1.000
Numbness 0.814 1.000
Paresthesia 1.000 1.000
Nausea 0.892 0.781
Vomiting 0.999 0.506
Dizziness 0.398 0.999
Headache 0.926 0.850
Worsening headache after syncope 1.000 1.000
Injury 0.428 0.019
Pain 0.213 0.029
Syncope-related pain 0.999 0.999

Group Determinant CE EE
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D
et

er
m

i-

n
a
n

t 

S
y
n

co
p

a
l 

E
v
en

t Amount of predominant factors before syncope 0.145 0.382
Amount of factors at the moment of syncope 0.020 0.058
Amount of factors after syncope 0.811 0.050

V
it

a
l 

S
ig

n
s Systolic blood pressure 0.701 0.803

Diastolic blood pressure 0.823 0.599

A
d

d
it

io
n

a
l 

d
ia

g
n

o
st

ic

te
st

s

Abnormal exercise stress testing - -

Blood pressure drop active standing test - -

Carotid sinus massage 0.999 0.999
Abnormal electrocardiogram 0.991 0.962

S
co

re
s

ChadsVasc score 0.216 0.077
OESIL score 0.304 0.905
San Francisco Syncope Rule 0.714 0.777
EGSYS score 1.000 1.000
Seizure/syncope score 0.610 0.764
Historical score 0.836 0.661
Vasovagal score 0.575 0.449

Other Fluid intake 0.763 0.478

W
o
rd

s 

S
y
n

co
p

e 

L
et

te
r

Total words in syncope unit letter 0.054 0.992
Syncope unit letter: Only medical info from history 
taken 0.425 0.392
Syncope unit letter: Medical info from past history, his-

tory taken, medication, cardiac risk factors and allergy 0.059 0.940

Determinants are grouped by clinical domain (Demographics, Syncopal event, Vital signs, Additional evaluation, 
Scores, Other). The adjacent columns indicate for each determinant whether it was signi¿cantly associated with 
correct GPT-5 classi¿cation in the CE and/or EE phase. Entries denote statistical signi¿cance. CE = Core Evalua-

tion, EE = Extended Evaluation

Group Determinant CE EE
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