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Abstract

Background: Previous studies developed the SeizCT primer and op-
timized models, both demonstrating similar values for the area under
the receiver operating characteristic curve (AuROC). The optimized
model incorporates Glasgow Coma Scale (GCS) change from base-
line instead of categorized GCS at emergency department (ED) pres-
entation. This study aimed to validate these two models for predicting
positive computed tomography (CT) findings in patients with non-
traumatic seizures.

Methods: A retrospective cross-sectional study was conducted
among adult patients (> 18 years) with non-traumatic seizures who
underwent CT brain imaging in the ED at Lampang Hospital. Data
were collected between December 2023 and July 2024 based on pa-
rameters from the SeizCT primer and optimized models. External
validation compared model performance using AuROC, calibration,
decision curve analysis (DCA), and confusion matrices.

Results: The validation cohort included 312 patients (210 (67.3%)
male; mean age 53 years). Positive CT findings were found in 58
patients (18.6%). The SeizCT primer model had an AuROC of 0.7218
(95% confidence interval (CI): 0.6476, 0.7961), while the SeizCT op-

Manuscript submitted August 31, 2025, accepted November 5, 2025
Published online November 26, 2025

aDepartment of Emergency Medicine, Lampang Hospital, Mueang District,
Lampang 52000, Thailand

®Chaiprakarn Hospital, Chiang Mai 50320, Thailand

¢Clinical Epidemiology and Clinical Statistics Unit, Faculty of Medicine, Nar-
esuan University, Phitsanulok 65000, Thailand

dDepartment of Radiology, Buddhachinaraj Phitsanulok Hospital, Phitsanulok
65000, Thailand

¢Department of Emergency Medicine, Phang Nga Hospital, Mueang District,
Phang Nga 82000, Thailand

Department of Emergency Medicine, Chomthong Hospital, Chomthong Dis-
trict, Chiangmai 50160, Thailand

€Corresponding Author: Thanin Lokeskrawee, Department of Emergency
Medicine, Lampang Hospital, Mueang District, Lampang 52000, Thailand.
Email: t.lokeskrawee@gmail.com

doi: https://doi.org/10.14740/jocmr6375

timized model achieved 0.7394 (95% CI: 0.6663, 0.8124). An equiva-
lence test showed statistically equivalent discrimination between the
two models (P < 0.015), with the optimized model demonstrating bet-
ter calibration (slope: 0.582 vs. 0.701; P =0.002; observed-to-expect-
ed ratio: 0.934 vs. 0.971; P =0.030).

Conclusions: Both models demonstrated fair to acceptable discrimi-
nation after external validation. The SeizCT optimized model is rec-
ommended, as it showed superior calibration and its incorporation of
GCS change from baseline offers greater clinical applicability.

Keywords: Seizures; Tomography; X-ray computed; Validation; Di-
agnosis; Mobile applications

Introduction

Seizures are a common neurological emergency and a frequent
reason for visits to the emergency department (ED). In Turkey,
814 patients with seizures underwent computed tomography
(CT) head scans. Positive findings were observed in 21.4% of
cases, but management was altered in only 10.4% [1]. In Thai-
land, most EDs - and especially Lampang Hospital - perform
CT head scans for nearly all patients presenting with a seizure,
resulting in more than 90% coverage in practice. Although this
has not yet been formally published, it persists despite ongoing
concerns about low diagnostic yield, high cost, and radiation ex-
posure. To address this issue, previous studies developed clini-
cal prediction models (CPMs) - the SeizCT primer model [2],
followed by the SeizCT optimized model [3] - to help identify
patients more likely to have positive CT findings and reduce un-
necessary imaging. The primary difference between the two lies
in one key predictor: the SeizCT primer model uses categorized
Glasgow Coma Scale (GCS) scores at ED presentation, whereas
the SeizCT optimized model incorporates GCS change from
baseline. Despite this distinction, both models demonstrated
similar areas under the receiver operating characteristic curve
(AuROC) values in their original studies.

More broadly, CPMs across various domains often remain
unvalidated beyond their original settings. Approximately 76%
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of all CPMs lack external validation [4], representing a critical
gap. External validation, recognized as phase 2 in the model de-
velopment hierarchy, is essential for assessing generalizability.

Therefore, this study aims to externally validate and com-
pare the performance of the SeizCT primer and SeizCT opti-
mized models using a new dataset.

Materials and Methods

Study design

This diagnostic prediction research employed a retrospective,
observational, cross-sectional design for temporal external vali-
dation. The study was conducted in the ED of Lampang Hos-
pital, a tertiary regional center in Northern Thailand with ap-
proximately 75,000 annual ED visits. Data collection took place
between December 2023 and July 2024. Baseline characteristics
and model-specific parameters were collected in accordance
with the SeizCT primer and SeizCT optimized models.

Participant and data collection

Participants

Adults aged 18 years or older who presented with non-traumatic
seizures and underwent non-contrast CT head scans were eli-
gible for inclusion. Exclusion criteria included: 1) documented
or suspected traumatic brain injury (TBI) within the prior 30
days [5]; 2) inconclusive expert consensus on CT findings as
the cause of seizure; 3) absence of a recorded baseline GCS or
a reliable caregiver/family member to assess the patient’s usual
level of consciousness; and 4) pregnancy. The CT head scan
was performed after completion of the primary and secondary
assessments, accompanied by capillary blood glucose (CBG)
measurement and blood collection for laboratory tests.

Definition

A non-traumatic seizure was defined as a seizure not related to
TBI within 30 days after the injury, consistent with the time-
frame used in prior literature distinguishing post-traumatic
from unprovoked seizures [3, 5].

Endpoints [3]

The primary endpoint was a positive CT head scan, defined as
the detection of one or more lesions on imaging, such as intrac-
erebral hemorrhage, subarachnoid hemorrhage, acute infarction,
arachnoid or subarachnoid cysts, neurocysticercosis, tubercu-
loma, granulomatous lesions, calcifications, tumors, malignan-
cies, brain metastases, cerebral edema, arteriovenous malforma-
tion (AVM), cerebral venous sinus thrombosis, or hydrocephalus
[6-8]. Whether a detected lesion was likely to have precipitated

the seizure was determined through majority agreement among
three qualified specialists - a neurologist, a neurosurgeon, and a
radiologist - each with more than 10 years of clinical experience
and not listed as co-authors. All reviewers were blinded to each
other’s interpretations and to the patients’ clinical predictor data.
Inter-rater agreement was high, with a kappa statistic of 0.8517.
Cases in which the panel’s assessment was inconclusive, with
no definitive link established between the lesion and the seizure,
were excluded from the analysis.

Old structural or non-progressive brain lesions were inter-
preted as negative CT brain findings. Old infarctions inciden-
tally detected without corresponding clinical stroke symptoms
were also classified as negative.

Predictors [3]

The predictors used in this external validation were the same
as those in the development studies of the SeizCT primer and
SeizCT optimized models. Both models included six predic-
tors: focal neurological deficit, current cancer, alcohol with-
drawal symptoms (AWS), epilepsy, prior stroke more than 3
months earlier, and a GCS-related measure. The difference
between the two models lies in the GCS variable: the SeizCT
primer model used GCS at presentation categorized into three
groups (< 8, 9 - 13, and > 13) [2], whereas the SeizCT opti-
mized model used GCS change from baseline, calculated as
the GCS score at presentation minus the documented baseline
GCS from the medical record or a reliable caregiver’s report.
All predictor definitions and coding followed the criteria spec-
ified in the original development studies.

These predictors were obtained following the completion
of primary and secondary assessments by physicians.

The GCS was initially assessed by a trained and experi-
enced triage nurse and subsequently re-evaluated by a physi-
cian upon patient assessment. Both scores were recorded at
different times in the electronic medical record (EMR) accord-
ing to international standards and educational practice [9]; if
a discrepancy occurred, the physician’s GCS was used, as the
score may change over time.

To mitigate information bias, the collection of predictors
and endpoints was performed by separate team members.

Specific time point of prediction

The prediction step was performed after the initial clinical
evaluation, subsequent to CBG testing and blood sampling
for laboratory analysis, and just before the decision to proceed
with a CT head scan.

Study size estimation

The sample size was calculated using the mean AuROC from
the SeizCT primer model (0.8156) [2] and the SeizCT opti-
mized model (0.8221) [3], yielding an average AuROC of
0.8189. An equivalence test with a two-sided significance level
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(a) of <0.05, 80% power, incorporating an acceptable equiva-
lence margin of +10% [10] was applied. Taking into account
the distribution of positive CT findings (n = 59) and negative
findings (n = 253), the total sample size was 312 patients.

Missing data

The main missing data involved the verbal component of the
GCS, most often recorded as “T,” indicating patients with either
a tracheostomy or endotracheal intubation (ETI). In the retro-
spective review, it was not documented whether these patients
could communicate effectively. To address this, we applied
data imputation [11]. Ordinal logistic regression was performed
separately for the tracheostomy and ETI groups, using the eye
and motor components of the GCS as predictors to estimate the
verbal score. For each case, the model generated five probability
values, and the imputed verbal score was assigned based on the
highest predicted probability. Pupil size data were also missing
in some cases; however, this variable was not imputed because
it was not among the candidate predictors.

Statistical analysis
Differences between datasets

Baseline characteristics were compared across the three cohorts
using the exact probability test for categorical variables, and
one-way analysis of variance (ANOVA) or the Kruskal-Wallis
test for continuous variables, depending on data distribution.

Prediction calculation for model validation

Predicted probabilities for positive CT findings were calculat-
ed for each patient in the validation dataset using the original
logistic regression formulas derived from the SeizCT primer
and SeizCT optimized models. Each model’s intercept and
beta coefficients were applied directly without recalibration.
The predictor variables in the validation cohort were coded
identically to the derivation study to ensure consistency.

In the previous study [3], the term “history of malignancy”
was revised to “current cancer” to more accurately reflect ac-
tive or ongoing disease. Similarly, “history of cerebrovascular
accident (CVA)” was replaced with “prior stroke more than 3
months.” We adopt the same terminology in this study.

For the SeizCT primer model, the formula included cat-
egorized GCS in three groups at presentation, focal neuro-
logical deficit, current cancer, AWS, epilepsy, and prior stroke
more than 3 months. Logit-based predicted probabilities were
then computed using the following formula [2]:

Predicted probability

e(—] T7+2:09*x1+0.88%x2+0.98*x3+1.55%x4-1.94%x5-1.29%x6-1.25*x7)

1+

e(—l T7+2:09%x1+0.88%x2+0.98%x3+1.55%x4-1.94*x5-1.29*x6-1.25%x7)

X1 = current cancer; X2 = focal neurological deficit; X3 =

GCS 9 - 13; X4 = GCS < 8; X5 = AWS; X6 = prior stroke; X7
= epilepsy.

For the SeizCT optimized model, the same predictors were
used, except that the predictor “categorized GCS” was replaced
by “GCS change from baseline”. A separate logistic regression
formula, reflecting this revised predictor set, was used to calcu-
late predicted probabilities and is presented below [3].

Predicted probability

8(71 .934087+0.1295827*x1+1.342043*x2+1.412594%x3-2.15728*x4-1.013086*x5-0.7111015*x6)

= 1+e(fl.934087+0,I295827*AI+I.342043*x2+l,412594*;(3*2.15728"%*1,013086*)(570.71IIOIS*x())

where X1 = GCS change from baseline; X2 = focal neurologi-
cal deficit; X3 = current cancer; X4 = AWS; X5 = epilepsy;
and X6 = prior stroke.

Model performance

Model performance was compared between the SeizCT primer
and SeizCT optimized models across four domains: discrimi-
nation, calibration, clinical utility, and classification perfor-
mance.

Discrimination was quantified by the AuROC with 95%
confidence intervals (Cls). Because the original models dem-
onstrated similar AuROC values, an equivalence P value was
calculated to formally test whether their discriminative perfor-
mance was statistically equivalent.

Calibration was assessed using calibration plots, the ob-
served-to-expected (O:E) ratio, the calibration slope, and the
calibration-in-the-large (CITL), with conventional P values
applied to compare agreement between predicted and observed
risks.

Clinical utility was evaluated using decision curve anal-
ysis (DCA), comparing net benefit across clinically relevant
threshold probabilities. Classification performance was sum-
marized with confusion matrix metrics at a prespecified prob-
ability cutoff, targeting a false negative (FN) proportion < 5%
and a false positive (FP) proportion < 15% as clinically ac-
ceptable.

The study protocol was registered with the Thai Clinical
Trials Registry (TCTR; TCTR20250829002). The Institutional
Review Board of Lampang Hospital approved the study pro-
tocol (CERT No. 121/67). The study was conducted in ac-
cordance with the principles of the Declaration of Helsinki.
Informed consent was waived due to the observational nature
of the study.

This study was conducted and reported in accordance with
the Transparent Reporting of a Multivariable Prediction Mod-
el for Individual Prognosis or Diagnosis (TRIPOD) guideline
[12].

Results

Adult patients with non-traumatic seizures presenting between
December 2023 and July 2024 were included. After exclu-
sions, 312 patients remained eligible, from whom predictors
for both models were collected. Positive CT findings were ob-
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(n=353)

Patients 218 years with non-traumatic seizure in
December 2023 - July 2024

A 4

Collected vital signs, GCS at presentation, and baseline GCS
Candidate predictors: GCS change from baseline, focal deficit,
current cancer, alcohol withdrawal, epilepsy, and prior stroke >3 months

Excluded (n=33)
- No recorded baseline GCS and no reliable
informant to assess patient’s usual level of

A

» consciousness (n=18)

- History of traumatic brain injury within 30
days (n=15)
- Pregnancy (n=0)

(n =320)

Non contrast computed tomography (CT) head scan

Excluded (n=8)
- Inconclusive consensus among three

v

experts on whether CT findings were the
cause of seizure

Eligible patients

(n=312)
|
- ) ) Comparison:
Predictive parameters: from SeizCT Primer model - AuROC
| - Slope
- O:E ratio
- . . - - CITL
Predictive parameters: from SeizCT Optimized model - Confusion matrix

Positive CT head findings
(n=158)

Negative CT head findings
(n=254)

Figure 1. Study flow diagram. GCS: Glasgow Coma Scale; AUROC: area under the receiver operating characteristic curve; O:E
ratio: observed-to-expected ratio; CITL: calibration-in-the-large.

served in 58 cases, while the remaining 254 were negative,
yielding a prevalence of 18.6% (Fig. 1).

Of the 312 patients, 210 (67.3%) were male, with a mean
age of 53.4 + 17.5 years. Verbal scores were imputed for 17
patients (5.4%), including six with tracheostomy and 11 with
ETI. Pupil size data were missing in 40 patients (12.8%), while
anisocoria was rare.

Prior stroke and abnormal findings on previous CT brain
were more common in the validation cohort; importantly,
these previous CT findings were not related to the study end-
point of positive CT brain results. Hypertension and chronic
liver disease were also more frequent in this cohort, whereas
male sex, alcohol consumption and AWS were less common.
In contrast, the verbal component of the GCS and focal neu-
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Table 1. Baseline Characteristics of Patients in the SeizCT Primer, SeizCT Optimized, and External Validation Cohorts

SeizCT primer

SeizCT optimized Validation

Baseline characteristics (n=362), n (%) (n = 625), n (%) (n=312), n (%) P value
Male 267 (73.8) 468 (74.9) 210 (67.3) 0.045
Age (years), mean + SD 552 +16.2 54.8+16.8 53.4+17.5 0.347
SBP (mm Hg), mean + SD 141.2+29.2 140.6 +28.2 137.1+29.0 0.126
DBP (mm Hg), mean + SD 83.9+18.6 84.6 + 18.4 82.1+19.3 0.152
GCS, median (IQR) 15 (10, 15) 15 (10, 15) 15 (11, 15) 0.076

Eye, median (IQR) 43,4 44,4 44,4 0.414

Verbal, median (IQR) 5(L,5) 5(2,5) 5(2,5) 0.003

Motor, median (IQR) 6 (5, 6) 6(5,6) 6(5,6) 0.271
GCS change, median (IQR) 0(0,5) 0(0,4) 0(0,2) 0.006
Focal neurological deficit 62 (17.1) 153 (24.5) 92 (29.5) 0.001
Previous CT

No previous CT 172 (47.5) 311 (49.8) 125 (40.1) 0.003

Normal finding 91 (25.1) 110 (17.6) 73 (23.4)

Abnormal finding 99 (27.3) 204 (32.6) 114 (36.5)
Prior stroke more than 3 months 74 (20.4) 111 (17.8) 90 (28.9) 0.001
Current cancer 15 (4.1) 31 (5.0) 21 (6.7) 0.302
Epilepsy 86 (23.8) 151 (24.2) 77 (24.7) 0.960
End-stage renal disease 25(6.9) 44 (7.0) 15 (4.8) 0.398
Chronic liver disease 5(1.4) 16 (2.6) 33 (10.6) <0.001
Anticoagulant use 11 (3.1) 33 (5.3) 12 (3.9) 0.257
Hypertension 124 (34.3) 207 (33.1) 138 (44.2) 0.003
Diabetes mellitus 65 (18.0) 106 (17.0) 65 (20.8) 0.347
Alcohol consumption 147 (40.7) 237 (38.3) 77 (24.7) <0.001
Substance use 6(1.7) 22 (3.5) 8(2.6) 0.224
Alcohol withdrawal symptoms 58 (16.0) 94 (15.0) 34 (10.9) 0.001
Positive CT findings 71 (19.6) 118 (18.9) 58 (18.6) 0.940

SD: standard deviation; SBP: systolic blood pressure; DBP: diastolic blood pressure; GCS: Glasgow Coma Scale; IQR: interquartile range; GCS

change: GCS change from baseline; CT: computed tomography.

rological deficits were least frequent in the SeizCT primer
model (Table 1).

Model performance

In the development studies, the original AuROC was 0.8156
(95% CI: 0.7586, 0.8727) for the SeizCT primer model and
0.8221 (95% CI: 0.7813, 0.8629) for the SeizCT optimized
model. After external validation, the AuROC decreased to
0.7218 (95% CI: 0.6476, 0.7961) for the primer model and
0.7394 (95% CI: 0.6663, 0.8124) for the optimized model,
indicating a decline of approximately 10% in discriminative
ability for both models. The equivalence test confirmed that
the two models had statistically equivalent discriminative per-
formance (P < 0.015) (Fig. 2).

Other performance metrics also showed moderate calibra-

tion. The calibration slope was 0.582 (95% CI: 0.358, 0.805)
in the primer model vs. 0.701 (95% CI: 0.454, 0.948) in the
optimized model (P = 0.002), indicating improved calibration
and reduced overfitting in the latter. The O:E ratios were also
significantly closer to unity in the optimized model (0.934 vs.
0.971; P = 0.030), reflecting better agreement between pre-
dicted and observed outcomes. In contrast, CITL did not differ
significantly between models (-0.112 vs. -0.048; P = 0.783),
with both values close to zero, suggesting minimal system-
atic underprediction or overprediction. Overall, these findings
demonstrate that the optimized model provided significantly
better calibration on slope and O:E ratio, while maintaining
comparable CITL performance (Table 2, Fig. 3).

In this validation cohort, DCA demonstrated less favora-
ble performance compared with the original derivation stud-
ies. The net benefit of model use became apparent only at a
prevalence of 19% or higher (Fig. 4), whereas in the original
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Figure 2. Receiver operating characteristic (ROC) curves comparing the SeizCT primer and optimized models using equivalence

testing. Cl: confidence interval.

models, clinical benefit was observed beginning at a preva-
lence threshold of 10% [2, 3].

Both models were designed with predefined acceptable
thresholds of an FN proportion not exceeding 5% and an
FP proportion not exceeding 15%. After external validation,
however, both models yielded FN and FP proportions beyond
these limits. The SeizCT primer model showed a higher FP
proportion (18.9% vs. 17.0%), whereas the SeizCT optimized
model exhibited a slightly higher FN proportion (7.7% vs.
8.0%) (Table 3).

Discussion

In the United States, patients with established epilepsy have
typically undergone prior neuroimaging, and the underlying
cause of their condition is already known; therefore, brain im-
aging is generally not performed when such patients present to
the ED with a seizure [13]. In contrast, the situation in Thailand
differs. Physicians are often concerned about potential misdi-

agnosis, as there have been instances in which patients with
known epilepsy were later found to have positive CT brain
findings after discharge or admission, which could reflect
negatively on the emergency physician. Consequently, most
EDs in Thailand perform CT head scans for nearly all patients
presenting with seizures - both first episode and recurrent -
resulting in more than 90% imaging coverage. This practice
contributes to over-investigation, increased radiation expo-
sure, and higher healthcare costs. These challenges prompted
the development of the SeizCT primer model [2], followed by
the SeizCT optimized model [3], which aim to identify patients
at higher risk who truly warrant CT brain imaging.

In this external validation study, the SeizCT primer and
optimized models demonstrated comparable discriminative
performance. Both models achieved similar AuROC values,
indicating that their ability to distinguish patients with positive
CT findings remained close after validation. This finding is
consistent with their original development, where the discrimi-
native performances were already closely aligned.

However, compared with their development datasets, the

Table 2. Predictive Performance of the SeizCT Primer and SeizCT Optimized Models in the External Validation Cohort

Parameters SeizCT primer model SeizCT optimized model P value
AuROC (original) 0.8156 (0.7586, 0.8727) 0.8221 (0.7813, 0.8629) 0.798
AuROC (validation) 0.7218 (0.6476, 0.7961) 0.7394 (0.6663, 0.8124) <0.015?
Slope 0.582 (0.358, 0.805) 0.701 (0.454, 0.948) 0.002
O:E ratio 0.934 0.971 0.030
CITL -0.112 (-0.441, 0.216) -0.048 (-0.371, 0.276) 0.783

ap value from a two-sided equivalence test. AUROC: area under the receiver operating characteristic curve; O:E ratio: observed-to-expected ratio;

CITL: calibration-in-the-large.
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Figure 3. Calibration plots of the SeizCT primer and optimized models. AUC: area under the curve; O:E ratio: observed-to-
expected ratio; CITL: calibration-in-the-large; Cl: confidence interval.

AuROC decreased by approximately 10% for both models - a
reduction commonly observed when CPMs are applied to new
populations. Several factors may explain this decline. First, the
original models may have been overfitted, while differences
in baseline characteristics between cohorts likely influenced
performance, including smaller GCS changes from baseline,
a lower prevalence of AWS, and a higher prevalence of prior
stroke in the validation cohort. Second, while GCS change
from baseline is a clinically intuitive predictor, its accuracy
depends on reliable documentation in the medical record. Al-

though we pre-specified in the Methods that only cases with
trustworthy informants were enrolled, the exclusion of patients
without EMR documentation of baseline GCS inevitably lim-
its generalizability of the findings to routine practice. Moreo-
ver, GCS assessment - particularly the verbal component - was
not imputed in either of the previous models, creating incon-
sistencies between datasets. Future studies should incorporate
appropriate imputation strategies to mitigate this limitation.
Finally, the low proportion of bedridden patients or those with
low baseline GCS in this cohort limited the ability to highlight

Decision curve analysis

Net Benefit

.05
|

— —— CTall

........... CT none

SeizCT Primer model
SeizCT Optimized model

Threshold Probability

Figure 4. Decision curve analysis of the SeizCT primer and optimized models. CT: computed tomography.
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Table 3. Confusion Matrix of the SeizCT Primer and SeizCT Optimized Models in the External Validation Cohort

SeizCT primer model

SeizCT optimized model

CT brain Cut-point probabilities

>20 <20 >22.57 <22.57
Positive (n = 58) 34 (10.9) 24(7.7) 33 (10.6) 25 (8.0)
Negative (n = 254) 59 (18.9) 195 (62.5) 53 (17.0) 201 (64.4)
Total 93 219 86 226
Sensitivity 58.6 (44.9, 71.4) 56.9 (43.2, 69.8)
Specificity 76.8 (71.1, 81.8) 79.1 (73.6, 84.0)
PPV 36.6 (26.8,47.2) 38.4 (28.1,49.5)
NPV 89.0 (84.1,92.9) 88.9(84.1,92.7)

CT: computed tomography; PPV: positive predictive value; NPV: negative predictive value.

differences between the two models, suggesting that further
validation in populations enriched with such patients would
be informative.

Beyond discrimination, calibration analyses highlighted
meaningful differences between the two models. The opti-
mized model demonstrated a steeper calibration slope and an
O:E ratio closer to unity, indicating better agreement between
predicted and observed outcomes as well as reduced overfit-
ting. By contrast, CITL was similarly close to zero in both
models, suggesting little systematic bias. Taken together, these
findings show that although discrimination declined modestly
on external validation, the optimized model retained a clear
advantage in calibration compared with the primer model.

The study size was calculated using an equivalence test
rather than a conventional test of differences in AuROC. A su-
periority approach aimed at detecting very small differences
between the two models would have required an unfeasibly
large sample size, potentially exceeding 50,000 patients. Giv-
en that the original AuROC values of the primer and optimized
models were already very similar, our objective was not to
demonstrate superiority but to confirm equivalence in discrim-
inative performance. Therefore, an equivalent framework was
chosen for sample size estimation.

Based on the predefined calculation, 59 patients with posi-
tive CT findings and 253 with negative CT findings were re-
quired. In practice, the validation cohort included 58 positive
and 254 negative cases. These numbers arose from consecu-
tive data collection, without selective inclusion or exclusion,
resulting in the positive CT group having only one patient
fewer than the prespecified target. Such a minimal shortfall is
unlikely to affect the validity of the study.

Evaluation of confusion matrices showed that both models
exceeded their predefined error thresholds (< 5% for FN and <
15% for FP). The primer model had a greater tendency toward
FP, whereas the optimized model showed a slightly higher FN
proportion. In multidisciplinary discussions with emergency
physicians, neurologists, and neurosurgeons, consensus was
reached to prioritize patient safety by maintaining FN be-
low 5%. However, for future research, we propose relaxing
the FP threshold to < 20%. This adjustment, although allow-
ing slightly more FP, would remain safer and more efficient
than performing CT scans in all seizure patients. Moreover,

such a threshold modification is essential to advance toward
phase II or III validation of the clinical prediction rule [14];
without it, research efforts would remain confined to repetitive
re-derivation and external validation cycles, as declining per-
formance often prevents models from meeting overly stringent
thresholds.

In Western studies, prior stroke has generally not been
analyzed as a factor of interest associated with positive neu-
roimaging findings - either CT or magnetic resonance imaging
(MRI) - in patients presenting with seizures, likely because it
represents chronic rather than acute pathology and therefore
contributes little to detecting new structural lesions [15, 16].
Only one study from Saudi Arabia reported an inverse associa-
tion, showing that a history of stroke decreased the odds of ab-
normal CT brain findings [17]. This result aligns closely with
the Thai studies by Suriyanusorn et al [2] and Sudsanoh et al
[3], in which old infarct lesions on CT brain were interpreted as
negative findings. In that study, three predictors - prior stroke
more than 3 months, AWS, and epilepsy - acted as protective
factors against positive CT findings. The negative association
with prior stroke can be explained by old infarct scars that may
initiate seizures through neuronal hyperexcitability rather than
indicating new pathology [18].

Although this study did not directly collect data on “first-
episode seizure,” an indirect estimation was performed using
two criteria: 1) absence of prior epilepsy history; and 2) first
seizure presentation within this cohort. Based on these crite-
ria, positive CT brain findings occurred in 23.0% of patients
with first-episode seizures and 7.0% with recurrent seizures
(P =0.001), consistent with findings from Iran [8]. The dif-
fering proportions of positive CT findings between these
groups suggest a potential effect modifier. Incorporating the
“first-episode seizure” variable in subsequent model refine-
ments may further enhance diagnostic performance, while
collecting final clinical diagnoses in future research would
help clarify the clinical domain and better characterize the
study population.

Conclusions

Both SeizCT models showed similar discriminative ability
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after external validation, with an approximate 10% decline
in AuROC compared with their derivation phases, indicating
fair to acceptable discrimination. The SeizCT optimized mod-
el is recommended, as it demonstrated superior calibration,
and its use of GCS change from baseline enhances clinical
practicality.
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