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Abstract

Background: A previous study developed a predictive model for 
identifying positive findings on computed tomography (CT) brain 
imaging in patients with non-traumatic seizures. One key predictor 
was the Glasgow Coma Scale (GCS), categorized into three groups 
(≤ 8, 9 - 13, >13). However, in real-world practice, some bedridden 
patients have low baseline GCS, which may lead to overprediction 
and unnecessary CT imaging. The original model yielded a false posi-
tive of 16.6%, exceeding the predefined threshold of less than 15%. 
This study aimed to improve the model by replacing categorized GCS 
with GCS change from baseline to reduce false positives below 15%, 
while maintaining false negatives below 5%.

Methods: This diagnostic predictive study included patients with 
non-traumatic seizures who underwent CT brain imaging at the emer-
gency department between November 2019 and November 2023. The 
original predictors were retained, with GCS change from baseline re-
placing the categorized GCS. Multivariable logistic regression anal-
ysis was used to estimate multivariable odds ratios. Discriminative 
performance was assessed using the area under the receiver operating 
characteristic (AuROC) curve. A trade-off between sensitivity and 
specificity was applied to identify a probability cut-off that met the 
target for false positives and false negatives. The revised model was 

named the “SeizCT optimized model”.

Results: Of the 625 patients included, 18.9% had positive CT find-
ings. The majority were male (74.9%) with a mean age of 55 years. 
The SeizCT optimized model incorporated six predictors: prior stroke 
(> 3 months), current cancer, GCS change from baseline, alcohol 
withdrawal symptoms, epilepsy, and focal neurological deficit. The 
model demonstrated an AuROC of 0.8221 (95% confidence interval 
(CI): 0.7813, 0.8629). Using a threshold probability of 22.57%, it out-
performed the original model (AuROC of 0.8156; 95% CI: 0.7586, 
0.8727) with narrower confidence intervals. It achieved a false nega-
tive of 4.8% and a false positive of 14.4%.

Conclusions: The SeizCT optimized model showed improved perfor-
mance over the original tool, reducing both false positives and false 
negatives within the predefined thresholds. External validation is rec-
ommended.

Keywords: Seizures; Computed tomography; Glasgow Coma Scale; 
Clinical prediction rules; Diagnosis; Mobile applications

Introduction

Non-traumatic seizures are a common presentation in the 
emergency department (ED). Following the initial assessment, 
all patients routinely undergo capillary blood glucose (CBG) 
testing, serum electrolyte evaluation, and computed tomog-
raphy (CT) of the head [1-3]. In Thailand, this standardized 
approach results in an annual expenditure of approximately 
3,360,000 THB ($93,000), despite the relatively low diagnos-
tic yield of CT reported globally. According to a systematic 
review, the yield ranges from 3.2% to 21.3% of cases [4]. This 
financial burden highlights the need for a more selective im-
aging strategy. To address this issue, we developed a clinical 
prediction model (CPM) tailored for Thai patients - referred 
to as the SeizCT primer model [5] - which incorporates six 
clinical parameters: categorized Glasgow Coma Scale (GCS) 
at ED presentation, focal neurological deficit, history of ma-
lignancy, history of cerebrovascular accident (CVA), epilepsy, 
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and symptoms of alcohol withdrawal. The model demon-
strated good discriminative ability, with an area under the re-
ceiver operating characteristic curve (AuROC) of 0.8156 (95% 
confidence interval (CI): 0.7598, 0.8746). However, certain 
limitations emerged in clinical practice, particularly among 
bedridden patients with a low baseline GCS, which led to over-
prediction of positive CT head scan. Consequently, the original 
model yielded a false positive proportion reflecting overinves-
tigation, reaching 16.6%. When applied in real-world settings, 
this increased to 17.9% based on local data, exceeding the pre-
determined threshold of less than 15%. Therefore, the present 
study aims to refine the model by replacing categorized GCS 
at presentation with the change in GCS from baseline, in order 
to reduce false positives to below 15% while maintaining false 
negatives under 5%.

Materials and Methods

Study design

This diagnostic prediction research employed a retrospective 
observational cross-sectional design conducted in the ED of 
Lampang Hospital, a tertiary regional center in northern Thai-
land with 743 general beds and 82 intensive care unit beds. 
Between November 2019 and November 2023, all patients 
presenting with non-traumatic seizures routinely underwent 
laboratory investigations and CT head scan following initial 
clinical assessment. Baseline characteristics and candidate 
predictors including the change in GCS from baseline were 
collected. In contrast, CT head scan results were independently 
reviewed and interpreted by separate assessors.

Participant and data collection

Participants

Eligible participants were adults aged 18 years or older who pre-
sented with non-traumatic seizures and underwent non-contrast 
CT head scan. Patients were excluded if, upon medical record 
review, there was evidence suggesting possible traumatic brain 
injury (TBI) within the preceding 30 days [6]; if the CT head 
scan were inconclusive and specialists could not determine 
whether they were related to the seizure etiology; if there was no 
close relative or caregiver available to help assess the patient’s 
baseline level of consciousness; or if the patient was pregnant.

Endpoints

The primary endpoint was a positive CT head scan, defined 
as the presence of one or more lesions routinely identified by a 
radiologist. These included intracerebral hemorrhage, subarach-
noid hemorrhage, acute infarction, arachnoid or subarachnoid 
cysts, neurocysticercosis, tuberculoma, granulomatous lesions, 
calcifications, tumors, malignancies, brain metastases, brain 

edema, arteriovenous malformation (AVM), cerebral venous si-
nus thrombosis, and hydrocephalus [7-9]. The determination of 
whether such lesions could have contributed to the current sei-
zure episode was made by consensus of at least two out of three 
specialists: a neurologist, a neurosurgeon, and a radiologist.

Candidate predictors

1) GCS change from baseline (0 - 12 points)

This was assessed by comparing the presenting GCS score 
with the patient’s baseline GCS, as documented in the medical 
record. If the baseline GCS was not available, it was estimated 
by asking a reliable caregiver simple questions regarding the 
patient’s eye-opening, verbal, and motor responses. Patients 
were excluded if the caregiver was uncertain, deemed unreli-
able, or did not live with the patient [10].

2) Focal neurological deficit (yes or no) [11]

This was determined through neurological examination. A 
“yes” was recorded if one or more newly observed signs were 
present, including: a) Motor deficits (weakness in any limb or 
part of the body); b) Sensory deficits (loss or reduction in sen-
sation, including touch, pain, temperature, or proprioception); 
c) Visual deficits (visual loss or visual field defects (e.g., hemi-
anopia); d) Speech and language problems (impaired commu-
nication, comprehension, or slurred speech); e) Coordination 
problems (signs such as ataxia or loss of coordination in one 
limb or one side of the body); f) Cranial nerve deficits (such as 
facial muscle weakness).

3) Current cancer (yes or no) [12, 13]

In the previous paper, the term “history of malignancy” was 
used to describe patients with active cancer, though this word-
ing was imprecise. In this study, we use the term “current can-
cer” for greater accuracy in identifying patients with active or 
ongoing disease. It is defined as follows: a) Patients receiving 
chemotherapy, radiotherapy, or oral anticancer medications; b) 
Asymptomatic patients with a pathological diagnosis of can-
cer; c) Patients recently diagnosed and awaiting treatment; d) 
Patients who declined treatment or are receiving palliative care 
only.

4) Alcohol withdrawal symptoms (yes or no) [14, 15]

It is a physiological and psychological condition that oc-
curs after reducing or discontinuing alcohol intake. Common 
symptoms include tremors, irritability, restlessness, nausea, 
vomiting, heightened autonomic activity, particularly of the 
sympathetic nervous system such as anxiety, exaggerated star-
tle response, sweating, fever, facial flushing, dilated pupils, 
tachycardia, and hypertension.
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5) Epilepsy (yes or no) [16]

Epilepsy is a brain disorder defined by any of the following 
conditions: a) At least two unprovoked seizures occurring 
more than 24 h apart; b) One unprovoked seizure with a high 
probability of further seizures (at least 60% risk over the next 
10 years) similar to the risk following two unprovoked sei-
zures; c) A diagnosis of an epilepsy syndrome.

6) Prior stroke more than 3 months (yes or no) [17]

In the previous paper, the term “history of CVA” was used to 
describe the same condition, though the wording was impre-
cise. In this study, we use “prior stroke more than 3 months” 
for greater clarity and clinical accuracy. It is defined as a his-
tory of CVA, either hemorrhagic or ischemic, which occurred 
at least 3 months prior. If documentation is unavailable but 
physical examination suggests prior stroke, information was 
confirmed with a reliable caregiver to distinguish stroke from 
trauma and to verify the timing.

The six candidate predictors were grouped based on their 
association with positive CT head scan from our previous 
study: the first three were associated with an increased likeli-
hood, and the last three with a decreased likelihood. The lat-
ter group was ordered based on the typical clinical workflow 
during data collection. As a result, the predictor order in the 
presentation differs from that in the original model.

All variables were accessible at the time of prediction, with 
no missing data. To minimize information bias, predictor vari-
ables and endpoints were collected by different individuals.

Specific time point for prediction

This occurred immediately after completion of the primary as-
sessment, once CBG had been measured and blood samples 
collected for laboratory investigation, just before the decision 
to perform the CT head scan.

Study size estimation

The required sample size was estimated using the method for 
multivariable prediction models with a binary outcome, as 
proposed by Richard D. Riley [18]. Assuming a C-statistic of 
0.8, a shrinkage factor of 0.8, seven predictor variables, and a 
prevalence of positive CT findings in non-traumatic seizure 
patients of 19.6% [5], a minimum of 268 participants was re-
quired, including at least 53 with positive CT head findings.

Statistical analysis

Model derivation

Multivariable logistic regression was used, following the ap-

proach of the SeizCT primer model, but with “GCS change 
from baseline” substituted as a predictor. Results were reported 
as multivariable odds ratios (mOR) with 95% CI and P values. 
Clustered robust variance correction was applied to account 
for patients with multiple seizure-related visits.

Model performance and internal validation

Discrimination of the model was evaluated using the C-statis-
tic, expressed as the AuROC [19]. Calibration was assessed 
using calibration plots, slope of the calibration line, expected-
to-observed (E:O) ratio, and calibration-in-the-large (CITL). 
Internal validation was performed via bootstrapping with 200 
resamples to estimate potential optimism in model perfor-
mance.

Clinical usefulness of the prediction model was examined 
using decision curve analysis (DCA) [20, 21], which estimates 
net benefit (NB) by balancing true positives against false posi-
tives. The analysis demonstrated how NB varied across dif-
ferent threshold probabilities in patients presenting with non-
traumatic seizures.

Identifying cut point for clinical implication

Diagnostic performance measures - sensitivity, specific-
ity, positive predictive value (PPV), and negative predictive 
value (NPV) - were calculated based on cut points derived 
from different predicted probabilities. These indices were ob-
tained from the confusion matrix, with the goal of identifying 
a threshold yielding less than 5% false negatives and less than 
15% false positives relative to the total population.

This study was registered with the Thai Clinical Trials 
Registry (TCTR) under the identifier TCTR20250512002. 
Ethical approval was granted by the Institutional Review 
Board of Lampang Hospital (CERT No. 049.1/66). Given the 
observational design, the requirement for informed consent 
was waived. The study was conducted and reported in accord-
ance with the Transparent Reporting of a Multivariable Predic-
tion Model for Individual Prognosis or Diagnosis (TRIPOD) 
guidelines [22].

Results

Between November 2019 and November 2023, a total of 625 
patients with non-traumatic seizures were included in the 
study. Of these, 118 had positive CT head findings, while 507 
had negative results (Fig. 1), yielding a prevalence of 18.9%. 
This was slightly lower than the prevalence observed in the 
SeizCT primer model (19.6%), though the difference was not 
statistically significant (P = 0.788).

In this study, most patients were male (74.9%), with a 
mean age of 54.8 ± 16.8 years. Those with positive CT head 
findings were more likely to be female, older, have higher 
systolic blood pressure (SBP), lower GCS at ED presentation, 
greater GCS change from baseline, and a higher proportion of 
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focal neurological deficits and current cancer. In contrast, pre-
vious abnormal CT findings were equally distributed between 
groups. However, patients with negative CT results during this 
presentation had a higher proportion of normal prior CT scans, a 
greater history of epilepsy, and more frequent presentation with 
alcohol withdrawal symptoms (Table 1).

Significant predictors

Using multivariable logistic regression with clustered robust 
variance correction, six predictors were identified for predict-
ing positive CT head scan findings in patients with non-trau-
matic seizures: GCS change from baseline (mOR: 1.14; 95% 
CI: 1.07, 1.21; P < 0.001), focal neurological deficit (mOR: 
3.83; 95% CI: 2.40, 6.11; P < 0.001), current cancer (mOR: 

4.11; 95% CI: 1.79, 9.43; P < 0.001), alcohol withdrawal 
symptoms (mOR: 0.12; 95% CI: 0.03, 0.49; P = 0.003), epi-
lepsy (mOR: 0.36; 95% CI: 0.19, 0.68; P < 0.001), and prior 
stroke more than 3 months (mOR: 0.49; 95% CI: 0.26, 0.93; P 
= 0.030) (Table 2).

Model performances

The model demonstrated excellent discriminative ability, with 
an AuROC of 0.8221 (95% CI: 0.7813, 0.8629) (Fig. 2). While 
the lower bound suggests performance may be acceptable, 
the overall result is robust. This was slightly higher than the 
SeizCT primer model’s AuROC of 0.8156 (95% CI: 0.7598, 
0.8746), though the difference was not statistically significant 
(P = 0.856).

Figure 1. Study flow diagram. GCS: Glasgow Coma Scale.



Articles © The authors   |   Journal compilation © J Clin Med Res and Elmer Press Inc™   |   https://jocmr.elmerjournals.com402

SeizCT Optimized Model for CT in Seizures J Clin Med Res. 2025;17(7):398-407

Internal validation using bootstrap resampling yielded a 
corrected AuROC of 0.8160 (95% CI: 0.7700, 0.8550), with a 
shrinkage factor of 0.9570, indicating minimal optimism. Cali-
bration assessment showed a slope of 1.0000 (95% CI: 0.7930, 
1.2070) and a CITL of -0.0000 (95% CI: -0.2260, 0.2260), 
suggesting good agreement between predicted and observed 
probabilities. After bootstrap correction, the slope was 0.9570 
(95% CI: 0.7440, 1.1960), CITL -0.0020 (95% CI: -0.2300, 
0.2370), and the E:O ratio increased slightly from 1.0000 to 
1.0160. This updated version, referred to as the SeizCT opti-
mized model (Fig. 3, Table 3), was developed using the fol-
lowing equation:

( 1.934087 0.1295827* 1 1.342043* 2 1.412594* 3 2.15728* 4 1.013086* 5 0.7111015* 6)

( 1.934087 0.1295827* 1 1.342043* 2 1.412594* 3 2.15728* 4 1.013086* 5 0.7111015* 6)

Predicted probability

1

x x x x x x

x x x x x x

e
e

− + + + − − −

− + + + − − −=
+

Table 1.  Baseline Characteristics of Patients With Positive and Negative Findings on Computed Tomography (CT) Brain Scans

Baseline characteristics Missing  
(n = 55), n (%)

Positive CT  
(n = 118), n (%)

Negative CT  
(n = 507), n (%) P value

Female 0 (0) 40 (33.9) 117 (23.1) 0.018
Age (years), mean ± SD 0 (0) 60.4 ± 15.1 53.5 ± 16.9 < 0.001
SBP (mm Hg), mean ± SD 0 (0) 145.5 ± 33.07 139.4 ± 26.8 0.035
DBP (mm Hg), mean ± SD 0 (0) 85.7 ± 20.6 84.4 ± 17.8 0.481
GCS, median (IQR) 0 (0) 11 (7, 15) 15 (11, 15) < 0.001
    Eye, median (IQR) 0 (0) 4 (2, 4) 4 (4, 4) < 0.001
    Verbal, median (IQR) 0 (0) 2 (1, 5) 5 (2, 5) < 0.001
    Motor, median (IQR) 0 (0) 5 (4, 6) 6 (5, 6) < 0.001
Pupil (mm), median (IQR) 39 (6.2) 3 (2, 3) 3 (3, 3) 0.395
GCS change from baseline, median (IQR) 0 (0) -4 (-8, 0) 0 (-3, 0) < 0.001
Focal neurological deficit 0 (0) 65 (55.1) 88 (17.4) < 0.001
Previous CT
    No previous CT 0 (0) 68 (57.6) 243 (47.9) 0.019
    Normal finding 0 (0) 11 (9.3) 99 (19.5)
    Abnormal finding 0 (0) 39 (33.1) 165 (32.5)
Prior stroke more than 3 months 0 (0) 16 (13.6) 95 (18.7) 0.228
Current cancer 0 (0) 17 (14.4) 14 (2.8) < 0.001
Epilepsy 0 (0) 16(13.6) 135 (26.6) 0.003
End-stage renal disease 0 (0) 9 (7.6) 35 (6.9) 0.841
Chronic liver disease 0 (0) 3 (2.5) 13 (2.6) 1.000
Anticoagulant use 0 (0) 7 (5.9) 26 (5.1) 0.654
Hypertension 0 (0) 43 (36.4) 164 (32.4) 0.447
Diabetes mellitus 0 (0) 19 (16.1) 87 (17.2) 0.892
Smoking 7 (1.1) 21 (18.1) 76(15.1) 0.479
Alcohol consumption 6 (1.0) 39 (33.6) 198 (39.4) 0.290
Substance use 3 (0.5) 2 (1.7) 20 (4.0) 0.403
Alcohol withdrawal symptoms 0 (0) 2 (1.7) 92 (18.2) < 0.001

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

Table 2.  Predictors of Positive CT Head Scan Findings From 
Multivariable Logistic Regression

Predictors
Positive findings on 

CT head scan
mOR 95% CI P value

GCS change from baseline (points) 1.14 1.07, 1.21 < 0.001
Focal neurological deficit 3.83 2.40, 6.11 < 0.001
Current cancer 4.11 1.79, 9.43 < 0.001
Alcohol withdrawal symptoms 0.12 0.03, 0.49 0.003
Epilepsy 0.36 0.19, 0.68 < 0.001
Prior stroke more than 3 months 0.49 0.26, 0.93 0.030

CT: computed tomography; mOR: multivariable odds ratio; CI: confi-
dence interval; GCS: Glasgow Coma Scale.



Articles © The authors   |   Journal compilation © J Clin Med Res and Elmer Press Inc™   |   https://jocmr.elmerjournals.com 403

Sudsanoh et al J Clin Med Res. 2025;17(7):398-407

where X1 represents GCS change from baseline, X2 indicates 
focal neurological deficit, X3 indicates current cancer, X4 in-
dicates alcohol withdrawal symptoms, X5 indicates epilepsy, 
and X6 indicates prior stroke.

The clinical usefulness of the SeizCT optimized model is 
demonstrated in the DCA graph (Fig. 4), showing consistently 
high NB compared to the absence of model use, with advan-

tages becoming evident at a prevalence of 10% or greater.

Cut point threshold selection

To identify an optimal cut point with a false negative below 5% 
and a false positive below 15% of the total, we generated a risk 
curve. The y-axis represented the probability of positive CT 
findings, while the x-axis showed the linear predictor - that is, 
the logit (log-odds) output from the SeizCT optimized model, 
derived from the weighted sum of predictor coefficients. Using 
this curve, we evaluated trade-offs between false negatives and 
false positives via the confusion matrix.

The prevalence of positive CT findings in our dataset was 
18.9%, corresponding to a linear predictor of -1.46. While this 
threshold achieved a false negative below 5%, the false posi-
tive exceeded 15%. Raising the cut point to a 25% predicted 
probability (linear predictor -1.10) reduced false positives but 
pushed the false negative above 5%. We ultimately selected a 
probability threshold of 22.57% (linear predictor -1.25), which 
met both criteria: false negative below 5% and false positive 
below 15% (Table 4, Fig. 5).

Discussion

The prevalence of positive CT head scan findings in this 
study (18.9%) was similar to that reported in a previous study 
(19.6%, P = 0.788). However, broader comparisons are lim-
ited due to the lack of research specifically focused on non-
traumatic seizures in the ED. Most existing studies emphasize 
post-traumatic seizures and their associations with CT findings 
[23-25], assess seizure-related factors in ED patients - where 

Figure 2. The area under the receiver operating characteristic curve (AuROC). CI: confidence interval.

Figure 3. Calibration plot for predicted and observed probabilities of 
the SeizCT optimized model.
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TBI often emerges as an independent factor [26], or investigate 
epilepsy subtypes in relation to electroencephalography (EEG) 
and magnetic resonance imaging (MRI), typically within neu-
rology-focused settings [27]. Even studies conducted in EDs 
frequently target pediatric populations [28].

Although the updated 2025 NICE guideline [27] provides 
recommendations for epilepsy diagnosis and chronic care 

management, it does not offer a structured, probability-based 
tool for CT imaging decisions in acute, non-traumatic seizure 
presentations. The guideline is more applicable to outpatient 
neurologic assessment, often involving MRI and EEG - re-
sources not readily available in ED settings. In contrast, our 
study proposes a real-time decision-making tool tailored for 
ED physicians, addressing the gap in guidance for urgent CT 

Table 4.  Confusion Matrices and Diagnostic Performance of the SeizCT Optimized Model at Different Probability Thresholds

Cut point CT +ve (n = 118) CT -ve (n = 507) Total Sensitivity Specificity PPV NPV
Probability > 18.9% 94 (15.0%) 116 (18.6%) 210 79.7% 77.1% 44.8% 94.2%
Probability ≤ 18.9% 24 (3.8%) 391 (62.6%) 415
Probability > 22.57% 88 (14.1%) 90 (14.4%) 178 74.6% 82.2% 49.4% 93.3%
Probability ≤ 22.57% 30 (4.8%) 417 (66.7%) 447
Probability > 25% 84 (13.4%) 83 (13.3%) 167 71.2% 83.6% 50.3% 92.6%
Probability ≤ 25% 34 (5.4%) 424 (67.8%) 458

CT: computed tomography; CT +ve: positive finding on CT brain; CT -ve: negative finding on CT brain; PPV: positive predictive value; NPV: negative 
predictive value.

Figure 4. Decision curve analysis.

Table 3.  Internal Validation of the Predictive Model Using the Bootstrap Resampling Method

Parameters Apparent performance Bootstrap performance
AuROC 0.8221 (0.7813, 0.8629) 0.8160 (0.7700, 0.8550)
Slope 1.0000 (0.7930, 1.2070) 0.9570 (0.7440, 1.1960)
E:O ratio 1.0000 1.0160
CITL -0.0000 (-0.2260, 0.2260) -0.0020 (-0.2300, 0.2370)
Bootstrap shrinkage - 0.9570

AuROC: area under the receiver operating characteristic curve; E:O ratio: expected-to-observed outcomes ratio; CITL: calibration-in-the-large.
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head imaging in resource-limited environments.
One relevant emergency-based decision rule is the LIM-

IT rule, developed to guide neuroimaging after seizures [26]. 
However, it includes trauma as a core predictor, which was 
intentionally excluded in our study. Moreover, the LIMIT 
cohort had less than 5% positive CT findings, compared to 
18.9% in our non-traumatic seizure cohort. These differ-
ences emphasize the need for a domain-specific tool like the 
SeizCT optimized model, designed to assist CT decisions in 
non-traumatic seizure patients during their initial ED evalu-
ation.

Among the limited studies addressing non-traumatic sei-
zures, most are descriptive - either identifying seizure eti-
ologies based on CT findings [3, 7, 8], or examining factors 
associated with first-episode seizures [29, 30]. Some scoring 
systems have been proposed, but these are primarily designed 
to improve yield rather than to guide CT imaging decisions in 
adult ED practice [30, 31]. These gaps underscore the novelty 
of the present study and highlight the need for more evidence 
in real-world adult ED populations with non-traumatic sei-
zures.

The SeizCT optimized model demonstrated an AuROC of 
0.8221 (95% CI: 0.7813, 0.8629), comparable to the SeizCT 
primer model’s AuROC of 0.8156 (95% CI: 0.7586, 0.8727). 
Although both models exhibited similar discriminative per-
formance, the optimized model yielded a narrower confi-
dence interval. Importantly, incorporating “GCS change from 
baseline” as a predictor in the optimized model offers greater 
clinical practicality - particularly for patients with chronic bed-
ridden status, where baseline GCS is often below 15. In such 
cases, applying the primer model may lead to overprediction 
of positive CT findings, underscoring the potential advantage 
of the optimized model if externally validated in this subgroup.

Regarding diagnostic performance, the SeizCT primer 

model yielded a false negative of 4.4% and a false positive of 
16.6% of the total population, exceeding the predefined thresh-
old of 15%. In contrast, the SeizCT optimized model showed 
a slightly higher false-negative rate of 4.8% (still within the 
acceptable limit of 5%) and reduced the false positive to 14.4% 
of the total. This improvement aligns with the study’s objec-
tive to minimize unnecessary CT scans.

Among all patients (n = 625), if CT head scans were se-
lectively performed using the SeizCT optimized model with 
a predicted probability threshold > 22.57%, only 88 patients 
would undergo imaging. This approach could potentially avoid 
537 unnecessary CT scans, resulting in substantial cost savings 
(approximately 1,879,500 THB (537 × 3,500 THB), equivalent 
to around $53,700), and minimizing radiation exposure. Such 
a strategy may be particularly beneficial in resource-limited 
settings or developing countries, where healthcare costs and 
access to imaging are critical considerations.

Although the SeizCT optimized model was adapted from 
parameters established in a previous study, it currently repre-
sents only the first phase of the CPM: the derivation phase 
[32]. As such, its use may assist physicians in decision-making 
but should not be regarded as a directive instrument. External 
validation (phase 2) is required to assess its generalizability. 
A decline in performance is anticipated, including potential 
reductions in AuROC and changes in false-negative and false-
positive proportions, as reflected in the confusion matrix. If 
performance deteriorates, strategies such as increasing the 
sample size, re-analyzing the model, or incorporating addition-
al predictive variables may be necessary to improve accuracy. 
Given the high volume of non-traumatic seizure patients rou-
tinely undergoing CT head scans in our setting, the clinical and 
economic burden is substantial. We are committed to the ongo-
ing refinement of the SeizCT model through iterative plan-do-
check-act (PDCA) cycles to ensure its clinical applicability. If 

Figure 5. Predicted probability of positive CT brain findings plotted against the linear predictor. CT: computed tomography.
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the model’s performance remains acceptable, progression to 
phase 3 - impact assessment - will follow.

Limitations

This study has some limitations. First, a number of patients (n 
= 38) were excluded due to the absence of a reliable informant 
to assess their usual level of consciousness, which may intro-
duce exclusion bias. Future studies should consider data imputa-
tion methods to minimize this issue. Second, all imaging was 
performed using non-contrast CT, which is standard practice in 
the ED due to its rapid availability, lower cost, and favorable 
safety profile. Although contrast-enhanced CT can improve le-
sion detection, especially in cases of tumor, infection, or vascular 
abnormalities, its routine use is limited by concerns about con-
trast allergy, nephrotoxicity, and added time and cost. MRI offers 
superior soft tissue resolution and can detect subtle structural or 
inflammatory lesions; however, it is often less accessible, more 
expensive, and time-consuming, particularly in resource-limited 
settings like ours. These factors justify the use of non-contrast CT 
as the initial imaging modality and should be considered when 
interpreting the generalizability of the SeizCT optimized model.

Conclusions

Although the SeizCT optimized model showed a similar dis-
criminative performance to the original model, it achieved the 
predefined thresholds of a false negative below 5% and a false 
positive under 15%. The use of “GCS change from baseline” 
enhances its clinical practicality. External validation is crucial 
to confirm its generalizability across diverse clinical settings.
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