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BACKGROUND: Early identification of large vessel occlusion (LVO) in patients with ischemic stroke is crucial for timely 
interventions. We propose a machine learning–based algorithm (JLK-CTL) that uses handcrafted features from noncontrast 
computed tomography to predict LVO.

METHODS: We included patients with ischemic stroke who underwent concurrent noncontrast computed tomography and 
computed tomography angiography in seven hospitals. Patients from 5 of these hospitals, admitted between May 2011 and 
March 2015, were randomly divided into training and internal validation (9:1 ratio). Those from the remaining 2 hospitals, 
admitted between March 2021 and September 2021, were designated for external validation. From each noncontrast 
computed tomography scan, we extracted differences in volume, tissue density, and Hounsfield unit distribution between 
bihemispheric regions (striatocapsular, insula, M1–M3, and M4–M6, modified from the Alberta Stroke Program Early 
Computed Tomography Score). A deep learning algorithm was used to incorporate clot signs as an additional feature. 
Machine learning models, including ExtraTrees, random forest, extreme gradient boosting, support vector machine, and 
multilayer perceptron, as well as a deep learning model, were trained and evaluated. Additionally, we assessed the models’ 
performance after incorporating the National Institutes of Health Stroke Scale scores as an additional feature.

RESULTS: Among 2919 patients, 83 were excluded. Across the training (n=2463), internal validation (n=275), and external 
validation (n=95) datasets, the mean ages were 68.5±12.4, 67.6±13.8, and 67.9±13.6 years, respectively. The proportions 
of men were 57%, 53%, and 59%, with LVO prevalences of 17.0%, 16.4%, and 26.3%, respectively. In the external validation, 
the ExtraTrees model achieved a robust area under the curve of 0.888 (95% CI, 0.850–0.925), with a sensitivity of 80.1% 
(95% CI, 72.0–88.1) and a specificity of 88.6% (95% CI, 84.7–92.5). Adding the National Institutes of Health Stroke Scale 
score to the ExtraTrees model increased sensitivity (from 80.1% to 92.1%) while maintaining specificity.

CONCLUSIONS: Our algorithm provides reliable predictions of LVO using noncontrast computed tomography. By enabling early 
LVO identification, our algorithm has the potential to expedite the stroke workflow.

GRAPHIC ABSTRACT: A graphic abstract is available for this article.
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Large vessel occlusion (LVO), defined as the occlusion 
of large, proximal cerebral arteries, has a substantial 
clinical impact on ischemic strokes, with LVO account-

ing for up to 46% of ischemic strokes.1 A computed 
tomography or magnetic resonance angiography is com-
monly used to diagnose LVO. However, these modalities 
have limitations, including restricted accessibility, pro-
cedural delays, and the risk of contrast agent–induced 
anaphylaxis.2 Given the importance of early recognition 

of LVO on timely interventions and improved functional 
outcomes, there remains an unmet medical need for an 
accurate and rapid LVO diagnosis.

A few studies have reported that several features on 
noncontrast computed tomography (NCCT) are indica-
tors of LVO, such as hyperdense arterial signs,3,4 sulcal 
effacement,5 and loss of gray-white matter differentia-
tion.6 While NCCT scans are highly accessible and offer 
fast acquisition, achieving an accurate diagnosis of LVO 
from these scans requires expertise in stroke, which is 
difficult to find in developing countries or hospitals in 
excessive demand. Previous studies exploring automatic 
LVO detection using artificial intelligence encountered 
limitations such as a lack of robust external validation 
and interpretability in clinical usage.3,4,6 To date, there 
have been a limited number of attempts aimed at extract-
ing handcrafted features that hold clinical relevance to 
LVO, particularly about ischemic density changes and the 
presence of clots.

This study used modified 4 Alberta Stroke Program 
Early Computed Tomography Score regions (striatocap-
sular, insula, M1–M3, and M4–M6)7 as a mean of dividing 
the brain and extracted features of asymmetry in density, 
volume, and Hounsfield units (HU) distribution between 
left and right hemispheres from each region, along with 
the existence of clot sign (Figure 1). Using the hand-
crafted features, we developed the machine learning 
(ML) algorithm (JLK-CTL) to predict LVO in NCCT. This
model was externally validated using multicenter data.

Nonstandard Abbreviations and Acronyms

AF	 atrial fibrillation
AUC	 area under the curve
CTA	 computed tomography angiography
DL	 deep learning
HU	 Hounsfield units
LVO	 large vessel occlusion
ML	 machine learning
NCCT	 noncontrast computed tomography
NIHSS	� National Institutes of Health Stroke 

Scale
NWU	 net water uptake
ROC	 receiver operating characteristic
STARD	� Standards for Reporting of Diagnostic 

Accuracy Studies

Figure 1. Schematic explanation for JLK-CTL.
By aligning a standard template with regional masks (striatocapsular, insula, M1–M3, and M4–M6, modified from Alberta Stroke Program Early 
Computed Tomography Score) onto noncontrast computed tomography scan, we calculated nonequivalence scores (non-eq score) indicating 
mean differences in Hounsfield units (HU) between corresponding regions on both sides. Furthermore, relative differences in tissue density, 
volume, and HU distribution between the right and left regions were calculated. These are indicated as net water uptake (NWU), change in 
volume (ΔVolume), and SD of HU distribution (Std), respectively. The existence of clot sign was included as an additional feature, encompassing 
17 features. Outputs of ExtraTrees are represented as large vascular occlusion (LVO) scores. We offer a bar graph that illustrates factors that 
contribute to an increase (shown in red) or decrease (indicated in blue) in the LVO score.
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METHODS
The data that support the findings of this study are available 
upon request from the corresponding author. The data are 
not publicly available due to privacy and ethical restrictions. 
The study was designed to align with STARD (Standards for 
Reporting of Diagnostic Accuracy Studies).8

Study Participants
For the training and internal validation datasets, we retro-
spectively collected data of patients with ischemic stroke 
(admitted between May 2011 and March 2015) across 5 
comprehensive stroke centers, using the following criteria: (1) 
age ≥18 years, (2) admission within 7 days of symptom onset, 
and (3) concurrent computed tomography angiography (CTA) 
and NCCT evaluations for LVO assessment. For the external 
validation dataset, patients with ischemic stroke (admitted 
between March 2021 and September 2021) were retro-
spectively collected from 2 comprehensive stroke centers, 
adhering to the aforementioned criteria. In all cases, patients 
underwent both NCCT and CTA to evaluate LVO at the dis-
cretion of the attending physician. Patients were excluded 
based on the following criteria: (1) the presence of brain 
tumors, intracranial hemorrhages, ventriculoperitoneal shunts, 
or extraventricular drainage and (2) NCCT scans indicating 
errors in the skull-stripping process (Figure S1). The institu-
tional review boards of all participating centers approved the 
study and waived informed consent due to the anonymous 
and retrospective study design.

Clinical Data Collection
Using a standardized protocol,9 we collected demographic 
data, medication history, and details about vascular risk fac-
tors. Stroke subtypes were determined by consensus among 
experienced neurologists at each participating center, using 
a validated magnetic resonance imaging–based algorithm.10 
Admission National Institutes of Health Stroke Scale (NIHSS) 
scores were evaluated by certified (http://www.stroke-edu.
or.kr/) physicians in each hospital.

Identification of LVO
Vascular status dynamically varies throughout the hyperacute 
stroke phase11; hence, we used CTA, concurrently performed 
with NCCT, to determine LVO. We defined LVO as a complete 
contrast filling defect in the intracranial carotid artery or middle 
cerebral artery M1/M2 segment. An experienced neurologist 
diagnosed the presence, side, and location of LVO in all cases. 
Subsequently, we compared these diagnoses with the stroke 
registry data, which had been independently verified by attend-
ing vascular neurologists at each hospital. If the decision was 
discordant, a consensus was made. All images were analyzed 
in a central image laboratory.

Data Preprocessing

Alberta Stroke Program Early Computed Tomography 
Score Region Segmentation
As preprocessing, skull stripping was performed on individual 
images using an in-house algorithm. Affine transformation and 

symmetrical image normalization deformation methods were 
conducted using ANTS software.12 The resulting transforma-
tion was applied to the Alberta Stroke Program Early Computed 
Tomography Score mask,7 labeled by an experienced neurolo-
gist, using nearest-neighbor interpolation.12 The modified mask 
consists of 4 regions: insula, M1 to M3, M4 to M6, and internal 
capsule-caudate-lentiform (striatocapsular) regions.

To minimize confounding effects of outliers such as artifacts, 
hemorrhage, chronic infarcts, and cerebrospinal fluid spaces, 
additional preprocessing was conducted. A windowing with a 
center value of 40 HU and a width of 40 HU was applied, fol-
lowed by the removal of voxels in each region that fell outside 
the 10 HU margin from the median value.

Clot Sign Segmentation
Clot signs were detected on NCCT images using a convolu-
tional neural network with a U-Net architecture.13 The U-Net 
model was trained on 520 patients, validated on 60 patients, 
and externally validated on 51 patients. Details on training 
and validation processes are in the Supplemental Material 
(Supplemental Methods; Figure S2).

Feature Extraction
Nonequivalence Score (Mean HU Differences)
A statistical test on the mean HU difference between left and 
right regions was conducted using a 2 one-sided t test.14 It 
analyzes whether the observed mean HU difference is statisti-
cally significant considering the predefined equivalence margin 
of ±1 HU. The margin was defined to detect subtle changes 
of HU in the acute phase, as HU density linearly decreases 
−0.4 HU/h in patients with ischemic stroke.15 From the test, a
nonequivalence score ranging from 0 to 1 was derived. Lower
scores indicate that the observed difference between the 2
hemispheres’ regions is more likely within the margin.

Net Water Uptake
The relative difference in densities of the left and right parts 
of each region, represented as net water uptake (NWU), was 
measured as shown in equation (1).16

NWUi = 1−
mean

(
HUL

i

)

mean
(
HUR

i

) . . .
where i represents modified Alberta Stroke ProgramEarly Computed Tomography Score regions

SD Ratio
The relative difference in the SD of the left region to that of its 
contralateral regions was calculated by equation (2).

STDi = 1−
SD

(
HUL

i

)

SD
(
HUR

i

) . . .
where i represents modified Alberta Stroke ProgramEarly Computed Tomography Score regions

Volumetric Ratio
The relative difference in volume of the left and right parts of 
each region was calculated through equation (3). This score 
was included to represent the change in volume of the ischemic 
brain due to swelling.

∆Vi = 1−
Volume

(
iL
)

Volume (iR)
. . .

where i represents modified Alberta Stroke Program Early
Computed Tomography Score regions

∆Vi = 1−
Volume

(
iL
)

Volume (iR)
. . .

where i represents modified Alberta Stroke Program Early
Computed Tomography Score regions

Equation (1)

Equation (2)

https://www.ahajournals.org/doi/suppl/10.1161/STROKEAHA.123.045772
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∆Vi = 1−
Volume

(
iL
)

Volume (iR)
. . .

where i represents modified Alberta Stroke Program Early
Computed Tomography Score regions

� Equation (3)

Presence of Clot Sign
The existence of the clot sign was determined by using the auto-
mated clot sign segmentation model. Binary scores of 0 or 1 were 
appended as features, depending on the predicted clot mask.

Thus, by extracting 4 features from each of the 4 regions 
and including the presence of a clot sign, 17 features were 
identified in each NCCT scan.

Model Training and Evaluation
Among the study population, patients from 5 hospitals were 
randomly split in a 9:1 ratio into training and internal valida-
tion datasets. Patients from the remaining 2 hospitals were 
selected as external validation datasets.

We trained 5 ML classification models, including support vec-
tor machine,17 ExtraTrees,18 random forest,19 extreme gradient 
boosting,20 and multilayer perceptron,21 and EfficientNetV2S, a 
deep learning (DL) model.22 Each model was trained and vali-
dated on the same dataset. Subsequently, receiver operating 
characteristic curves were generated for each model, and the 
area under the curve (AUC) was computed to quantitatively 
assess model performance. Also, we assessed the model’s per-
formance depending on onset to image, NIHSS scores, and the 
presence of atrial fibrillation (AF).

Optimal threshold values of each model maximizing specificity 
and sensitivity were determined from the internal validation data-
set without bootstrapping. Furthermore, the discriminative power 
of NIHSS scores on LVO prediction was analyzed by incorporat-
ing NIHSS scores into the best model as a continuous variable 
(JLK-CTL+). Details on model training and evaluation were pro-
vided in the Supplemental Material, Table S1, and Figure S3.

Feature Importance
To interpret the classification results of ML models, mean 
decrease in impurity23 and permutation importance24 were 
calculated to explain the contribution of each feature to pre-
dictions of the model. For the interpretation of an individual 
prediction case, we implemented Shapley additive explana-
tions.25 Mean decrease in impurity and permutation importance 
were used to understand the overall importance of features 
with respect to all cases in datasets, whereas Shapley additive 
explanations were used to explicitly explain the contribution 
of features on a single case prediction. The details of feature 
importance are presented in the Supplemental Methods.

Statistical Analysis
Data were presented as mean±SD, median (interquartile range), 
or number (percentage). For the comparison of baseline char-
acteristics between training, internal, and external validation 
datasets, we used ANOVA or Kruskal-Wallis test for continu-
ous variables and the χ2 test or Fisher exact test for categorical 
variables as appropriate. To compare AUC among models, we 
used the DeLong test.26 All statistical analyses were performed 

using STATA, version 16.0 (StataCorp, College Station, TX), and 
P<0.05 was considered statistically significant.

RESULTS
Baseline Characteristics
After excluding 83 patients following exclusion criteria 
(Figure S1) from 2919 collected patients, 2833 patients 
with ischemic stroke from seven hospitals were divided 
into training (n=2463) and internal (n=275) and exter-
nal validations (n=95). The mean ages of subjects in the 
training, internal, and external validation datasets were 
68.5±12.4, 67.6±13.8, and 67.9±13.6 years, respectively 
(Table 1). Distributions of sex and vascular risk factors 
were comparable between datasets. LVO was more fre-
quent in the external validation dataset than in other data-
sets (17.0%, 16.4%, and 26.0% in training, internal, and 
external validation datasets, respectively; P=0.045). The 
slice thickness of NCCT scans ranged from 3.0 to 5.0 mm.

Performance Comparison of Models in 
Predicting LVO
ML models achieved an AUC of 0.825–0.865 in the 
internal validation and 0.864–0.896 in the external vali-
dation without significant differences (Figure 2A and 
2B). The DL model exhibited a superior AUC of 0.951 
in the internal validation dataset compared with the 
ExtraTrees model (P=0.026). However, in the exter-
nal validation dataset, its performance was significantly 
compromised, showing worse AUC compared with ML 
models (all P<0.001). Of note, a marked disparity in the 
specificity of the DL model was observed between the 
internal and external validation datasets (Table 2).

ML models exhibited similar performances. However, 
in the internal validation dataset, the ExtraTrees model 
demonstrated the highest AUC compared with other 
models; in the external validation dataset, only the Extra-
Trees model exhibited a sensitivity >80% with a specific-
ity of 89%. Also, consistency of the performance of the 
ExtraTrees model between the internal and external vali-
dation datasets regardless of the selected threshold was 
observed (Figure S4). Thus, we selected the ExtraTrees 
model as our best performing model for further analysis 
(JLK-CTL). The whole result of JLK-CTL in the external 
validation dataset is presented in Figure S5.

Better Performance of Imaging Feature 
Compared With NIHSS Score
The best NIHSS score cutoff value for LVO predic-
tion was 11. Compared with the model solely using 
NIHSS score (AUC, 0.760 and 0.711 in the internal 

https://www.ahajournals.org/doi/suppl/10.1161/STROKEAHA.123.045772
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and external validation datasets, respectively), both 
models that used imaging (JLK-CTL) or imaging with 
NIHSS score (JLK-CTL+) showed better performance 
in predicting LVO (both P<0.001; Figure 2C and 2D; 

Table 2). Also, on a predefined threshold, incorporating 
NIHSS scores increased the sensitivity of the model 
compared with the model using imaging features only. 
To be specific, to achieve the same sensitivity of JLK-
CTL+, the model only using imaging features largely 
sacrificed specificity (Table 2). This indicates that 
embedding NIHSS scores increased sensitivity without 
significantly sacrificing specificity.

Subgroup Analysis: Onset to Image (≤6 Versus 
>6 Hours), NIHSS Score (≤11 Versus >11), AF
(With AF Versus Without AF), and Exhibition of 
Arterial Stenosis
When subjects were divided into 2 groups by onset to 
image of 6 hours, AUCs were comparable between 2 
groups in internal and external validation datasets (P=0.86 
and P=0.07, respectively; Figure 3A and 3B). In internal and 
external datasets, no significant differences in specificity 
and sensitivity were observed between 2 groups (Table 3). 
Adding NIHSS scores to the model increased AUC and 
sensitivity without sacrificing specificity (Figure S6A and 
S6B). Stratification by onset to image of 4.5, 4, 3, and 2 
hours showed similar results (Figure S7; Tables S2 and S3).

After stratified by NIHSS score of 11, no difference in 
AUC was observed between 2 groups in the internal and 
external validation datasets (P=0.21 and P=0.08, respec-
tively; Figures 3C and 3D; Table 3). In addition, AUCs were 
similar between groups with and without AF groups in the 
internal and external validation datasets (P=0.49 and 
P=0.40, respectively; Figure S8). The sensitivity tended to 
be higher in AF-positive subgroups (Table S4).

In the external validation dataset, 6 subjects had rel-
evant stenosis without LVO. LVO scores were not differ-
ent between subjects with and without relevant stenosis; 
however, results for those with LVO were markedly dif-
ferent compared with subjects with relevant stenosis but 
without LVO (Figure S9).

Feature Importance Analysis
Analysis of both mean decrease in impurity and permuta-
tion importance metrics revealed that the 3 most influential 
features in predicting LVO were the nonequivalence scores 
in the striatocapsular region, the nonequivalence scores in 
the insula region, and the existence of clot sign (Figure 
S10). Although not as important as these 3 features, non-
equivalence scores in M1 to M3 and M4 to M6 regions and 
NWU in striatocapsular and insula regions were also identi-
fied as important factors in the model’s prediction.

DISCUSSION
In this study, we developed an ML algorithm to pre-
dict LVO in NCCT using handcrafted imaging features 

Table 1.  Baseline Characteristics of Datasets

Training* 
(n=2463) 

Internal 
validation 
(n=275) 

External 
validation 
(n=95) P value 

Age, y 68.5±12.4 67.6±13.8 67.9±13.6 0.03

Sex, men 1385 
(57.2%)

144 
(53.3%)

56 (59.0%) 0.44

Large vessel 
occlusion

419 (17.0%) 45 (16.4%) 25 (26.3%) 0.057

Large vessel occlusion, location

 �Intracranial 
ICA

147 (35.1%) 19 (42.2%) 3 (12.0%) 0.033

 �MCA-M1 406 (96.9%) 43 (95.6%) 24 (96.0%) 0.87

 �MCA-M2 333 (79.5%) 40 (88.9%) 21 (84.0%) 0.29

Slice thickness, mm <0.001

 �3 27 (1.1%) 4 (1.5%) 0 (0.0%)

 �4 920 (37.4%) 109 
(39.6%)

0 (0.0%)

 �4.8 1020 
(41.4%)

109 
(39.6%)

0 (0.0%)

 �5 496 (20.1%) 53 (19.3%) 95 
(100.0%)

Onset to image, 
h

16.1 
(4.8–48.0)

13.6 
(4.9–44.4)

7.7 
(2.2–56.9)

0.16†

Admission 
NIHSS score

4 (2–8) 4 (2–10) 6 (3–14) <0.001†

Stroke subtype <0.001

 �LAA 878 (35.7%) 98 (35.6%) 40 (42.1%)

 �SVO 382 (15.5%) 36 (13.1%) 7 (7.4%)

 �CE 494 (20.1%) 59 (21.5%) 22 (23.2%)

 �Undetermined 503 (20.4%) 62 (22.5%) 12 (12.5%)

 �Other 
determined

45 (1.8%) 10 (3.6%) 10 (10.4%)

 �Transient 
ischemic 
attack

52 (2.1%) 10 (3.6%) 5 (5.2%)

Prior stroke 539 (21.9%) 62 (22.6%) 27 (28.4%) 0.45

Coronary artery 
disease

233 (9.5%) 29 (10.6%) 14 (14.7%) 0.33

Hypertension 1646 
(66.8%)

189 
(68.7%)

64 (67.4%) 0.71

Diabetes 738 (30.0%) 76 (27.6%) 32 (33.7%) 0.59

Hyperlipidemia 565 (22.9%) 62 (22.6%) 20 (21.1%) 0.74

Atrial fibrillation 468 (19.0%) 50 (18.2%) 28 (29.5%) 0.09

Data are represented as mean±SD, median (interquartile range), or number 
(percentage). CE indicates cardioembolism; ICA, internal carotid artery; LAA, 
large artery atherosclerosis; MCA, middle cerebral artery; NIHSS, National Insti-
tutes of Health Stroke Scale; and SVO, small vessel occlusion.

*Data were missing in 44, 47, 75, 49, 109, 47, 47, 47, 47, 47, and 47 for age,
sex, onset to image, admission NIHSS, stroke subtype, history of prior stroke, 
coronary artery disease, hypertension, diabetes, hyperlipidemia, and atrial fibril-
lation, respectively.

†The Kruskal-Wallis test was used.
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including mean HU difference (nonequivalence scores), 
NWU, SD of HU, volumetric ratio, and presence of clot 
sign. Our model showed robust performance in detect-
ing LVO in both internal and external validation datas-
ets. In addition, compared with the DL model, our model 
showed better results in the external validation dataset. 
Adding NIHSS scores to the model improved predic-
tive performance. Feature importance analysis indicated 
nonequivalence scores in the striatocapsular and insular 
regions, along with the presence of a clot sign, as crucial 
features for predicting LVO in NCCT.

Despite promising results of DL models in a variety 
of diseases,27 they have an inherent overfitting prob-
lem due to their high complexity, which reduces model 

performance on unseen data.28 As indicated by our 
results, ML algorithms, which have less complex architec-
tures, have a more robust performance when applied to 
unseen data compared with the DL model. Furthermore, 
our model allowed the visualization of the tree nodes and 
important features in the individual case (Figure S11), 
which is difficult in a DL model.29 Such visualization pro-
vided insight into how the classifier used the features 
during LVO prediction and, thus, may increase the cred-
ibility of results.

A previous study3 demonstrated high sensitivity (83%) 
and specificity (71%) of LVO prediction in NCCT from 
1453 patients with stroke in whom 57% had an LVO on 
CTA. However, unlike our approach, the algorithm in the 

Figure 2. Receiver operating characteristic (ROC) curve of machine learning models and a deep learning (DL) model.
A and B, Comparisons of the ROC curves of the DL model with those of machine learning models in the internal and external validation datasets, 
respectively. C and D, ROC curves of National Institutes of Health Stroke Scale (NIHSS) model, imaging-only model, and imaging plus NIHSS 
model in internal and external validation datasets, respectively. ExT indicates ExtraTrees; MLP, multilayer perceptron; RF, random forest; SVM, 
support vector machine; and XGB, extreme gradient boosting.

https://www.ahajournals.org/doi/suppl/10.1161/STROKEAHA.123.045772
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previous study used outputs of a DL-based model as 
features, which is prone to overfitting and hard to inter-
pret30,31; the algorithm was not evaluated on completely 
new datasets (external validation dataset in our study).

Intriguingly, our model demonstrated similar perfor-
mance in patients with onset to image ≤4.5 and >4.5 
hours. In the external validation dataset, patients with 
onset to image ≤4.5 hours had higher NIHSS scores 
compared with those with onset to image >4.5 hours 
(median, 9 versus 5; P=0.01) although having a com-
parable frequency of LVO (29% versus 25%; P=0.83). 
This implies that patients with rapidly evolving stroke are 
more likely to suffer from more severe symptoms, seek 
medical attention earlier, and exhibit prominent features 
associated with ischemic stroke on NCCT, even if they 
arrive within the first 4.5 hours.

In the external validation dataset, LVO scores were 
comparable between patients without either LVO or ste-
nosis and patients with stenosis. This finding may be 
attributed to the small number of patients with stenosis 
in our study and the variability in infarct patterns associ-
ated with stenosis. To explore the association between 
predicted LVO scores and arterial stenosis more com-
prehensively, further research involving a broader range 
of stenosis degrees is warranted.

Feature importance analysis revealed that nonequiv-
alence scores across all regions, clot signs, and NWU 
in the striatocapsular and insular regions are significant 
attributes. These results align with our understanding 
of LVO. The importance of density changes (nonequiv-
alence scores and NWU) in insular and striatocapsular 

regions reflects the loss of gray-white matter differentia-
tion, occurring at the margins of the insula and lentiform 
nucleus, respectively.7 This raises concerns about per-
formance in cases involving middle cerebral artery bifur-
cation or M2-middle cerebral artery occlusion. However, 
in such cases, we observed that HU differences in the 
insular and M1 to M3 regions emerged as important fea-
tures for predicting LVO (Figure S12). Additionally, the 
model’s reliance on the presence of a clot corresponds 
with the previously established significance of clot signs 
in detecting LVO.32 Moreover, recent studies have asso-
ciated NWU with functional outcome,33 hemorrhagic 
transformation,34 and early neurological deterioration16 
following ischemic stroke. Although NWU was not as 
significant as HU differences and clot signs in our study, 
our findings are consistent with these recent studies.

In the emergency room, NCCT scans are routinely 
performed on patients presenting with neurological 
symptoms. Approximately 20% of ischemic stroke cases 
were initially misdiagnosed on arrival at the emergency 
room, which leads to a delay in the proper assess-
ment and treatment.35 Furthermore, while endovascular 
treatment is applicable to 10% of patients with acute 
ischemic stroke and arriving at the hospital within 24 
hours,36 the actual number of patients receiving endo-
vascular treatment is much lower. This discrepancy may 
be partially attributed to the underdiagnosis of LVO in 
the emergency department. A recent study37 showed 
that using an automated platform, compared with radi-
ology residents, halves the time required to process 
imaging in patients suspected of having LVO. From this 

Table 2.  Performance Metrics of Models in Internal and External Validation Datasets

Model Dataset Sensitivity Specificity PPV NPV 

JLK-CTL (ExtraTrees) Internal 0.824 (0.765–0.883) 0.848 (0.825–0.872) 0.514 (0.454–0.574) 0.961 (0.947–0.975)

External 0.801 (0.720–0.881) 0.886 (0.847–0.925) 0.720 (0.636–0.803) 0.925 (0.893–0.956)

Deep learning Internal 0.872 (0.823–0.920) 0.863 (0.840–0.886) 0.560 (0.500–0.620) 0.971 (0.960–0.983)

External 0.722 (0.636–0.809) 0.701 (0.646–0.755) 0.459 (0.377–0.542) 0.878 (0.835–0.920)

Multilayer perceptron Internal 0.780 (0.718–0.842) 0.818 (0.792–0.843) 0.454 (0.397–0.512) 0.950 (0.935–0.966)

External 0.759 (0.671–0.846) 0.828 (0.783–0.873) 0.616 (0.532–0.701) 0.904 (0.868–0.941)

Random forest Internal 0.825 (0.767–0.883) 0.827 (0.802–0.852) 0.481 (0.422–0.540) 0.960 (0.947–0.974)

External 0.760 (0.674–0.847) 0.858 (0.816–0.900) 0.661 (0.575–0.747) 0.908 (0.873–0.943)

Support vector machine Internal 0.779 (0.716–0.842) 0.865 (0.843–0.888) 0.530 (0.467–0.593) 0.953 (0.938–0.967)

External 0.718 (0.627–0.809) 0.929 (0.898–0.959) 0.786 (0.702–0.871) 0.901 (0.867–0.935)

Gradient boosting Internal 0.824 (0.767–0.881) 0.848 (0.825–0.871) 0.513 (0.453–0.572) 0.961 (0.948–0.975)

External 0.761 (0.674–0.847) 0.831 (0.787–0.876) 0.622 (0.537–0.707) 0.905 (0.869–0.941)

JLK-CTL* (ExtraTrees) Internal 0.890 (0.841–0.938) 0.726 (0.696–0.755) 0.387 (0.337–0.436) 0.971 (0.959–0.984)

External 0.801 (0.720–0.881) 0.770 (0.717–0.822) 0.559 (0.478–0.641) 0.914 (0.878–0.950)

JLK-CTL+ (ExtraTrees+NIHSS 
score)

Internal 0.890 (0.841–0.938) 0.804 (0.778–0.830) 0.469 (0.412–0.526) 0.974 (0.963–0.986)

External 0.921 (0.866–0.976) 0.815 (0.767–0.863) 0.645 (0.566–0.724) 0.966 (0.943–0.989)

NIHSS score Internal 0.668 (0.593–0.743) 0.852 (0.829–0.876) 0.468 (0.402–0.534) 0.930 (0.912–0.948)

External 0.756 (0.672–0.840) 0.786 (0.736–0.836) 0.564 (0.480–0.647) 0.899 (0.861–0.936)

NIHSS indicates National Institutes of Health Stroke Scale; NPV, negative predictive value; and PPV, positive predictive value.
*JLK-CTL threshold shifted to have the same internal validation sensitivity as JLK-CTL+.

https://www.ahajournals.org/doi/suppl/10.1161/STROKEAHA.123.045772
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perspective, our model has the potential to enhance LVO 
detection rates and accelerate the workflow for patients 
eligible for endovascular treatment, thereby improving 
stroke outcomes.

Our study has strengths, such as large training data 
labeled through concurrent CTA and available exter-
nal validation. Nonetheless, a few limitations should be 
acknowledged. First, our model was trained and vali-
dated on the Korean population of patients with stroke. 
To validate our algorithm in other ethnicities, additional 
research is required despite our ML model utilized com-
prehensive imaging features. Second, additional clinical 
data may improve the performance of the model. How-
ever, as information requirements increase, clinical utility 

decreases. Third, our model showed low positive predic-
tive value, indicating high false positive rates. The best 
threshold for streamlining the workflow while minimizing 
unnecessary further examination should be explored in 
future studies. Additionally, a clot sign prediction algo-
rithm trained on NCCT with a slice thickness ranging 
from 3 to 5 mm struggles to identify tiny clots. Neverthe-
less, the utilization of thinner slice thickness may be less 
feasible in routine clinical settings. Moreover, the small 
sample size prevents us from adequately evaluating the 
algorithm’s performance in distinguishing LVO from ste-
nosis. Most importantly, as 96% of patients in datasets 
had M1 occlusion, our study did not reflect the typical 
distribution of occluded vessels in patients with acute 

Figure 3. Subgroup analysis stratified by onset to image (≤6 vs >6 hours) and National Institutes of Health Stroke Scale score 
(NIHSS score ≤11 vs >11) using JLK-CTL.
A and B, Internal and external validations after stratified by onset to image. Red and green lines indicate the receiver operating characteristic 
curve of the onset-to-image ≤6-hour group and >6-hour group, respectively. C and D, Internal and external validations after stratified by NIHSS 
score. Red and green lines indicate the receiver operating characteristic curve of the NIHSS score ≤11 group and >11 group, respectively.
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stroke due to LVO. This would limit the generalizability 
of our model in real clinical settings. In future studies, 
analysis of the model based on locations of occlusions 
is required.

In conclusion, we developed and validated an auto-
mated algorithm predicting LVO using NCCT. As the time 
window for endovascular treatment of LVO strokes is 
anticipated to increase over time, automated detection 
of LVO using NCCT may enhance stroke workflow and 
functional outcomes after LVO strokes.
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