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PURPOSE
 

To evaluate the real-world multimetric performance of four commercially available computed to-
mography (CT)-based artificial intelligence (AI) solutions for acute intracranial hemorrhage (AIH). 

METHODS
 

Patients who underwent non-contrast brain CT for suspected AIH in our emergency room between 
February and March 2024 were screened. After applying the inclusion and exclusion criteria, 436 
CT scans were included in the final analysis. Three neuroradiologists established the ground truth 
for AIH and hemorrhage volume. For detection performance, the area under the receiver operating 
characteristic curve (AUROC), area under the precision-recall curve (AUPRC), and Brier score were 
calculated based on the available probability score, whereas sensitivity, specificity, precision, and 
F1 score were calculated based on binary classification. Bland–Altman analysis was performed to 
assess volumetric agreement for AIH between each algorithm’s calculations and the neuroradiolo-
gists’ measurements. 

RESULTS
A total of 436 patients (mean age, 62 years ± 20; male patients, 209) were enrolled. The AUROC 
(0.96 to 0.99) and sensitivity (0.85 to 0.92) were high across all solutions, with no statistically signifi-
cant differences in pairwise comparisons (P > 0.05). However, solution B demonstrated the highest 
AUPRC [0.98, 95% confidence interval (CI): 0.94, 1.00] and the lowest Brier score [0.02 (95% CI: 0.02, 
0.03)]. In binary performance, both solutions B and D exhibited significantly higher specificity (1.00 
and 0.99), precision (0.90 to 0.98), and F1 score (0.87 to 0.94) than the other solutions (P < 0.05).  
For volumetric agreement of AIH, solution D showed the lowest mean difference [−0.87 mm3 (95% 
CI: −1.47, −0.27)] and the narrowest limits of agreement (−13.4 to 11.6) relative to the neuroradiol-
ogists’ measurements. 

CONCLUSION
 

In a real-world emergency setting, all four commercially available CT-based AI solutions for AIH 
demonstrated uniformly excellent performance; however, meaningful differences emerged in 
confirmatory performance and volumetric agreement. These distinct, algorithm-specific trade-offs 
provide practical guidance for selecting and integrating appropriate AI solutions to improve AIH 
diagnosis and management workflows.

CLINICAL SIGNIFICANCE
The algorithm-specific performance trade-offs identified in this study suggest that no single AI 
solution is universally optimal; solutions with superior confirmatory performance may reduce 
unnecessary notifications in high-volume emergency settings, whereas those with more consis-
tent volumetric agreement may better support treatment planning and longitudinal monitor-
ing. A structured, multimetric evaluation aligned with institutional priorities is essential for evi-
dence-based AI procurement in acute stroke imaging.

KEYWORDS
 

Acute intracranial hemorrhage, computed tomography, deep learning, artificial intelligence, per-
formance

1Eunpyeong St. Mary’s Hospital, College of Medicine, 
The Catholic University of Korea, Department of 
Radiology, Seoul, Republic of Korea

2Eunpyeong St. Mary’s Hospital, College of Medicine, 
The Catholic University of Korea, Department of 
Neurosurgery, Seoul, Republic of Korea

3The Catholic University of Korea, College of 
Medicine, Department of Medical Life Sciences, Seoul, 
Republic of Korea

 Jimin Kim1 
 Ha Young Lee1 
 Jin Eun2 
 Sanghyuk Im2 
 Eun Jeong Min3 
 Se Won Oh1

Real-world multimetric comparison of four commercial artificial 
intelligence solutions for intracranial hemorrhage detection

Epub: 17.07.2026

Publication date: 

DOI: 10.4274/dir.2026.263984

Diagn Interv Radiol 2026; DOI: 10.4274/dir.2026.263984

https://orcid.org/0000-0001-9455-9646
https://orcid.org/0000-0003-2343-3434
https://orcid.org/0000-0003-4222-7505
https://orcid.org/0000-0002-4159-2781
https://orcid.org/0000-0002-6199-4737
https://orcid.org/0000-0003-1336-4498


 • July 2026 • Diagnostic and Interventional Radiology Kim et al. 

The rapid expansion of commercially 
available artificial intelligence (AI) ap-
plications in radiology has led to the 

widespread clinical availability of stroke-fo-
cused algorithms, particularly for the detec-
tion of acute intracranial hemorrhage (AIH) 
on non-contrast computed tomography 
(CT).1-3 As an increasing number of AI solu-
tions receive regulatory approval and re-
imbursement pathways expand,4 hospitals 
operating under constrained resources are 
faced with a growing range of options and 
must evaluate and select the most appro-
priate tools for integration into acute stroke 
workflows.5-8 

AIH represents a time-sensitive neuro-
logic emergency.9 Rapid detection is essen-
tial for initiating appropriate management 
strategies, including blood pressure con-
trol, anticoagulation reversal, neurosurgical 
consultation, and intensive monitoring.10-12 
Beyond binary detection, hemorrhage vol-
ume is a well-established prognostic marker 
that plays a central role in risk stratification, 
treatment decision-making, and longitudi-
nal assessment. Accordingly, AI tools in this 
domain are positioned not only as triage sys-
tems but also as quantitative decision-sup-
port instruments.4-6,13,14

Despite the proliferation of commercial AI 
solutions, independent head-to-head com-
parisons under real-world clinical conditions 
remain critically lacking.15 Procurement deci-
sions are frequently informed by vendor-re-
ported performance metrics or single-metric 
validation studies, which do not fully reflect 

clinical priorities such as discriminative abil-
ity, confirmatory performance, calibration 
quality, and quantitative agreement. More-
over, different algorithms may be optimized 
for distinct tasks, raising the possibility that 
they are not functionally interchangeable.16-19

Therefore, we performed an external, 
real-world, multimetric evaluation of four 
CT-based AI solutions for AIH that were ap-
proved and designated as innovative med-
ical devices by the Korean Ministry of Food 
and Drug Safety. By assessing both discrim-
ination performance and volumetric agree-
ment, including subtype-specific analyses, 
this study aims to provide practical, evi-
dence-based guidance for the selection and 
clinical integration of AI tools in acute stroke 
imaging.

Methods
This retrospective study was performed in 

accordance with the principles of the Decla-
ration of Helsinki and approved by Eunpyeo-
ng St. Mary’s Hospital’s Institutional Review 
Board (IRB; protocol number: PC25RISI0154, 
approval date: 14 August 2025). The require-
ment for informed consent was waived by 
the IRB because of the retrospective nature 
of the study. 

Sample eligibility 

A total of 615 non-contrast brain CT scans 
of adult patients with suspected AIH, includ-
ing intraparenchymal hemorrhage (IPH), 
subarachnoid hemorrhage (SAH), subdural 
hemorrhage (SDH), epidural hemorrhage, 
and intraventricular hemorrhage (IVH), ob-
tained between February and March 2024 
in Eunpyeong St. Mary’s Hospital emergen-
cy room were eligible for inclusion. During 
this period, eligible scans were included 
using the following criteria: (1) the first CT 
scan was performed during the patient’s 
clinical course, (2) the cranial structure was 
preserved, and (3) the CT image quality was 
acceptable for radiologist interpretation, 
which was defined as the absence of signif-
icant motion or metal artifacts that would 
preclude diagnostic evaluation, consistent 
with prior validation studies that excluded 
non-diagnostic-quality images to ensure a 
fair and standardized comparison across the 
evaluated AI solutions.8,20-22 The exclusion 
criteria were as follows: (1) mixed-stage in-
tracranial hemorrhage, considering the in-
tended use of the enrolled AI solutions; (2) 
patients with intracranial surgical materials 
(e.g., clips, coils, or drainage catheters); and 
(3) intracranial hemorrhages caused by oth-

er co-pathologic factors (e.g., tumor bleed-
ing).8,20-22 All eligible CT scans were reviewed 
by a board-certified neuroradiologist (J.K., 
with 12 years of relevant experience) accord-
ing to the inclusion and exclusion criteria. 
After review, 63 follow-up scans, 15 scans of 
patients who had undergone craniectomy, 
and 21 scans with significant motion arti-
facts were excluded. Among the potentially 
eligible 516 scans, 7 scans presenting mixed-
stage intracranial hemorrhage, 71 scans with 
significant metal artifacts, and 2 scans pre-
senting tumor hemorrhage were excluded. 
Finally, 436 non-contrast brain CT scans were 
included in this study.

Computed tomography scanning protocol

CT scans were performed using one of 
two CT machines at the study institution. 
Machine A was a 128-slice single-source CT 
scanner (SOMATOM Edge, Siemens Health-
ineers, Erlangen, Germany) with a tube po-
tential range of 70–140 kVp and a tube cur-
rent range of 20–800 mA, and machine B was 
a dual-source CT scanner (SOMATOM Force, 
Siemens Healthineers) with a tube poten-
tial range of 70–150 kVp and a tube current 
range of 20–1,300 mA. The acquisition pa-
rameters were as follows: slice thickness, 4 
mm without a gap; rotation time, 1.0 s; pitch, 
1; automatic tube voltage modulation (CARE 
kV, Siemens Healthineers) using a reference 
kV of 120; automatic tube current selection 
(CAREDose 4D, Siemens Healthineers) using 
a reference mAs of 250; and collimation, 128 
× 0.6 for machine A and 192 × 0.6 for ma-
chine B.

Commercially available artificial intelli-
gence software 

In this study, four commercially avail-
able CT-based AI solutions for detecting 
AIH (solution A, JLK-ICH, version 4.1.0.2, JLK 
Inc.; solution B, HyperInsight–ICH, version 
2.1.3, Purple AI Inc.; solution C, Heuron-ICH, 
version 1.0.5.13, Heuron Inc.; and solution 
D, AVIEW NeuroCAD, version 1.1, Coreline 
Soft Inc.) were used based on predefined 
criteria to reflect both regulatory status and 
real-world clinical applicability. Specifically, 
the included solutions (1) were designated 
as innovative medical devices by the Kore-
an Ministry of Food and Drug Safety or had 
equivalent regulatory approval, (2) were 
practically accessible and deployable within 
our institutional environment at the time of 
the study, and (3) had supporting evidence 
from clinical validation studies.6-8 All four 
solutions were designated as innovative 
medical devices by the Korean Ministry of 

Main points

•	 Commercial artificial intelligence (AI) tools 
for detecting acute intracranial hemorrhage 
(AIH) on brain computed tomography (CT) 
are becoming increasingly available, yet 
real-world comparisons among algorithms 
remain limited.

•	 A multimetric comparison of four commer-
cially available CT-based AI solutions was 
conducted to evaluate detection perfor-
mance and volumetric agreement using 
real-world data.

•	 The solutions demonstrated distinct, 
task-specific performance, with algo-
rithm-specific trade-offs among discrimi-
native performance, confirmatory perfor-
mance, and volumetric agreement.

•	 This study provides practical guidance for 
selecting and integrating the most appro-
priate AI solution according to institution-
al priorities to improve AIH diagnosis and 
management workflows.
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Food and Drug Safety, and solutions A, B, 
and C were additionally approved by the U.S. 
Food and Drug Administration.22-24 

All AI solutions were deployed on-premis-
es within Eunpyeong St. Mary’s Hospital’s se-
cure internal network environment. CT imag-
es were processed locally without transfer to 
external servers or vendor platforms. The AI 
analyses were performed retrospectively us-
ing anonymized datasets, and each solution 
was applied under standardized conditions 
to ensure a fair comparison. 

Solutions A, B, and C provided binary clas-
sifications with probability scores and calcu-
lated volumes for AIH. However, solution D 
provided only binary classification without 
probability scores. Detailed information on 
the algorithms used in each AI solution is 
provided in the Supplementary Material. 
None of the CT images included in this study 
were used for the training, validation, or in-
ternal testing of any of the evaluated AI solu-
tions.

Ground truth and volume measurement for 
acute intracranial hemorrhage

To establish the ground truth for AIH, 
three board-certified neuroradiologists (J.M., 
S.W.O., and H.Y.L., with 12, 18, and 20 years 
of experience in brain imaging, respectively) 
independently reviewed the identical set of 
436 non-contrast brain CT scans. The three 
neuroradiologists diagnosed AIH based sole-
ly on CT findings and were blinded to the 
patients’ clinical information and the results 
of the AI solutions. In cases of disagreement, 
the ground truth was determined by con-
sensus with reference to other available im-
aging studies. AIH volume in each case was 
also independently measured by the three 
neuroradiologists using manual free draw-
ing in ITK-SNAP (version 4.0.1, http://www.
itksnap.org). For objective evaluation of AIH, 
the Hounsfield unit (HU) cut-off for AIH was > 
30 HU.25,26 Therefore, a segmentation map for 
AIH with a threshold of 30–150 HU was pro-
vided to each neuroradiologist before initiat-
ing manual drawing. Each neuroradiologist 
edited the provided AIH segmentation map 
using the free-draw function. The reference 
standard for AIH volume was defined as the 
mean of the three independent measure-
ments.

Statistical analysis

Considering the exploratory and retro-
spective head-to-head comparison of four 
AI algorithms in this study, the sample size 
was determined by the number of eligible 

non-contrast head CT examinations avail-
able during the study period, which was sub-
stantially greater than the preliminary sam-
ple size calculation based on a significance 
level of 0.05, a statistical power of 0.8, a spec-
ificity of 0.90 from a previous meta-analysis, 
a specificity of 0.98 from previous validation 
studies, and a dropout rate of 10%, yielding 
a minimum required sample size of 202 cas-
es.5-8,27

To evaluate detection performance, a 
two-step analysis was conducted. First, an 
analysis based on probability scores was per-
formed among solutions A, B, and C because 
solution D did not provide probability scores. 
Second, an analysis based on binary classifi-
cation was performed among solutions A, B, 
C, and D based on their reported binary re-
sults. For the first analysis, the area under the 
receiver operating characteristic curve (AU-
ROC) and the area under the precision-recall 
curve (AUPRC) were calculated. In addition, 
the Brier score was calculated to compare 
the overall quality of probability predictions 
across algorithms under identical conditions. 
For the second analysis, binary classification 
metrics, including sensitivity, specificity, pre-
cision, negative predictive value, false-posi-
tive ratio, false-negative ratio, and F1 score, 
were calculated. These performance com-
parisons were also conducted between the 
traumatic and non-traumatic AIH cohorts 
in a sub-analysis. In addition, a sub-analysis 
of detection-failure cases by solution was 
conducted. AIH volumes were compared be-
tween true-positive and false-negative cases. 
In addition, considering existing studies,28-30 
the false-negative rate was compared be-
tween the small (< 10 mm3) and large (> 10 
mm3) AIH groups.

To evaluate the solutions’ AIH volume 
calculation, Bland–Altman analysis was per-
formed to assess volumetric agreement be-
tween each solution’s calculation and the 
neuroradiologists’ measurement. Inter-read-
er agreement of volume measurement 
among the three neuroradiologists was 
evaluated using the intraclass correlation co-
efficient (ICC). The ICCs were classified as fol-
lows: < 0.2, very poor; ≥ 0.2 and < 0.4, poor; 
≥ 0.4 and < 0.6, moderate; ≥ 0.6 and < 0.8, 
good; and ≥ 0.8, excellent. 

The baseline characteristics, including 
age, sex, AIH incidence, Glasgow Coma Scale 
scores, and modified Rankin Scale scores, 
were compared between patients with and 
without AIH, and AIH volume was compared 
between true-positive and false-negative 
cases using independent t-tests or Mann–

Whitney U tests after the Shapiro–Wilk nor-
mality test. Diagnostic performance and vol-
umetric agreement metrics among solutions 
were compared using patient-level paired 
bootstrap resampling (1,000 iterations). For 
each bootstrap sample, performance metrics 
were computed for each algorithm, and pair-
wise differences were obtained. Two-sided 
P values were calculated from the empirical 
distribution of bootstrap differences, and 
95% confidence intervals (CIs) were derived 
using the percentile method. This boot-
strap-based comparison was applied to both 
probability-based metrics and binary clas-
sification metrics. Stratified assessments by 
AIH subtype were additionally performed as 
sub-analyses.

All statistical analyses were conducted 
using MedCalc (version 23.2.1, MedCalc Soft-
ware Ltd) and Python (version 3.14, Python 
Software Foundation) using scikit-learn. Mul-
tiple comparisons were controlled using the 
Benjamini–Hochberg procedure. Statistical 
significance was set at P < 0.05.

Results

Patient characteristics 

A total of 436 patients, each with one ini-
tial CT scan, were included in the final anal-
ysis. A flow chart of patient enrollment is 
presented in Figure 1. The mean age of the 
total patient cohort was 62 ± 20 years [stan-
dard deviation (SD)], the proportion of male 
participants was 48%, and the proportion 
of AIH cases was 12% (n = 52; traumatic, 27; 
non-traumatic, 25). There were significant 
differences in median Glasgow Coma Scale 
scores and modified Rankin Scale scores 
between the AIH-positive and AIH-negative 
groups (P < 0.001). The mean volume of AIH 
cases was 33.15 mm3 ± 48.24 (SD). The results 
are summarized in Table 1. The detailed num-
bers of AIH subtypes and volume informa-
tion are presented in Supplementary Table 1 
and Supplementary Figure 1.

Detection performance based on probabil-
ity score

Solution B showed the highest AUROC 
[0.99 (95% CI: 0.97, 1.00)]; however, there 
were no significant differences in pairwise 
comparisons among solutions A, B, and C (P 
> 0.05). In contrast, the highest AUPRC [0.97 
(95% CI: 0.94, 1.00)] and the lowest Brier 
score [0.02 (95% CI: 0.01, 0.03)] of solution B 
were significantly different from those of the 
other solutions (P < 0.01).
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 In sub-analyses according to AIH type, all 
solutions achieved AUROCs greater than 0.95 
across all AIH subtypes. However, solution B 
consistently showed the highest AUPRCs 
(0.95 to 1.00) and the lowest Brier scores 
(0.01 to 0.02). Solution A showed the lowest 
AUPRCs (0.56 to 0.63), whereas solution C 
showed the highest Brier scores (0.15 to 0.16) 
across AIH types. These results are summa-
rized in Table 2, Figure 2, and Supplementary 
Figure 2. In sub-analyses by etiology, there 
were no significant differences between trau-

matic and non-traumatic AIH across solutions  
(P > 0.05) (Supplementary Table 2).

Detection performance based on binary 
classification

For sensitivity, solution C showed the 
highest value [0.92 (95% CI: 0.84, 0.98)]; how-
ever, there was no significant difference in 
pairwise comparisons among the solutions 
(P > 0.05). Solution B showed the highest 
specificity [1.00 (95% CI: 0.99, 1.00)], precision 
[0.98 (95% CI: 0.93, 1.00)], and F1 score [0.94 

(95% CI: 0.89, 0.98)]; however, these metrics 
were not significantly different from those of 
solution D. In sub-analyses according to AIH 
type, solutions A and B showed the highest 
sensitivity (0.97) for IPH. In addition, perfect 
sensitivity (1.00) was achieved by solution C 
for SAH, by solutions B and C for SDH, and 
by all four solutions for IVH. In contrast, solu-
tions B and D consistently demonstrated 
the highest specificity and precision, result-
ing in the highest F1 scores among the four 
solutions across AIH types. These results are 
presented in Table 3, Supplementary Table 
3, and Supplementary Figure 3. In sub-anal-
yses by etiology, solutions C and D showed 
the highest sensitivity in traumatic AIH [0.93 
(95% CI: 0.81, 1.00)] and non-traumatic AIH 
[0.96 (95% CI: 0.87, 1.00)], respectively. For all 
other metrics, solution B showed the high-
est specificity (1.00), precision (0.96), and 
F1 scores (0.92–0.94) in both traumatic and 
non-traumatic AIH. However, there were no 
significant differences between traumatic 
and non-traumatic AIH across all solutions  
(P > 0.05) (Supplementary Table 2).

False-negative analysis according to acute 
intracranial hemorrhage volume

Across all four solutions, the median AIH 
volumes of false-negative cases (range, 0.30 
to 0.73 mm3) were significantly smaller than 
those of true-positive cases (range, 15.50 
to 16.74 mm3) (P < 0.01). Volume-stratified 
analysis demonstrated that the false-neg-
ative rate was significantly higher for small 
AIHs (0.17 to 0.35) than for large AIHs (0.00) 
across all solutions (P < 0.01). These findings 
are summarized in Supplementary Tables 4 
and 5.

Volumetric agreement between each solu-
tion and ground truth

The ICC of the measured AIH volume 
among the three neuroradiologists showed 
excellent inter-reader agreement [1.00 (95% 
CI: 0.99, 1.00)]. Among the four solutions, 
solution D showed the lowest mean differ-
ence [−0.87 (95% CI: −1.47, −0.27)] and the 
narrowest limits of agreement (−13.4 to 11.6) 
for overall AIH. In sub-analyses, solution D 
showed the lowest mean differences in IPH 
[−6.49 (95% CI: −12.89, −0.09)], SAH [−5.74 
(95% CI: −8.83, −2.65)], SDH [−8.66 (95% 
CI: −17.24, −0.07)], and IVH [−6.62 (95% CI: 
−15.21, 1.96)] across all solutions. These re-
sults are presented in Table 4 and Figure 3. 
Examples of the AIH heatmaps generated by 
each solution are illustrated in Figure 4. 

Figure 1. Flow chart of patient enrollment. AIH, acute intracranial hemorrhage; CT, computed tomography. 

Table 1. Patients’ characteristics

AIH positive AIH negative P value

Age (years)† 71 ± 15 61 ± 20 < 0.001*

Number of patients (%) 52 (12) 384 (88) < 0.001*

Number of male patients (%) 28 (54) 181 (47) 0.576

Glasgow Coma Scale score† 13.42 ± 3.77 14.93 ± 0.87 < 0.001*

Modified Rankin Scale score† 1.92 ± 2.26 0.15 ± 0.67 < 0.001*

Number of traumatic AIH 27

Number of non-traumatic AIH 25

Number of AIH subtypes‡

IPH 30

SAH 28

SDH 27

IVH 17

EDH 3

AIH volume (mm3) 33.15 ± 48.24

* P value < 0.05, statistical significance.
† Independent t-test was used, and the values were described as the mean ± SD.
‡ Counts are not mutually exclusive because a single patient may present with multiple hemorrhage subtypes (e.g., 
concurrent IPH and SAH).
SD, standard deviation; AIH, acute intracranial hemorrhage; EDH, extradural hemorrhage; IPH, intraparenchymal 
hemorrhage; IVH, intraventricular hemorrhage; SAH, subarachnoid hemorrhage; and SDH, subdural hemorrhage.
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Discussion
In this real-world comparative study 

of four commercially available CT-based 
AI solutions for AIH, we observed distinct, 
task-specific performance profiles across al-
gorithms. All four solutions demonstrated 
uniformly high discriminative performance; 
however, solutions B and D exhibited supe-
rior precision-oriented performance among 
all evaluated solutions. This pattern was 
consistent regardless of AIH subtype, and 

no significant performance differences were 
observed based on hemorrhage etiology. 
Regarding missed detections, false negatives 
occurred predominantly in small-volume 
hemorrhages, particularly SAH. In terms of 
volumetric agreement, solution D demon-
strated the most stable and accurate perfor-
mance across subtypes.

The clinical relevance of between-algo-
rithm differences is well reflected in specific 
metrics. In this study, all solutions showed 
high sensitivity and AUROC, metrics empha-

sizing case discrimination. Among them, 
solutions B and D demonstrated consistently 
strong performance in false-positive control, 
as reflected by precision-oriented metrics. 
These results suggest consistent perfor-
mance and a robust risk-scoring framework 
with a favorable operating point. Therefore, 
interpretation of the results requires caution 
because, in class-imbalanced settings such 
as this real-world cohort, precision-orient-
ed confirmatory metrics may better reflect 
clinically meaningful differences.15 In partic-
ular, differences in sensitivity or false-neg-
ative rate represent variations in the prob-
ability of a missed diagnosis at the point of  
care,10-12 whereas differences in specificity 
translate directly into differential false-posi-
tive notification burdens in emergency work-
flows.5 Therefore, differences in multimetric 
performance should be considered when 
evaluating clinical utility, and the optimal 
algorithm choice may depend on institution-
al priorities.15,31 Notably, despite the distinct 
pathophysiological mechanisms, underlying 
comorbidities, and prognostic implications 
associated with traumatic vs. non-traumatic 
AIH,32 no significant performance differences 
were observed between the two etiologic 
subgroups across all four solutions, suggest-
ing that etiology did not influence algorithm 
performance in this cohort.

False-negative analysis according to AIH 
volume revealed that missed cases occurred 
predominantly in small-volume AIH. For 
small AIH, which is generally associated with 
more favorable clinical outcomes,28-30 the 
false-negative rate was consistently high-
er across all solutions than for large AIH, for 
which perfect sensitivity was observed. In 
particular, SAH accounted for the majority 
of missed cases, whereas IVH was reliably 
detected across all solutions. These results 
highlight volume and subtype as key deter-
minants of AI failure in AIH detection and 
suggest that future model development 
should specifically address and overcome 
weaknesses such as small-volume SAH.

The volumetric analysis demonstrated 
distinct performance characteristics across 
the evaluated solutions. Solutions A and B 
showed intermediate agreement, indicating 
reasonable accuracy with some variabili-
ty. In contrast, solution C exhibited greater 
variability in volume estimation. Among 
the solutions, solution D exhibited minimal 
systematic bias and the most consistent 
volumetric estimation. Given the excellent 
inter-reader agreement of the reference 
standard, measurement error in the ground 
truth is unlikely to account for the observed 

Figure 2. This figure presents the receiver operating characteristic curve (a) and precision-recall curve 
(b) for AIH detection. The curves depict solution A as a red solid line, solution B as a blue dashed line, and 
solution C as a pink dash-dotted line. The black dotted line represents the reference line. Solution B showed 
the highest AUROC [0.99 (95% CI: 0.97, 1.00)] and AUPRC [0.97 (95% CI: 0.94, 1.00)], followed by solutions A  
and C. AIH, acute intracranial hemorrhage; AUPRC, area under the precision-recall curve; AUROC, area under 
the receiver operating characteristic curve; CI, confidence interval. 

a b

Table 2. Detection performance of artificial intelligence solutions for acute intracranial 
hemorrhage based on probability scores

Subtype Solution AUROC AUPRC Brier score 

ICH (n = 52)

A 0.96 (0.92, 0.98) 0.70 (0.56, 0.85) 0.07 (0.05, 0.08)

B 0.99 (0.97, 1.00) 0.97 (0.94, 1.00) 0.02 (0.01, 0.03)

C 0.97 (0.93, 0.99) 0.91 (0.84, 0.96) 0.15 (0.15, 0.16)

IPH (n = 30)

A 0.97 (0.95, 0.99) 0.63 (0.48, 0.82) 0.06 (0.05, 0.08)

B 1.00 (1.00, 1.00) 0.99 (0.97, 1.00) 0.02 (0.01, 0.02)

C 0.95 (0.88, 0.99) 0.85 (0.73, 0.94) 0.16 (0.15, 0.16)

SAH (n = 28)

A 0.95 (0.90, 0.98) 0.56 (0.41, 0.77) 0.07 (0.05, 0.09)

B 0.98 (0.95, 1.00) 0.95 (0.86, 1.00) 0.02 (0.01, 0.03)

C 0.99 (0.98, 1.00) 0.92 (0.84, 0.98) 0.15 (0.15, 0.16)

SDH (n = 27)

A 0.96 (0.90, 0.99) 0.59 (0.41, 0.81) 0.07 (0.05, 0.08)

B 1.00 (1.00, 1.00) 1.00 (0.98, 1.00) 0.01 (0.01, 0.02)

C 1.00 (0.99, 1.00) 0.96 (0.91, 1.00) 0.15 (0.15, 0.16)

IVH (n = 17)

A 0.99 (0.97, 1.00) 0.59 (0.41, 0.87) 0.06 (0.05, 0.08)

B 1.00 (1.00, 1.00) 1.00 (0.98, 1.00) 0.01 (0.01, 0.02)

C 1.00 (0.99, 1.00) 0.94 (0.84, 0.99) 0.15 (0.15, 0.16)

Values are described with 95% CIs in parentheses. AUPRC, area under the precision-recall curve; AUROC, area under 
the receiver operating characteristic curve; ICH, intracranial hemorrhage; IPH, intraparenchymal hemorrhage; IVH, 
intraventricular hemorrhage; SAH, subarachnoid hemorrhage; and SDH, subdural hemorrhage; CI, confidence 
interval.
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Table 3. Detection performance of artificial intelligence solutions for acute intracranial hemorrhage based on binary classification

Subtype Solution Sensitivity Specificity False-negative rate Precision F1 score 

ICH (n = 52)

A 0.90 (0.81, 0.98) 0.91 (0.88, 0.93) 0.10 (0.02, 0.19) 0.57 (0.46, 0.68) 0.70 (0.61, 0.78)

B 0.90 (0.82, 0.98) 1.00 (0.99, 1.00) 0.10 (0.02, 0.18) 0.98 (0.93, 1.00) 0.94 (0.89, 0.98)

C 0.92 (0.84, 0.98) 0.93 (0.90, 0.95) 0.08 (0.02, 0.16) 0.64 (0.53, 0.75) 0.76 (0.67, 0.84)

D 0.85 (0.74, 0.94) 0.99 (0.97, 1.00) 0.15 (0.06, 0.26) 0.90 (0.81, 0.98) 0.87 (0.79, 0.94)

IPH (n = 30)

A 0.97 (0.89, 1.00) 0.91 (0.88, 0.94) 0.03 (0.00, 0.11) 0.45 (0.33, 0.58) 0.62 (0.49, 0.73)

B 0.97 (0.89, 1.00) 1.00 (0.99, 1.00) 0.03 (0.00, 0.11) 0.97 (0.89, 1.00) 0.97 (0.91, 1.00)

C 0.87 (0.74, 0.97) 0.93 (0.90, 0.95) 0.13 (0.03, 0.26) 0.49 (0.36, 0.63) 0.63 (0.49, 0.74)

D 0.93 (0.84, 1.00) 0.99 (0.98, 1.00) 0.07 (0.00, 0.16) 0.85 (0.72, 0.97) 0.89 (0.80, 0.96)

SAH (n = 28)

A 0.89 (0.76, 1.00) 0.91 (0.88, 0.94) 0.11 (0.00, 0.24) 0.42 (0.30, 0.55) 0.57 (0.44, 0.68)

B 0.86 (0.70, 0.96) 1.00 (0.99, 1.00) 0.14 (0.04, 0.30) 0.96 (0.87, 1.00) 0.91 (0.81, 0.98)

C 1.00 (1.00, 1.00) 0.93 (0.90, 0.95) 0.00 (0.00, 0.00) 0.51 (0.38, 0.64) 0.67 (0.55, 0.78)

D 0.86 (0.71, 0.97) 0.99 (0.97, 1.00) 0.14 (0.03, 0.29) 0.83 (0.68, 0.96) 0.84 (0.73, 0.93)

SDH (n = 27)

A 0.93 (0.81, 1.00) 0.91 (0.88, 0.94) 0.07 (0.00, 0.19) 0.42 (0.28, 0.55) 0.57 (0.43, 0.69)

B 1.00 (1.00, 1.00) 1.00 (0.99, 1.00) 0.00 (0.00, 0.00) 0.96 (0.88, 1.00) 0.98 (0.94, 1.00)

C 1.00 (1.00, 1.00) 0.93 (0.90, 0.95) 0.00 (0.00, 0.00) 0.50 (0.37, 0.63) 0.67 (0.54, 0.77)

D 0.89 (0.76, 1.00) 0.99 (0.97, 1.00) 0.11 (0.00, 0.24) 0.83 (0.68, 0.96) 0.86 (0.75, 0.95)

IVH (n = 17)

A 1.00 (1.00, 1.00) 0.91 (0.88, 0.94) 0.00 (0.00, 0.00) 0.33 (0.20, 0.46) 0.49 (0.34, 0.63)

B 1.00 (1.00, 1.00) 1.00 (0.99, 1.00) 0.00 (0.00, 0.00) 0.94 (0.81, 1.00) 0.97 (0.90, 1.00)

C 1.00 (1.00, 1.00) 0.93 (0.91, 0.95) 0.00 (0.00, 0.00) 0.39 (0.24, 0.53) 0.56 (0.38, 0.70)

D 1.00 (1.00, 1.00) 0.99 (0.97, 1.00) 0.00 (0.00, 0.00) 0.77 (0.58, 0.93) 0.87 (0.73, 0.96)

Values are described with 95% CIs in parentheses. Additional metrics, including the false-positive ratio and negative predictive value, are presented in Supplementary Table 3. 
ICH, intracranial hemorrhage; IPH, intraparenchymal hemorrhage; IVH, intraventricular hemorrhage; SAH, subarachnoid hemorrhage; and SDH, subdural hemorrhage.

Figure 3. Bland–Altman plots illustrating the agreement between AIH volumes calculated by the solutions and the reference standard established by the 
neuroradiologists for solutions A (a), B (b), C (c), and D (d). The x-axis represents the mean of the measurements obtained from the AI solution and the reference 
standard, and the y-axis represents the volume difference (AI solution minus reference standard). The solid horizontal line indicates the mean difference, and the 
dashed gray lines indicate the 95% LoA. Among the four solutions, solution D showed the lowest mean difference [−0.87 (95% CI: −1.47, −0.27)] and the narrowest 
LoA (−13.4 to 11.6). AI, artificial intelligence; AIH, acute intracranial hemorrhage; LoA, limit of agreement; CI, confidence interval.

c

a

d

b



Artificial intelligence comparison for intracranial hemorrhage • 

differences in volumetric estimation across 
solutions, suggesting that these differenc-
es reflect algorithmic rather than annotator 
variability. From a clinical standpoint, vol-
umetric accuracy represents an important 
surrogate for prognostic assessment and 
longitudinal monitoring in intracranial hem-
orrhage.9,11,28,30,33 Therefore, accurate and re-
producible volume estimation is important 
for evaluating interval changes on follow-up. 
Although solution D did not demonstrate 
the highest detection performance, its su-
perior volumetric agreement suggests a 
distinct strength in quantitative assessment 
rather than case-level triage.33-36 The consis-
tent performance of solution D across mul-
tiple hemorrhage subtypes further supports 
its potential utility.

In this study, the differences in perfor-
mance across solutions are likely attributable 
to a combination of training dataset charac-
teristics and architectural design choices.6-8 
Although the evaluated solutions obtained 
regulatory approval based on multi-insti-
tutional, multi-racial validation datasets 
demonstrating robust generalizability, dif-
ferences in the scale, composition, and case 
distribution of their respective training data 
may contribute to the algorithm-specific 
performance profiles observed in this eval-
uation.5,7,8,22-24 Collectively, these findings 
suggest that commercially available AI tools 
for AIH are not interchangeable. Rather than 
being universally superior, the algorithms 
appear to emphasize different performance 
dimensions.10-12,37,38 

Both accurate detection and reliable vol-
ume estimation are important; however, 
their relative priorities can vary across stages 
of care. In resource-limited settings with re-
duced staffing or expertise, AI may function 
as a second-opinion tool to reduce missed 
diagnoses, emphasizing detection perfor-
mance. In high-volume emergency settings, 
solutions with high sensitivity and rapid no-
tification may serve as reliable red-flag sys-
tems to prioritize urgent cases. In contrast, 
in well-resourced tertiary centers, where 
detection accuracy is less limiting, AI-driven 
volume quantification may reduce repeti-
tive manual measurement tasks and support 
longitudinal monitoring.9-11 This perspective 
suggests that no single solution is universally 
optimal and that algorithm selection should 
be guided by the clinical context and insti-
tutional workflow rather than by aggregate 
performance metrics alone. By characteriz-
ing algorithm-specific performance profiles 
across these dimensions, our multimetric 

Figure 4. Representative axial non-contrast brain CT images demonstrating AI solution-generated heatmap 
outputs for AIH detection. The original CT image (a) shows IPH in the right thalamus with IVH in the 
dependent portions of both lateral ventricles. This image is overlaid with probability-based heatmaps from 
solutions A (b), B (c), C (d), and D (e), indicating areas contributing to hemorrhage detection. AI, artificial 
intelligence; AIH, acute intracranial hemorrhage; CT, computed tomography; IPH, intraparenchymal 
hemorrhage; IVH, intraventricular hemorrhage.
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Table 4. Volumetric agreement between each solution and ground truth according to acute 
intracranial hemorrhage

Subtype Solution Mean difference Lower LoA Upper LoA

ICH (n = 52)

A 0.84 (−0.17, 1.52) −13.2 (−14.32, −12.02) 14.9 (13.71, 16.01)

B 0.95 (0.14, 1.76) −15.9 (−17.78, −14.49) 17.8 (16.39, 19.16)

C 2.76 (1.52, 4.00) −23.1 (−25.21, −20.97) 28.6 (26.49, 30.73)

D −0.87 (−1.47, −0.27) −13.4 (−14.40, −12.35) 11.6 (10.61, 12.66)

IPH (n = 30)

A 6.29 (−0.28, 12.85) −29.41 (−52.11, −28.18) 38.17 (16.04, 40.76)

B 11.19 (1.60, 20.78) −44.95 (−78.10, −39.15) 51.63 (44.95, 78.10)

C 23.24 (10.20, 36.27) −69.12 (−114.18, −45.18) 91.65 (69.12, 114.18)

D −6.49 (−12.89, −0.09) −40.08 (−52.11, −29.41) 27.11 (16.04, 38.17)

SAH (n = 28)

A 7.06 (−0.05, 14.17) −30.70 (−55.30, −28.88) 43.00 (30.70, 55.30)

B 9.81 (2.21, 17.40) −35.06 (−61.34, −28.59) 48.20 (35.06, 61.34)

C 29.11 (14.81, 43.41) −76.66 (−43.17, 101.40) 101.40 (76.66, 125.13)

D −5.74 (−8.83, −2.65) −21.36 (−30.70, −15.21) 9.88 (4.54, 15.21)

SDH (n = 27)

A 3.43 (−4.79, 11.64) −37.28 (−58.35, −29.91) 44.13 (29.91, 58.35)

B 11.94 (−0.23, 24.10) −51.17 (−93.28, −48.35) 72.22 (51.17, 93.28)

C 28.41 (13.81, 43.01) −75.48 (−126.01, −43.93) 100.75 (75.48, 126.01)

D −8.66 (−17.24, −0.07) −48.73 (−72.01, −51.19) 33.87 (19.02, 48.73)

IVH (n = 17)

A 8.70 (−2.77, 20.18) −35.05 (−72.47, −32.44) 52.46 (32.44, 72.47)

B 14.39 (−2.30, 31.08) −74.13 (−107.13, −49.45) 78.02 (48.91, 107.13)

C 30.66 (9.65, 51.68) −49.45 (−147.43, 74.13) 110.78 (74.13, 147.43)

D −6.62 (−15.21, 1.96) −46.86 (−72.47, −32.44) 33.62 (15.21, 52.02)

Values are described with 95% CIs in parentheses. ICH, intracranial hemorrhage; IPH, intraparenchymal hemorrhage; 
IVH, intraventricular hemorrhage; LoA, limit of agreement; SAH, subarachnoid hemorrhage; and SDH, subdural 
hemorrhage.
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framework provides actionable guidance 
for matching AI solutions to the specific de-
mands of each stage of care rather than rely-
ing on a single aggregate metric for procure-
ment decisions.

To the best of our knowledge, this is the 
first external, head-to-head, multimetric 
comparison of four concurrently regulato-
ry-approved commercial AI solutions under 
real-world emergency conditions. This study 
directly addresses the critical gap identified 
by recent systematic reviews regarding the 
scarcity of independent head-to-head com-
parisons in this field.15,18,39 Unlike vendor-re-
ported benchmarks or single-algorithm val-
idations,22-24 our comprehensive multimetric 
framework provides the granularity need-
ed to move beyond the binary question of 
whether AI can detect hemorrhage toward 
the more clinically pressing question of 
which algorithm best serves a given institu-
tional context. Although the observed per-
formance differences likely reflect dataset 
characteristics such as case mix, subtype dis-
tribution, and prevalence rather than intrin-
sic algorithmic superiority,22-24,40,41 these dif-
ferences carry direct practical consequences. 
Therefore, amid the increasing number of 
commercially available AI solutions, we pro-
pose that AI procurement in acute stroke 
imaging should be guided not by a single 
performance metric but by a structured, 
multimetric evaluation aligned with institu-
tional priorities—a framework this study is 
designed to support.

Our study had several limitations. First, 
this was a retrospective, single-center study 
utilizing CT scanners from a single vendor, 
which may limit generalizability to other CT 
vendors. However, considering the consis-
tent cross-vendor performance of the solu-
tions,5-8,22-24 vendor-specific performance is 
unlikely to fully explain the algorithm-spe-
cific differences observed in this study. In 
addition, the evaluated AI solutions were 
limited to those available at Eunpyeong St. 
Mary’s Hospital and may not represent the 
full spectrum of commercially available algo-
rithms, potentially limiting generalizability. 
Second, the selection of AI solutions and the 
case enrollment criteria may limit general-
izability. Although geographic-specific bias 
is substantially mitigated by the character-
istics of prior training and validation data-
sets,5-8,22-24 these factors remain potentially 
vulnerable to selection bias. Third, regarding 
subgroup analyses, individual cases could 
contain multiple hemorrhage subtypes with 
relatively small per-subgroup case counts, 
possibly resulting in non-independent anal-

yses. Thus, even though previous validations 
have shown consistent results, subtype-level 
analyses should be interpreted as hypoth-
esis-generating rather than confirmatory. 
Fourth, each solution’s AIH volumetric agree-
ment was evaluated; however, topographic 
information was not evaluated.42 Finally, we 
did not evaluate the clinical impact of the 
AI solutions, which is the most important 
consideration when selecting a solution. 
For example, other important factors (e.g., 
processing speed, software usability, or 
workflow compatibility) may affect patient 
outcomes.43,44 Therefore, further prospective, 
multicenter, and comparative clinical evalu-
ations of these AI solutions should be per-
formed in the future.

In conclusion, commercially available 
CT-based AI tools for AIH demonstrated dis-
tinct, task-specific performance profiles in a 
real-world emergency setting. Although all 
solutions exhibited excellent discriminative 
performance, some solutions demonstrat-
ed superior confirmatory performance, and 
certain solutions showed more consistent 
AIH volumetric agreement with expert mea-
surements. Therefore, these results provide 
practical guidance for selecting and integrat-
ing appropriate AI algorithms to improve AIH 
diagnosis and management workflows. 
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