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Abstract Abstract 
Background and Purpose: Rapid and accurate detection of intracranial hemorrhage on non-contrast head CT (NCCT) is 
critical for acute stroke triage and safe thrombolysis. AI tools may support high-volume emergency workflows, but independent 
real-world validation remains limited. This study externally validated BrainScan CT (v1.4) for hemorrhage detection, with 
secondary evaluation of ischemia detection.
Methods: In this retrospective single-centre study at UMHAT “St. George” (Plovdiv, Bulgaria), 1,419 consecutive NCCT scans 
from 1,260 adults (January–December 2025) were analysed. The reference standard was routine radiology reports. Hemorrhage 
was present in 120 scans (8.5%) and ischemia in 201 (14.2%). Performance metrics included sensitivity, specificity, predictive 
values, likelihood ratios, AUC, and McNemar testing. Subgroup analyses examined hemorrhage subtype (ECASS) and 
anatomical location. Sensitivity analyses assessed threshold variation and repeated scans.
Results: BrainScan CT showed high accuracy for hemorrhage detection: sensitivity 96.7% (95% CI 91.7–99.1), specificity 
99.8% (99.4–100.0), PPV 98.3% (94.0–100.0%), NPV 99.7% (99.3–100.0%) and AUC 0.983 (0.967–0.999). Likelihood ratios 
were 627.9 (positive) and 0.03 (negative), with no systematic disagreement versus the reference standard (p=0.68). Sensitivity 
reached 100% for parenchymal hemorrhage, while false negatives occurred only in hemorrhagic infarction (HI-1 86.7%; HI-2 
87.5%). Performance was consistent across regions, lowest for occipital hemorrhage (84.6%). Results were invariant across 
thresholds and unchanged when restricted to first scans (AUC 1.000). For ischemia, sensitivity was lower (59.2%) despite high 
AUC (0.930), significantly inferior to hemorrhage detection (p<0.001).
Conclusions: BrainScan CT demonstrated excellent real-world performance for hemorrhage detection on NCCT, supporting 
its role in triage, while expert oversight remains essential, particularly for subtle hemorrhagic infarction.
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Introduction Introduction 
Intracerebral hemorrhage is a subtype of stroke characterized by bleeding into the brain 
parenchyma or adjacent intracranial compartments. Although hemorrhagic stroke 
accounts for approximately one tenth of all stroke cases, it contributes disproportionately 
to mortality and long-term disability, with in-hospital mortality rates approaching 40–
50% [1]. Clinical outcomes are strongly associated with hemorrhage volume, anatomical 
location, and the timeliness of treatment initiation. Early and accurate diagnosis is therefore 
critical. Non-contrast head CT (NCCT) remains the imaging modality of choice in the 
acute evaluation of suspected intracranial hemorrhage, as it is rapid, widely available, and 
highly sensitive for the detection of acute blood products. As imaging volumes increase, 
recent deep-learning approaches have sought to support rapid hemorrhage recognition 
on emergency head CT, with high-sensitivity ensemble methods representing one 
contemporary example [2]. Once hemorrhage is identified, urgent management measures, 
such as blood pressure control, anticoagulation reversal, and neurosurgical consultation, 
can be initiated promptly, potentially improving clinical outcomes.

In routine clinical practice, the detection of intracranial hemorrhage is not always 
straightforward. Small-volume or subtle hemorrhages—such as punctate intraparenchymal 
bleeds or thin subdural collections—may be difficult to identify, particularly in early 
stages or under suboptimal viewing conditions. These findings are especially prone to 
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         Medical Biotechnology being overlooked by non-specialist readers or during overnight 
reporting, when workload and fatigue may further impact 
diagnostic accuracy. In parallel, increasing imaging volumes in 
emergency settings introduce an additional challenge related 
not only to image interpretation but also to the prioritisation 
of radiology worklists. In this context, delayed recognition 
of clinically significant hemorrhage may lead to delays in 
critical interventions. These factors highlight the need for 
high-sensitivity automated tools that can function as a safety 
net in acute imaging workflows, complementing radiologist 
interpretation rather than merely accelerating it.

Despite the central role of CT, radiology departments face 
increasing imaging volumes and persistent shortages of specialist 
neuroradiologists. In response, several artificial intelligence 
(AI) systems have been developed to assist with automated 
hemorrhage detection and classification. BrainScan CT is one 
such platform, designed to analyse NCCT examinations and 
generate automated alerts when hemorrhage is suspected. 
Although vendor-reported data suggest efficient processing 
and integration into clinical workflows, independent external 
validation is essential to determine whether performance 
generalises beyond the training environment. 

Previous studies evaluating commercial AI tools for 
hemorrhage detection have reported variable results. External 
validation of the Caire ICH device demonstrated strong 
performance for intracranial hemorrhage detection [3], whereas 
other investigations have highlighted site-specific degradation 
and unresolved failure modes despite promising development 
metrics [4]. Real-world validation of VeriScout also showed 
clinically useful performance but persistent false-positive 
behavior in scans with postoperative change or calcification [5], 
while a recent post-traumatic evaluation of qER.ai suggested 
that the software is best interpreted as a supportive rather than 
stand-alone tool [6]. These findings highlight variability in real-
world performance and underscore the need for independent 
validation across diverse clinical settings. Taken together, 
these findings suggest that while AI systems for intracranial 
hemorrhage detection often demonstrate high performance 
in controlled settings, their real-world effectiveness may be 
influenced by dataset heterogeneity, imaging variability, and 
unresolved failure modes.

In the acute evaluation of suspected stroke, the primary role 
of NCCT extends beyond hemorrhage detection to include the 
rapid exclusion of bleeding in order to guide treatment decisions. 
In particular, thrombolytic therapy for acute ischemic stroke can 
only be initiated once intracranial hemorrhage has been reliably 
excluded. However, early ischemic changes on NCCT are often 
subtle or even absent, creating a diagnostic scenario frequently 
referred to as “negative CT” or “stroke mimic.” This highlights 
the dual challenge of acute stroke imaging: the need for highly 
reliable hemorrhage detection alongside the recognition that 
ischemia detection on NCCT remains inherently limited. 
Within this context, evaluation of AI performance for ischemia 
detection, even as a secondary objective, provides additional 
insight into the broader applicability and limitations of such 

tools in real-world stroke workflows.
In this study, we perform an external validation of BrainScan 

CT using an independent dataset, focusing on intracranial 
hemorrhage detection on NCCT. We evaluate diagnostic 
performance using a radiologist consensus reference standard 
and conduct subgroup analyses by anatomical location and 
ECASS classification.

We hypothesise that BrainScan CT achieves performance 
comparable to expert radiologist interpretation for clinically 
relevant hemorrhage detection and may support triage 
workflows in acute clinical settings.

The study was designed and reported in alignment with 
contemporary reporting standards for artificial intelligence in 
medical imaging, including the TRIPOD+AI framework.

Materials-MethodsMaterials-Methods
Study Design and Setting
This study was conducted as a retrospective, single-centre 
external validation analysis of an artificial intelligence–
based tool (BrainScan CT) for the detection of intracranial 
hemorrhage on non-contrast head CT (NCCT). 

NCCT examinations were acquired using standard 
institutional head CT protocols on two multidetector CT 
systems: a 64-slice SOMATOM Definition AS and a 128-slice 
SOMATOM X.cite (Siemens Healthineers, Erlangen, Germany). 
Scans were acquired from the skull base to the vertex using 
scanner-specific acquisition protocols. Acquisition parameters 
were generally comparable across protocols, with tube voltage 
ranging from 100 to 120 kVp and automated tube current 
modulation (CARE Dose4D). Images were reconstructed 
using standard soft-tissue brain kernels, with a primary slice 
thickness of 5 mm for routine diagnostic interpretation and 
additional thin-section reconstructions of 1–2 mm available 
for multiplanar reconstruction and post-processing. Iterative 
reconstruction was applied according to the scanner-specific 
protocol. Imaging protocols remained consistent throughout 
the study period, with minor scanner- and protocol-specific 
variations reflecting routine clinical practice.

All NCCT examinations included in the study were 
obtained consecutively over a 12-month period (January 1 
to December 31, 2025) as part of standard emergency and 
inpatient diagnostic workflows. The dataset reflects real-world 
clinical practice and encompasses a heterogeneous spectrum 
of indications, including suspected stroke, head trauma, acute 
neurological deficit, and altered mental status.

The BrainScan CT software evaluated in this study was 
developed independently by a third-party vendor. The study 
investigators had no involvement in the development, training, 
or optimisation of the algorithm. AI analysis was performed 
offline on anonymised DICOM datasets to simulate real-
world deployment without influencing clinical workflow; the 
algorithm output did not influence clinical reporting or patient 
management.

The primary objective of the study was to assess the 
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diagnostic accuracy of BrainScan CT for the detection of 
intracranial hemorrhage using an external dataset independent 
of the algorithm's development environment. Secondary 
analyses explored performance variability across anatomical 
regions, hemorrhage subtypes, and laterality.

Reference Standard
The reference standard for the presence or absence of 
intracranial hemorrhage was established based on radiological 
diagnosis recorded in the official clinical report, with access 
to full clinical information including presenting symptoms, 
neurological examination findings, and follow-up imaging 
where available. Reports were generated by board-certified 
radiologists with experience in neuroimaging. Radiologists 
were blinded to the AI output at the time of reporting.

Intracranial hemorrhage was defined as the presence of 
hyperattenuating blood products on NCCT, encompassing 
intraparenchymal, intraventricular, subdural, epidural, 
and subarachnoid hemorrhage. Classification was binary 
(hemorrhage present/absent), with positive cases further 
characterised by hemorrhage type and anatomical location.

The reference standard diagnosis was used directly as the 
comparator for all diagnostic accuracy analyses. No additional 
adjudication procedure was applied beyond routine clinical 
reporting practice. Non-contrast head CT is widely regarded 
as the first-line imaging modality for the detection of acute 
intracranial hemorrhage; however, it is not a perfect reference 
standard, particularly for small-volume hemorrhage or 
hemorrhagic transformation within ischemic infarction. No 
systematic confirmation with follow-up imaging or alternative 
modalities was performed, reflecting real-world clinical 
practice. This approach may introduce a degree of reference 
standard misclassification, particularly in subtle cases, and 
should be considered when interpreting the diagnostic 
accuracy estimates. The reference standard is accordingly best 
characterised as a high-quality clinical standard rather than an 
independent gold standard.

Hemorrhagic cases were further subclassified using an 
adapted morphological grading based on ECASS criteria: 
parenchymal hemorrhage categories (PH-1: small parenchymal 
haematoma occupying less than 30% of the infarcted area 
with mild mass effect; PH-2: large parenchymal haematoma 
exceeding 30% of the infarcted area with substantial mass 
effect) and hemorrhagic infarction categories (HI-1: small 
petechiae along the margins; HI-2: confluent petechiae within 
the infarcted area without mass effect). In this dataset, these 
morphological grades were applied to all hemorrhage-positive 
cases regardless of confirmed ischaemic aetiology, serving as 
an institutional severity grading of hemorrhage morphology 
rather than a strictly etiological ECASS classification. This is 
acknowledged as a limitation of the subgroup analysis.

Eligibility Criteria
All consecutive NCCT examinations performed during the 
study period were screened for eligibility. Examinations were 

included if they met the following criteria: patient age 18 
years or older; availability of a non-contrast head CT acquired 
at presentation as part of routine clinical care; and sufficient 
image quality to permit reliable radiological interpretation.

Examinations were excluded if image quality was deemed 
non-diagnostic due to severe motion artefacts, incomplete 
intracranial coverage, or major technical acquisition errors. 
Scans obtained for post-operative evaluation or follow-up of 
previously known intracranial pathology were also excluded to 
avoid overrepresentation of chronic or treated conditions that 
could confound acute hemorrhage detection.

No restrictions were applied based on clinical indication, 
permitting inclusion of a heterogeneous real-world population 
encompassing suspected stroke, head trauma, headache, altered 
consciousness, and other acute neurological presentations. 
Eligibility assessment was performed prior to AI analysis, 
and all included examinations were processed irrespective of 
the presence or absence of pathology, ensuring an unbiased 
representation of the clinical case mix. No case enrichment, 
oversampling, or artificial class balancing was performed; 
the dataset reflects the natural prevalence of intracranial 
hemorrhage in the studied population.

BrainScan AI Analysis
The BrainScan CT artificial intelligence software (version 1.4, 
release date 8 July 2025) was used for automated analysis of 
all NCCT examinations included. All 1,419 examinations 
were processed offline in a single retrospective batch using 
version 1.4, irrespective of original acquisition date; 659 scans 
(46.4%) had been acquired prior to the software release date 
(January–July 2025) and were analysed post hoc, ensuring 
uniform application of the same algorithm version across the 
full dataset. The algorithm processes axial CT images and 
generates a continuous probability score (range 0–1) reflecting 
the likelihood of intracranial hemorrhage.

For the primary analysis, examinations were classified as 
positive or negative using the manufacturer-defined decision 
threshold of 0.25, representing the default operating point of 
the algorithm. This threshold was applied uniformly across 
all cases and was not modified or recalibrated using the study 
dataset. The use of a fixed, pre-specified threshold without 
dataset-specific optimisation was intended to reflect real-
world deployment conditions and to avoid the optimistic bias 
associated with post hoc threshold tuning.

AI analysis was performed offline on anonymised DICOM 
datasets. The software operated fully automatically, without 
manual interaction or case selection by the investigators. 
The AI output was not available to the reporting radiologists 
and did not influence the reference standard assessment. In 
addition to binary classification, the continuous probability 
scores generated by the algorithm were retained for receiver 
operating characteristic (ROC) analysis and threshold-
independent evaluation of discriminative performance.

The mean end-to-end study processing time, measured 
from retrieval of the examination from the picture archiving 
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and communication system (PACS) to return of the AI-
generated result to PACS, was 3 min 35 s. Component-level 
mean processing times were approximately 1 min 15 s for 
receiving the study from PACS and processing it on the proxy 
server (Stage 1), 2 min 16 s for transmitting the study to and 
processing it through the application programming interface 
(API) (Stage 2), and 2 s for returning the results to PACS 
(Stage 3). This short end-to-end processing time supports the 
technical feasibility of incorporating BrainScan CT into time-
critical acute neuroimaging workflows, although it should not 
be interpreted as equivalent to radiologist report turnaround 
time or as evidence of improved patient outcomes.

Reporting Standards and Model Transparency
This study was conducted and reported in accordance with 
the TRIPOD+AI guidelines for reporting of studies evaluating 
artificial intelligence–based prediction models. The evaluated 
BrainScan CT algorithm is a proprietary, third-party deep 
learning system; full technical details regarding model 
architecture, training data composition, and internal validation 
procedures were therefore not accessible to the investigators. 
All aspects of the external validation, including dataset 
definition, eligibility criteria, reference standard construction, 
and statistical analysis, were pre-specified and are transparently 
reported herein.

Input data consisted of standard NCCT DICOM 
series acquired in routine clinical practice. No additional 
preprocessing, case selection, or manual data manipulation 
was performed prior to AI analysis. Missing or non-diagnostic 
studies were handled at the eligibility stage and excluded prior 
to AI analysis according to pre-defined criteria; no imputation 
or data augmentation was applied.

Performance evaluation encompassed discrimination 
metrics (sensitivity, specificity, AUC) and threshold-dependent 
classification measures. Calibration and clinical utility 
analyses, such as calibration plots or decision curve analysis, 
were not performed, as the study was designed to assess 
diagnostic accuracy rather than predictive risk estimation; this 
is acknowledged as a limitation.

Statistical Analysis
Statistical analysis was performed using R (version 4.5.1; R 
Foundation for Statistical Computing, Vienna, Austria), with 
the following packages: epiR (diagnostic accuracy metrics), 
pROC (ROC analysis), gtsummary (descriptive tables), ggplot2 
and kkstatfun (figures and analytical functions). All analyses 
were conducted at the examination level.

Diagnostic performance was evaluated by constructing a 
2×2 contingency table comparing the binary AI classification 
with the reference standard. Sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV), 
and overall correctly classified proportion were calculated 
with corresponding 95% confidence intervals using the exact 
(Clopper–Pearson) method. Positive and negative likelihood 
ratios (LR+ and LR−), the diagnostic odds ratio (DOR), and 

the Youden index were additionally derived; confidence 
intervals for likelihood ratios were estimated using standard 
log-transformation. Systematic disagreement between AI 
classification and the reference standard was assessed using the 
McNemar test for paired binary outcomes.

ROC analysis was performed using the continuous 
probability scores generated by the AI algorithm. The area 
under the ROC curve (AUC) and corresponding 95% 
confidence intervals were estimated using the DeLong method. 
The Youden-optimal threshold was identified as an exploratory 
analysis and did not influence the primary classification 
results, which were based exclusively on the pre-specified 
manufacturer-defined threshold of 0.25.

Subgroup analyses assessed sensitivity across anatomical 
regions, hemispheric laterality, and ECASS hemorrhage 
subtypes, restricted to reference-standard–positive cases. 
Sensitivity estimates for subgroups were calculated with Wilson 
score 95% confidence intervals.

All statistical tests were two-sided, with a significance 
threshold of α = 0.05. No correction for multiple comparisons 
was applied to subgroup analyses, which are considered 
exploratory.

Sample Size and Precision Considerations
No prospective sample size calculation was performed, as the 
study was based on retrospective analysis of consecutively 
acquired clinical data. Sample size adequacy was assessed 
post hoc using a precision-based framework. Acceptability 
thresholds were pre-specified as a 95% confidence interval half-
width not exceeding ±0.05 for sensitivity, specificity, PPV, and 
NPV, and ±0.03 for AUC. All primary hemorrhage detection 
estimates met these thresholds, confirming adequate precision 
of the reported performance metrics.

Two pre-specified sensitivity analyses were conducted. First, 
to assess robustness of binary classification performance to 
threshold choice, diagnostic accuracy was recomputed at six 
alternative confidence score thresholds ranging from 0.10 to 
0.50. Second, to address potential non-independence arising 
from repeated examinations contributed by the same patient 
(1,419 scans from 1,260 patients; 159 patients contributing 
more than one examination), all primary accuracy analyses 
were repeated after restricting to the earliest scan per patient 
(n = 1,260). Concordance between full-cohort and restricted-
sample estimates was assessed by inspection of confidence 
interval overlap.

No formal adjustment was made for within-patient 
clustering, and all primary analyses were conducted at the 
examination level, reflecting the intended per-scan use of 
the algorithm in clinical practice. The potential for modest 
underestimation of variance due to repeated measurements is 
acknowledged as a methodological limitation.

Ethical Considerations
The study was conducted in accordance with the principles of 
the Declaration of Helsinki and applicable national regulations. 
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Ethical approval was obtained from the institutional review 
board of the University Hospital "St. George", Plovdiv, 
Bulgaria. Given the retrospective nature of the study and 
the use of fully anonymised imaging and clinical data, the 
requirement for individual informed consent was waived 
by the ethics committee. All data were de-identified prior to 
analysis, and no patient-identifiable information was accessible 
to the investigators at any stage of the study. The BrainScan 
CT algorithm was evaluated in a research context only; the 
AI output was not available to treating clinicians and did not 
influence clinical decision-making or patient management.

ResultsResults
Cohort Characteristics
A total of 1,419 consecutive non-contrast head CT (NCCT) 
examinations from 1,260 adult patients were included in 
the analysis. The mean patient age was 66.2 years (SD 15.4), 
and 703 patients (49.6%) were male. The dataset reflected 
a heterogeneous real-world clinical population, with 
examinations performed for a broad range of acute indications 
including suspected stroke, head trauma, headache, syncope, 
and altered mental status. A total of 159 patients contributed 
more than one examination, reflecting repeat imaging in 
routine clinical care.

Of the 1,419 included examinations, 120 (8.5%) were 
positive for intracranial hemorrhage according to the reference 
standard, 201 (14.2%) demonstrated acute ischemia, and 
19 (1.3%) showed evidence of both. The remaining 1,117 
examinations (78.7%) showed no acute intracranial pathology. 
The distribution of scan volume by referring department and 
pathology category is illustrated in Supplement File, Figure 
S1, and the age distribution across pathology categories is 
presented in Supplement File, Figure S2.

Among hemorrhage-positive cases, intraparenchymal 
hemorrhage was the most frequent subtype (45%), followed by 
subdural hematoma (20%), subarachnoid hemorrhage (15%), 
intraventricular hemorrhage (10%), and mixed hemorrhage 
patterns (10%). According to ECASS classification, 49 cases 
(40.8%) were classified as PH-1, 40 (33.3%) as PH-2, 15 (12.5%) 
as HI-1, and 16 (13.3%) as HI-2. Anatomically, hemorrhages 
were most frequently located in the basal ganglia (n = 53; 
44.2%) and frontal lobe (n = 35; 29.2%), with lower frequencies 
in the parietal lobe (n = 30; 25.0%), temporal lobe (n = 22; 
18.3%), cerebellum (n = 17; 14.2%), and occipital lobe (n = 13; 
10.8%). Regarding laterality, 49 cases were left-sided, 55 were 
right-sided, and 16 demonstrated bilateral involvement.
The reference standard was derived from routine clinical 
radiological reporting. A formal inter-rater reliability analysis 
was not conducted as part of this study, which is acknowledged 
as a limitation discussed in the Limitations section.

Overall Diagnostic Performance
BrainScan CT demonstrated high diagnostic accuracy for the 
detection of intracranial hemorrhage on NCCT. Of the 1,419 

examinations, the algorithm classified 118 as positive and 1,301 
as negative. Compared with the reference standard, this yielded 
116 true positives, 2 false positives, 4 false negatives, and 1,297 
true negatives, as illustrated in Figure 1. A comprehensive 
summary of all diagnostic performance metrics for both 
hemorrhage (primary outcome) and ischemia (secondary 
outcome) is provided in Table 1.

The sensitivity of the algorithm was 96.7% (95% CI: 91.7–
99.1%) and specificity was 99.8% (95% CI: 99.4–100.0%). The 
PPV was 98.3% (95% CI: 94.0–100.0%) and the NPV was 
99.7% (95% CI: 99.3–100.0%). The overall correctly classified 
proportion was 99.6% (95% CI: 99.1–99.8%).

The positive likelihood ratio (LR+) was 627.9 (95% CI: 
157.1–2,508.7), indicating a very large increase in post-test 
probability of hemorrhage following a positive AI result. The 
negative likelihood ratio (LR−) was 0.03 (95% CI: 0.01–0.09), 
indicating a marked reduction in post-test probability follow-
ing a negative result. The diagnostic odds ratio was 18,806.5 
and the Youden index was 0.965 (95% CI: 0.911–0.991).

ROC analysis yielded an AUC of 0.983 (95% CI: 0.967–
0.999), confirming excellent discriminative performance, as 
shown in Figure 2. The combined ROC curves for hemorrhage 
and ischemia detection are presented for comparison in 
Supplement File, Figure S3. The Youden-optimal threshold 
was 0.255, essentially identical to the manufacturer-defined 
primary threshold of 0.25, yielding a sensitivity of 96.7% 
and specificity of 99.8%, confirming the appropriateness of 
the pre-specified operating point. McNemar's test showed 
no statistically significant systematic disagreement between 
BrainScan CT and the reference standard (p = 0.68).

The distribution of AI confidence scores among examina-
tions flagged as positive, stratified by classification outcome, 
is shown in Figure 3. True-positive cases were associated with 
consistently high confidence values, while the two false-posi-
tive cases received markedly lower scores, indicating that mod-
el uncertainty was appropriately reflected in the continuous 
output.

Performance by Anatomical Location
BrainScan CT demonstrated high sensitivity across anatomical 
regions, as shown in Figure 4 and summarised in Supplement 
File, Table S1-2. The highest detection rates were observed for 
cerebellar hemorrhage (100.0%; 95% CI: 77.1–100.0%; 17/17) 
and parietal lobe hemorrhage (100.0%; 95% CI: 85.9–100.0%; 
30/30), followed by basal ganglia (98.1%; 95% CI: 88.6–99.9%; 
52/53) and frontal lobe hemorrhage (97.1%; 95% CI: 83.4–
99.9%; 34/35). Temporal lobe hemorrhages were detected with 
a sensitivity of 95.5% (95% CI: 75.1–99.8%; 21/22). The low-
est regional sensitivity was observed for occipital lobe hemor-
rhages at 84.6% (95% CI: 53.7–97.3%; 11/13), likely reflecting 
smaller lesion volumes and beam-hardening artefacts charac-
teristic of this anatomical location.

Detection performance was consistently high across hem-
ispheric distributions. Bilateral hemorrhages were identi-
fied with 100.0% sensitivity (95% CI: 75.9–100.0%; 16/16). 
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Right-sided hemorrhages were detected in 54 of 55 cases 
(98.2%; 95% CI: 89.0–99.9%) and left-sided hemorrhages in 46 
of 49 cases (93.9%; 95% CI: 82.1–98.4%). All three false-nega-
tive cases among lateralised hemorrhages occurred in left-sid-
ed lesions.

Performance by ECASS Classification
When stratified by ECASS hemorrhage subtype, BrainScan CT 
demonstrated complete detection of parenchymal hemorrhage 
(Figure 5). All PH-1 cases (49/49) and all PH-2 cases (40/40) 
were correctly identified, corresponding to a sensitivity of 
100.0% for both subtypes (Wilson 95% CI: 90.9–100.0% and 
89.1–100.0%, respectively).

Sensitivity was lower for hemorrhagic infarction subtypes. 
For HI-1, 13 of 15 cases were detected (86.7%; 95% CI: 58.4–
97.7%), and for HI-2, 14 of 16 cases were detected (87.5%; 95% 
CI: 60.4–97.8%). All four false-negative cases in the entire co-
hort occurred exclusively within the hemorrhagic infarction 
subgroups, with two missed cases in each subtype. This pattern 
is consistent with the inherently lower imaging conspicuity of 
petechial hemorrhagic transformation relative to frank paren-
chymal hematoma on non-contrast CT.

Sensitivity Analyses
To assess robustness of the primary classification threshold, 
hemorrhage detection performance was recomputed at six al-
ternative confidence score thresholds ranging from 0.10 to 0.50. 
Sensitivity remained constant at 96.7% (95% CI: 91.7–99.1%) 
and specificity at 99.8% (95% CI: 99.4–100.0%) across all test-
ed thresholds, with confidence intervals identical at each op-
erating point. This finding indicates that AI confidence scores 
for hemorrhage are effectively bimodal, with no cases assigned 

Figure 1. Confusion matrix comparing binary BrainScan CT classifications with the radiologist reference standard for intracrani-
al hemorrhage detection across 1,419 non-contrast head CT examinations. Cell labels indicate absolute counts and corresponding 
proportions of total examinations. TP = true positive; FP = false positive; FN = false negative; TN = true negative.

Table 1. Diagnostic accuracy of BrainScan CT for 
intracranial hemorrhage and ischemia detection compared 
with the radiologist reference standard

Statistic Hemorrhage Ischemia

Sensitivity
0.967 

(0.917–0.991)
0.592 

(0.521–0.661)

Specificity 0.998 (0.994–1.000)
0.998 

(0.994–1.000)
Diagnostic 
odds ratio

18,806.5 
(3,408.4–103,769.9)

882.3 
(214.3–3,633.2)

Youden index
0.965 

(0.911–0.991)
0.590

 (0.515–0.660)
Positive 

likelihood ratio
627.85 

(157.13–2,508.74)
360.55 

(89.85–1,446.86)
Negative 

likelihood ratio
0.033 

(0.013–0.087)
0.409 

(0.346–0.483)
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Figure 2. Receiver operating characteristic (ROC) curve for BrainScan CT hemorrhage detection, constructed from continuous 
AI confidence scores across 1,419 examinations. The AUC was 0.983 (95% CI: 0.967–0.999). The cross symbol denotes the Youd-
en-optimal operating point (threshold = 0.255; sensitivity = 96.7%; specificity = 99.8%), which approximates the manufactur-
er-defined primary threshold of 0.25.

Figure 3. Distribution of AI confidence scores among non-contrast head CT examinations classified as positive by BrainScan 
CT (n = 118), stratified by classification outcome (true positive, n = 116; false positive, n = 2). Each bar represents the number of 
scans within a 0.05-wide confidence score interval. True-positive cases are concentrated at high confidence values; false-positive 
cases received markedly lower scores.
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Figure 4. Forest plot of BrainScan CT hemorrhage detection sensitivity by anatomical brain region and hemispheric laterality. 
Circles represent lobe-level regional estimates; triangles represent laterality estimates. Point area is proportional to the number of 
reference-standard–positive cases in the subgroup. Error bars represent Wilson 95% confidence intervals. The dashed vertical line 
indicates the overall cohort sensitivity (96.7%).

Figure 5. Bar chart of BrainScan CT hemorrhage detection sensitivity stratified by ECASS classification. Bars are grouped by 
hemorrhage category: hemorrhagic infarction (HI-1, HI-2) and parenchymal hemorrhage (PH-1, PH-2). Sensitivity percentages 
are displayed within each bar; detected/total case counts are displayed above the error bars. Error bars represent Wilson 95% 
confidence intervals. HI = hemorrhagic infarction; PH = parenchymal hemorrhage
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intermediate probabilities between 0.10 and 0.50, and demon-
strates that the primary classification result is entirely invariant 
to threshold choice within this range.

When the analysis was restricted to the first scan per pa-
tient (n = 1,260; 79 hemorrhage cases), diagnostic perfor-
mance was fully concordant with the primary analysis. Sensi-
tivity was 100.0% (95% CI: 95.5–100.0%), specificity 100.0% 
(99.7–100.0%), PPV 97.5% (91.3–99.7%), NPV 100.0% 
(99.7–100.0%), and AUC 1.000 (95% CI: 0.999–1.000). All esti-
mates fell within the confidence intervals of the corresponding 
full-cohort results. Notably, none of the four false-negative cas-
es identified in the full cohort were present in the first-scan-
only analysis. Examination of the scan histories of the three 
affected patients confirmed that all four missed scans were 
repeat rather than index examinations (scan ranks 2 and 3), 
with index scans correctly classified as negative. Two patients 
each contributed one false-negative repeat scan, while one pa-
tient contributed two consecutive missed scans on days 2 and 
5 after a negative index scan. All four false-negative scans were 
classified as hemorrhagic infarction (two HI-1, two HI-2). This 
pattern is most consistent with hemorrhagic transformation 
that developed or became detectable on follow-up imaging 
after a genuinely non-hemorrhagic index presentation, rather 
than reference standard misclassification. The AI was therefore 
presented with early or subtle hemorrhagic change of limited 
volume, consistent with the inherent imaging characteristics of 
HI subtypes, on scans not present in the index dataset. At the 
time of repeat scanning.

DiscussionDiscussion
Our external validation demonstrates that BrainScan CT 
achieves high diagnostic accuracy for the detection of intrac-
ranial hemorrhage on NCCT. The observed sensitivity (96.7%) 
and specificity (99.8%) are within the upper range reported for 
other commercially available AI systems and compare favora-
bly with prior external validation work [3-6].

From a clinical perspective, the combination of very high 
sensitivity and extremely low negative likelihood ratio supports 
reliable exclusion of intracranial hemorrhage, while a positive 
result substantially increases the probability of true pathology. 
This is particularly relevant in acute stroke triage, where rapid 
identification of hemorrhage directly influences treatment de-
cisions, including the initiation or withholding of thrombolytic 
therapy. 

Within this context, BrainScan CT demonstrates perfor-
mance comparable to that reported for currently available sys-
tems, with particularly high sensitivity observed for parenchy-
mal hemorrhage subtypes. The AUC of 0.983 further supports 
its strong discriminative capability.

Beyond binary triage, the NCCT literature has increasingly 
explored automated hemorrhage delineation and volumetry. 
Prior studies have demonstrated feasible segmentation of hem-
orrhage-suspect hyperdensities [10] and deep-learning-based 
segmentation of intracerebral hemorrhage, intraventricular 

hemorrhage, and perihematomal edema [11]. These approach-
es may contribute to severity assessment and longitudinal 
monitoring, although volumetric outputs were not evaluated 
in the present study.

Not all AI applications in stroke imaging demonstrate simi-
larly high performance. AI tools developed for CT angiography 
(CTA), particularly for the detection of large-vessel occlusion, 
have shown more modest accuracy [7]. Likewise, external val-
idation of e-ASPECTS has underscored that ischemia-orient-
ed NCCT support does not generalize uniformly across all 
use contexts and should remain adjunctive to expert inter-
pretation [12]. More recent ischemic-stroke NCCT studies, 
including multicentre early-ischemia detection models, two-
stage deep-learning systems for initially invisible infarction, 
slice-level lesion classifiers, and infarct-estimation networks, 
have reported encouraging results, but performance remains 
heterogeneous and task-dependent [13-16]. Although discrim-
ination for ischemia detection was relatively high (AUC 0.930), 
this did not translate into clinically sufficient sensitivity, un-
derscoring the known limitations of NCCT for early ischemia 
detection. 

The present study adds to the existing literature in several 
important ways. First, it provides independent external valida-
tion of a commercially available AI system using a consecutive, 
real-world clinical dataset without case enrichment or artificial 
class balancing, thereby reflecting routine clinical conditions.
Second, the study offers detailed subgroup analyses across ana-
tomical regions and hemorrhage subtypes, demonstrating con-
sistently high performance for clinically relevant parenchymal 
hemorrhages while identifying specific limitations in detecting 
hemorrhagic infarction.

Third, by evaluating the model using a fixed, manufactur-
er-defined threshold without recalibration, the results provide 
a realistic estimate of performance under conditions that close-
ly resemble actual clinical deployment.

Together, these aspects strengthen the evidence for the appli-
cability of AI-based hemorrhage detection tools in real-world 
practice and help to clarify both their strengths and limitations.
Several aspects of BrainScan CT performance warrant further 
consideration. The high positive likelihood ratio (>600) and 
very low negative likelihood ratio indicate that AI classification 
substantially modifies the post-test probability of intracranial 
hemorrhage, supporting its potential utility in clinical triage 
settings.

Performance varied across anatomical locations, with re-
duced sensitivity observed for occipital hemorrhages. These 
lesions are often smaller and located adjacent to the calvaria, 
where beam-hardening artefacts and reduced contrast may 
limit conspicuity on NCCT.

Hemorrhagic infarctions, particularly HI-1 and HI-2, ac-
counted for the majority of false-negative cases. These lesions 
typically represent petechial hemorrhagic transformation with-
in ischemic tissue and may be less visually distinct than paren-
chymal hematomas. Similar limitations have been reported for 
other AI-based hemorrhage detection systems, underscoring 
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the importance of interpreting AI outputs within the broader 
clinical and imaging context.

This observation may also be influenced by limitations of 
the reference standard, as subtle hemorrhagic transformation 
can be challenging to distinguish on NCCT and may be subject 
to inter-observer variability.

This study has several strengths. It includes a relatively large 
external cohort of 1,419 consecutive real-world examinations 
without case enrichment or class balancing, ensuring that find-
ings reflect true clinical prevalence. The reference standard was 
derived from official radiological reports generated blind to the 
AI output. Diagnostic performance is reported comprehensive-
ly with exact 95% confidence intervals across all primary and 
subgroup metrics, and two pre-specified sensitivity analyses 
confirm the robustness of the primary findings. The AI analysis 
was performed offline in a single batch using a fixed manufac-
turer-defined threshold without post hoc recalibration, reflect-
ing real-world deployment conditions.

Several limitations should also be considered. The dataset 
was derived from a single centre and included NCCT examina-
tions acquired on a limited range of scanner platforms, which 
may affect generalisability to other clinical settings. In addition, 
the prevalence of intracranial hemorrhage in the study cohort 
(8.5%) may differ from other practice environments; while sen-
sitivity and specificity are prevalence-independent, predictive 
values may vary accordingly.

BrainScan CT was evaluated as a standalone tool rather than 
within an integrated radiologist–AI workflow. Prior studies 
suggest that AI assistance may improve reader sensitivity, agree-
ment, or workflow efficiency in acute stroke imaging, including 
real-world deployment of comprehensive decision-support 
platforms such as Brainomix e-Stroke [13,14,17]. However, 
such benefit is not universal: in a recent prospective real-world 
evaluation of AI triage for intracranial hemorrhage, radiologist 
diagnostic performance and report turnaround time were not 
significantly improved [9].More broadly, recent research has 
highlighted the importance of continuous monitoring and con-
fidence-aware workflows in the clinical deployment of AI for 
intracranial hemorrhage detection. An ensemble monitoring 
model (EMM) applied to an FDA-cleared algorithm demon-
strated complete agreement with the primary model in just 
over half of cases, particularly when scans were clearly normal 
or showed obvious hemorrhage [8].

These findings support a confidence-stratified approach to 
AI-assisted interpretation, in which high-confidence cases may 
be prioritised differently from lower-confidence examinations 
requiring closer radiologist review [8]. Such strategies may im-
prove diagnostic performance while balancing false-positive 
rates and cognitive workload.

A notable finding of the present study is the apparent in-
variance of classification performance across a range of deci-
sion thresholds (0.10–0.50), with sensitivity and specificity 
remaining unchanged. This reflects a bimodal distribution of 
confidence scores, with most negative cases assigned near-zero 
values and positive cases clustered at higher scores.

This suggests that the algorithm functions effectively as a 
near-binary classifier rather than a fully calibrated probabilistic 
model. While this enhances robustness of the triage decision, 
it limits the utility of intermediate confidence scores for graded 
risk stratification.

This framework is consistent with our observations, par-
ticularly regarding reduced sensitivity for subtle hemorrhagic 
infarctions. Together, these findings support the role of AI as an 
assistive tool within clinical workflows, complementing rather 
than replacing expert radiological interpretation. 

In addition, the study did not include calibration or clinical 
utility analyses, such as decision curve analysis, which are rec-
ommended components of TRIPOD+AI-compliant evaluation 
frameworks. While discrimination performance was excellent, 
further work is needed to assess how model outputs translate 
into clinical decision-making and patient-level benefit.

An important limitation relates to the reference standard. 
Although radiologist consensus interpretation of NCCT re-
flects real-world clinical practice, it does not constitute a per-
fect gold standard. Small hemorrhages or subtle hemorrhagic 
transformation may be difficult to detect on NCCT alone, and 
no systematic confirmation with follow-up imaging or MRI 
was available. This introduces the possibility of misclassifica-
tion bias, whereby some apparent false-negative or false-pos-
itive AI classifications may reflect uncertainty in the reference 
standard rather than true model performance.

Another limitation relates to the analysis being performed 
at the examination level without adjustment for potential with-
in-patient clustering. Although the proportion of repeated 
scans was relatively small, such correlation may influence var-
iance estimates and confidence intervals. Future studies using 
patient-level or hierarchical statistical approaches would pro-
vide more robust estimates.

The application of ECASS morphological grading to all 
hemorrhage-positive cases represents a further limitation, as 
these criteria were originally developed for hemorrhagic trans-
formation in ischemic stroke. This limits direct comparability 
with published ECASS-based studies. Reduced sensitivity ob-
served in hemorrhagic infarction suggests that performance 
limitations are concentrated in cases with an underlying is-
chemic substrate.

Future studies incorporating multimodal imaging or longi-
tudinal clinical validation would provide a more robust refer-
ence framework.

ConclusionConclusion
BrainScan CT is a highly accurate AI-based tool for the de-
tection of intracranial hemorrhage on non-contrast head CT. 
In this external validation cohort, it achieved sensitivity ap-
proaching 97%, specificity close to 100%, and an AUC of 0.983. 
Performance was highest for parenchymal hemorrhages and 
centrally located lesions, with lower sensitivity observed for 
occipital hemorrhages and hemorrhagic infarctions.
Given its high diagnostic performance, BrainScan CT may 
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serve as an effective triage-support tool in acute clinical set-
tings, particularly in environments with high imaging volumes 
or limited radiology resources. Its use may support the priori-
tisation and identification of clinically significant hemorrhage 
and facilitate timely treatment decisions, while maintaining the 
need for expert radiologist oversight.
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