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Abstract

Early prediction of hematoma expansion (HE) in patients with intracerebral hemorrhage (ICH) is critical for improving
clinical outcome and guiding timely interventions. This study focuses on assessing the effectiveness of artificial intel-
ligence (AI) models, specifically those utilizing machine learning (ML) and deep learning (DL) in predicting HE. The
search strategy for this study was conducted in PubMed, Scopus, Embase, and Web of Science to identify eligible stud-
ies. Metrics such as sensitivity, specificity and area under the curve (AUC) were extracted and analyzed. Out of 1,235
studies initially screened, 14 met the inclusion criteria with totally 7665 patients. Al algorithms demonstrated significant
predictive capabilities. The pooled sensitivity and specificity across studies were 0.82 [95% CI: 0.74—0.88] and 0.83 [95%
CI: 0.78-0.87], respectively. The pooled positive DLR was 4.91 [95% CI: 3.73—6.47], while the negative DLR was 0.21
[95% CI: 0.14—0.32]. The diagnostic score was 3.14 [95% CI: 2.55-3.72], and the overall diagnostic odds ratio was 23.01
[95% CI: 12.83-41.24]. The pooled AUC was 0.89, suggesting a potentially useful diagnostic performance, although the
high heterogeneity limits the robustness of this finding. Subgroup analysis revealed that Al models performed better in
predicting HE, in patients with spontaneous ICH compared to patients with traumatic brain injury-related ICH, with a
higher AUC (0.90 vs. 0.87), sensitivity (0.85 vs. 0.76) and diagnostic odds ratio (28 vs. 16). Al-based models may serve
as potentially useful tools in predicting HE and supporting clinical decisions in ICH care. However, due to the high hetero-
geneity across studies, these findings should be interpreted with caution, and rigorous external validation with standardized
imaging protocols is essential before clinical implementation.
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Introduction

Intracerebral hemorrhage (ICH) is a life-threatening neuro-
logical condition associated with high morbidity and mortal-
ity rates, accounting for about 20% of all strokes worldwide
[1, 2]. One of the significant complications of this disease
is hematoma expansion, which typically occurs within the
first 24 to 48 h after onset and represents one of the critical
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clinical challenges in the treatment and management of
spontaneous and traumatic ICH [3, 4]. Traumatic hemato-
mas usually result from external forces causing a traumatic
brain injury with intracranial hemorrhage [5, 6]. In contrast,
spontaneous hemorrhages can have multiple non-traumatic
causes, such as hypertension or vascular abnormalities [3,
7]. In both categories, the gradual enlargement of the hema-
toma can cause an elevation of the intracranial pressure
associated with serious neurologic deficits, poor prognosis,
and high rates of disability and mortality [3, 8, 9].

Artificial intelligence models, especially machine learn-
ing (ML) and deep learning (DL) have been widely used in
many fields of medicine, including diagnosing and treating
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cerebrovascular disease [10—14]. Studies demonstrated that
Al models have higher sensitivity and specificity in predict-
ing early hematoma expansion [15]. Al has different algo-
rithms to predict hematoma expansion. These algorithms are
based on features such as baseline hematoma volume, imag-
ing biomarkers, and clinical variables to predict the expan-
sion of hematoma [16]. Several studies have investigated
the value of Al for diagnosis [17], radiographic evaluation
and management of ischemic and hemorrhagic strokes, arte-
riovenous malformations, and aneurysms [10]. Although Al
has shown significant improvements in the predictability of
hematoma expansion, variability in imaging protocols and
feature extraction techniques has raised concerns about the
validity of those studies.

Therefore, this study evaluates the application of Al
models in predicting HE risks among patients with ICH.
By systematically assessing the effectiveness and accu-
racy of Al algorithms, this study aims to provide valuable
tools for clinical decision-making and offers the potential to
assist physicians and emergency care providers by deliver-
ing faster, more reliable predictions of HE, enabling timely
interventions and leading to improved risk stratification,
better prioritization of high-risk patients, and more effective
resource allocation in emergency settings. Ultimately, this
review focuses specifically on the role of Al in forecasting
the risk of HE rather than diagnosing ICH or differentiating
between types of ICHs.

Methods

This systematic review and meta-analysis were conducted
according to the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) [18] guide-
lines. It is registered in the International Prospective
Register of Systematic Reviews (PROSPERO) under the ID
CRD42024627887.

Search strategy

We searched PubMed, Embase, Scopus, and Web of Sci-
ence databases to ensure no relevant articles were missed,
the first 100 results from Google Scholar were reviewed as
a supplementary search. The following search terms were
included: (“expansion” OR “progression”) AND (“intra
cerebral hematoma” or “ICH”) AND (“Artificial intelli-
gence” OR “Machine learning” OR “Deep learning”). The
described search strategy was applied to all aforementioned
databases. The Medical Subject Headings (MeSH) and
Emtree were used in PubMed and Embase, respectively, in
combination with several similar keywords to develop the
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unique search strategy for each database. This search was
performed from the inception of the respective databases
until December 2, 2024. The full search strategy syntax for
each database is outlined in Supplementary file 1 (Table S1).

Inclusion criteria

1) English language, 2) Conducted on humans, 3) Involv-
ing patients with HE, 4) Reporting the use of ML and DL
algorithms; including Random Forest (RF), Extreme Gradi-
ent Boosting (XGBoost), Categorical Boosting (CatBoost),
Deep Neural Network (DNN), Random Neural Network
(RNN), Chi-squared Automatic Interaction Detection
(CHAID), Decision Tree (DT), Extreme Gradient Boost-
ing (EGB), K-nearest neighbors (KNN), Support Vector
Machine (SVM) in predicting poor outcomes, and 4) Origi-
nal articles including cohort studies, randomized clinical
trials, non-randomized clinical trials, observational case-
series (>20 cases), and case-control studies.

Exclusion criteria

(1) Non-original articles, case reports, (2) Studies focusing
on subarachnoid hemorrhages, subdural or epidural hema-
tomas, or hematomas secondary to vascular malformations,
aneurysms, tumors, or surgical complications (3) Hemato-
mas with an unclear etiology or unspecified type (4) Hema-
tomas occurring in pediatric populations or pregnant.

Study selection

The extracted articles were added to EndNote version 21.
According to the eligibility criteria, three reviewers (AN,
SM and PP) independently evaluated the studies. Follow-
ing the exclusion of duplicate records, screening was carried
out in two phases: first, by examining the title and abstract,
and then by selecting the most relevant studies for a full-
text review. The investigations that satisfied the criteria for
eligibility were selected for the phase of data extraction. In
a dispute between three reviewers, a fourth reviewer (IM)
participated.

Data extraction

Two reviewers (AN and PP) separately extracted the
intended data from included articles, including, first name,
year of publication, country, number of patients, mean age,
gender composition, design of the study, reference imaging
study (e.g., digital subtraction angiography (DSA), com-
puted tomography (CT), and magnetic resonance imag-
ing (MRI)), ML and DL algorithm, sensitivity, specificity,
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accuracy, precision, Flscore, and AUC. The information
from the articles was imported into a predesigned Excel
sheet. HE, which was bolded as the main outcome, is con-
sidered in this data collection. Any discrepancies between
the two reviewers were resolved through discussion, and if
consensus was not reached, a third senior reviewer adjudi-
cated the decision.

Quality assessment

The PROBAST tool was used to evaluate the risk of bias
(ROB) and the applicability of the included studies [19].
This tool evaluates four primary aspects: participants, pre-
dictors, results, and analysis. Each domain was assessed for
risk of bias and categorized as low, high, or unclear risk.
Additionally, the appropriateness of the forecasting models
was evaluated within the same subject domains to determine
if the research studies aligned with the research question.

Statistical analysis

The metrics for true positives, true negatives, false positives,
and false negatives for each high-performing algorithm in
the included studies were collected for analysis. Sensitiv-
ity and specificity data were combined using a meta-anal-
ysis diagnostic model. Given the substantial heterogeneity
across studies, all pooled estimates were calculated using
random-effects models. All statistical analyses were con-
ducted using the MIDAS package in STATA version 17.

Results
Study characteristics and selection process

In this systematic review, our initial search in the databases
identified 1235 records. Duplicate records, including 179
papers, were removed. After an initial screening of titles and
abstracts, 48 papers were chosen for additional assessment.
Finally, 14 articles were included in the qualitative analysis,
and meta-analysis, one of the studies included two different
datasets with distinct outcomes, Since both datasets met the
eligibility criteria for our study, we analyzed them as two
separate studies [20]. The studies in our analysis were con-
ducted across several countries. The PRISMA flow diagram
showing the study selection process is provided in Fig. 1.

Altogether, the included studies comprised 7665 patients
with a mean age of 58.7 years, of whom 41.26% were
women. The mean time between the second CT scan and
the initial CT scan was 36.92 h. Among all Al algorithms,
13 were DL and 10 were ML (Fig. 2) (Table 2).

XGBoost was the best-performing algorithm with the
highest average values for accuracy (0.9), sensitivity (0.62)
and AUROC (0.96) followed by MLP; with accuracy of
0.92, sensitivity of 0.89, specificity of 0.92, and AUROC of
0.921 (Fig. 3) (Table 2).

Among our included studies, the majority were from
China (11 studies), while the remaining studies were from
South Korea (2), Taiwan (1), and Spain (1). 10-fold cross-
validation was utilized in 5 studies (35.7%), followed by
5-fold cross-validation in 4 studies (28.6%), while 5 stud-
ies (35.7%) did not report their validation method. All stud-
ies focused on CT-based radiomic features, with 6 studies
(42.9%) using semi-automated methods, 5 studies (35.7%)
employing automated methods, 2 studies (14.3%) relying
on manual methods, and 1 study (7.1%) not specifying the
extraction approach (Tables 1 and 2).

Sensitivity and specificity

The analysis showed that the pooled sensitivity was 0.82
[95% CI: 0.74-0.88], with considerable heterogeneity (I*
of 83.35%, p-value of 0). Regarding pooled specificity, the
result was 0.83 [95% CI 0.78-0.87], with significant hetero-
geneity observed between the studies (I of 88.04%, p-value
of 0) (Fig. 4).

Positive and negative diagnostic likelihood ratio
(DLR)

The analysis showed a combined positive likelihood ratio of
4.91 [95% CI: 3.73-6.47], with a significant heterogeneity
found among the studies (12 value of 83.74%, p-value of 0).
On the other hand, the pooled negative likelihood ratio was
0.21 [95% CI: 0.14-0.32], and there was notable hetero-
geneity observed between the studies (12 value of 83.92%,
p-value of 0) (Fig. 5).

Diagnostic score and diagnostic odds ratio

The diagnostic score obtained from the pooled data was
3.14 [95% CI: 2.55-3.72], indicating significant heteroge-
neity (I12 0f 99.29%, p-value of 0). The diagnostic odds ratio
of the pooled data was 23.01 [95% CI: 12.83—41.24], with
significant variation observed between the studies (I2 of
100%, p-value of <0.001) (Fig. 6).

Area under curve
The pooled SROC curve, which combines sensitivity and

specificity data, resulted in an AUC of 0.89 (95% CI: 0.86—
0.92) (Fig. 7).
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Identification of studies via databases and registers

Identification

Screening

Records identified from*:
Databases
PubMed (n=382)
Embase (n=190)
Scopus (n=342)
Web Of Science (n=239)
Google Scholar (n= 100)

l

Title and abstract screened (n
=1056)

Excluded if: 1-non-English
studies, 2-Studies on rather than
human, 3 Case report studies,
book chapter, conference
abstract, comments, letter to the
editor, 4-Studies without report of
the outcome of TP, TN, FP, and

Records removed before
screening:
Duplicate records removed
(n=179)

P>

!

Reports sought for retrieval

(n = 28)
‘

Reports assessed for eligibility

(n = 28)
‘

Included

Studies included in the quantitative
review and meta-analysis (n = 14)

Fig. 1 PRISMA flowchart of the study selection process
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Records excluded
(n=1028)

Reports not retrieved
(n=0)

Reports excluded:

Full text isn’t in English (n =5)
Case report studies, conference
abstract, (n = 10)
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Fig.4 Sensitivity and specificity of ML algorithms

Sub-group between TBI (Traumatic brain Injury) and
spontaneous

Among the 14 included studies, 5 studies (35.7%) focused
on TBI, while the remaining 9 studies (64.3%) investigated
spontaneous ICH. Regarding the total 7,665 patients, 1,925
patients (25.1%) had TBI-associated ICH, whereas the
remaining 5,740 patients (74.9%) belonged to the spontane-
ous ICH subgroup.

The comparison between ICH, HE following TBI, and
spontaneous subgroups revealed that the spontaneous group
demonstrated superior diagnostic performance with a higher
AUROC (0.90 vs. 0.87), sensitivity (0.85 vs. 0.76), and
diagnostic odds ratio (28 vs. 16). Specificity was compara-
ble between the two groups (0.83 in both). The spontaneous
group also showed a lower negative likelihood ratio (0.18
vs. 0.29), indicating better exclusion of false negatives.
However, the spontaneous subgroup exhibited significant
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heterogeneity (12 = 96%), while the TBI subgroup had no
heterogeneity (I*> = 0%), suggesting variability in the spon-
taneous ICH studies.

Publication bias assessment

The regression-based analysis estimated the bias coefficient
at 6.85 (95% CI: —13.84 to 27.54, P=0.487), showing no
statistically significant bias. The wide confidence interval
suggests uncertainty in the estimate. However, the inter-
cept of 2.52 (95% CI: 0.86 to 4.18, P=0.006) was statisti-
cally significant, potentially indicating some degree of bias
despite the lack of strong evidence for small-study effects.
A Deeks’ test for funnel plot asymmetry showed no sig-
nificant publication bias, with a P-value of 0.49. Visual
inspection and the regression line confirmed no substantial
small-study effects, indicating that the studies in the meta-
analysis were not influenced by selective reporting (Fig.S1).
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Fig. 5 Positive and negative DLR of ML algorithms

Risk of bias (PROBAST)

Across the four domains of participants, predictors, out-
comes, and analysis, 93% of studies demonstrated low risk
of bias. In 7% of studies, the ROB was unclear, particularly
in the predictor and analysis domains. No studies were rated
as having a high ROB (Fig.S2).

Applicability of the ML tools (PROBAST)

For applicability, 94% of studies showed low concern in
the participants domain, and 92% in the predictor domain.
Similarly, 93% of studies demonstrated low concern in the
outcome’s domain, and 95% in the analysis domain. A small
percentage (6—8%) across domains was classified as unclear.
No domains were noted as having high concern (Fig.S3).
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Discussion

The application of Al-based models to predict HE in ICH
represents a promising advancement in neurocritical care.
This systematic review and meta-analysis evaluated the
current evidence on the predictive performance of Al-based
models in this regard. The pooled sensitivity of 82% [95%
CI: 74-88%] shows that AI models can accurately identify
most cases of HE, thus decreasing the chances of missed
diagnosis and enabling early interventions. Moreover, the
pooled specificity of 83% [95% CI: 78-87%] indicates that
these models can also exclude non-HE cases effectively,
which reduces false positives and unnecessary treatments.
The positive DLR of 4.91 [95% CI: 3.73-6.47] indicates
that when the prediction is positive, this will increase the
odds of HE by almost fivefold. On the other hand, the
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DIAGNOSTIC SCORE

Fig. 6 Diagnostic score and diagnostic odds ratio of ML algorithms

negative DLR of 0.21 [95% CI: 0.14-0.32] significantly
reduced the probability of having an HE when the predic-
tion is negative. Further, the DOR 0f 23.01 [95% CI: 12.83—
41.24] pools sensitivity and specificity, reflecting the strong
overall diagnostic accuracy of Al systems. Finally, the AUC
01 0.89 [95% CI: 0.86—0.92] underlines the high discrimina-
tory capability of Al-based models, supporting their clinical
utility in forecasting HE and aiding critical decision-making
in managing ICH patients.

Several nomograms and Al-based radiomics models have
been developed to predict the HE following ICH [21-24].
Yang et al. developed a LR-based nomogram for predicting
HE after ICH, identifying baseline hematoma > 20 mL (OR:
4.09) and time to CT < 1 h (OR: 4.19) as key predictors [21].
Zhang et al. developed an LR-based nomogram to predict
HE [22]. They showed that the National Institutes of Health
Stroke Scale (NIHSS) and International Normalized Ratio
(INR) were the most significant predictive factors, followed
by time to baseline CT scan, CTA spot signs, and hypoden-
sities [22]. Their model showed a sensitivity of 74% and
specificity of 64% with a C-index of 0.743 [22].
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Despite promising predictive outcomes of nomograms
concurrent with their straightforward interpretation and
daily application, These models rely on limited param-
eters and cannot adequately handle large datasets with
multiple variables [22]. In contrast, Al-based models can
analyze datasets with substantial sample sizes and identify
the correlation between clinical, treatment, and radiologi-
cal variables [23]. The Al-based models have demonstrated
an AUC and ACC ranging from 0.5 to 0.96 and 0.624 to
0.92, respectively, which indicate these models’ favorable
predictive performance in HE prediction [2, 21, 22, 25-29].
Recently, the prediction of HE using only the initial scan has
drawn increasing attention in research. CT imaging mark-
ers such as the island sign, hypodensity, satellite sign, black
hole sign, blend sign, and swirl sign have been proposed as
indicators of HE [30].

Using DL models based on admission NCCT scans, C.
Yalcin et al. modeled a deep learning framework that lever-
ages the 2D EfficientNet BO model to predict HE. This
image-ba3sed approach demonstrated superior performance
compared to models like DenseNet121 and ResNet34. By



Neurosurgical Review (2026) 49:24

Page 130f 17 24

SROC with Prediction & Confidence Contours

1.0
@

@y 6 ©
@ @/; ®

/

@

Sensitivity
o
(&)
|

Observed Data

Summary Operating Point
SENS =0.82[0.74 - 0.88]
SPEC =0.83[0.78 - 0.87]

SROC Curve
AUC =0.89[0.86-0.92]

¢ O

— 95% Confidence Contour

95% Prediction Contour

0.0
1.0

|
0.5 0.0

Specificity

Fig. 7 Summary receiver operator characteristic curve (SROC) of ML algorithms

incorporating synthetic images alongside standard data aug-
mentation techniques to tackle dataset and disease-related
challenges, the model achieved remarkable results with an
accuracy of 0.84, an F1-score of 0.82, a sensitivity of 0.77,
and a specificity of 0.91 [30].

In another approach, Li et al. developed non-automatic and
automatic approaches. The first phase utilized a multi-task
3D U-Net to segment hematomas and generate preliminary
risk scores, leveraging hematoma segmentation for multi-
scale feature learning in HE prediction. The second phase

employed a feature fusion network to refine the risk score by
integrating deep features from the first phase and hematoma
mask-derived features (i.e., radiomics properties and hema-
toma volume). AUC results show 0.767 in the first phase and
0.760 in the second. Non-automatic methods show limited
performance, while CNN-radiomics achieves the highest
sensitivity (0.840) but low specificity (0.558). Conversely,
M-Densenet121 favors specificity over sensitivity [20].

Wau et al. utilized a joint model integrating clinical and
imaging data with the VGG deep learning framework,
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achieving superior predictive performance among MLP
models, with a test accuracy of 0.920, and AUC scores of
0.921 [31]. The VGG-19 model is utilized for feature extrac-
tion from images, leveraging its deep convolutional layers
to capture complex patterns. These extracted features are
then used as input for various ML models such as LR, SVM,
and RF, which are employed for validation and prediction
tasks. This combination enhances the predictive accuracy
by integrating deep learning and traditional ML methods.

Similarly, F. Yu et al. developed a nomogram integrating
clinical data and imaging signs to assess HE risk in HICH
patients. Various ML algorithms (LR, KNN, SVM, DT, RF,
LDA, QDA, NB) achieved training set AUCs ranging from
0.788 to 1.000, with 10-fold cross-validation AUCs averag-
ing between 0.645 and 0.845. The LR algorithm, considered
the most stable, was used for constructing the radiomics
model, achieving an AUC of 0.827 in the validation set.
Key predictors—admission GCS score, hematoma volume,
irregular shape, and Rad score—were identified via multi-
variate LR to create a hybrid model. This model achieved
AUCs 0f 0.901, 0.838, and 0.917 in the training, validation,
and test sets, respectively [32].

A three-dimensional (3D) segmentation network for
the semi-automatic segmentation of traumatic intracere-
bral hematomas was developed based on the open-source
SSLAMIS segmentation model to train popular 3D con-
volutional encoder-decoder networks, including 3DUNet,
Attention-3DUNet, and 3DVNet. Attention-3DUNet was
utilized as an assistance in segmentation to ease physicians’
workload, minimize manual variations, and improve consis-
tency. Integrated radiomic and clinical features achieved the
best performance (AUC = 0.83), outperforming radiomic
models (AUC = 0.8) and clinical models (AUC = 0.77) in
predicting hematoma expansion [33].

In the first application of an ML model to predict HE in
traumatic brain injury (TBI), LR achieved a promising AUC
of 0.82. However, the SHAP value-enhanced XGBoost
model significantly surpasses it with an AUC of 0.913.
SHAP values improve the interpretability of individual risk
factors, providing clinicians with a powerful tool for per-
sonalized analysis of ICH progression and enabling more
precise, tailored decision-making [34].

Clinical implications

The clinical applicability of Al-based models for predicting
hematoma expansion remains promising but faces important
barriers. A major challenge is the lack of standardized imag-
ing protocols, as variations in acquisition parameters and
modalities (CT, CTA, MRI) can significantly affect repro-
ducibility and model performance. Automated and reliable
segmentation of hematomas is another critical requirement,

@ Springer

since manual methods are time-consuming and subject to
inter-observer variability. Furthermore, most Al models oper-
ate as “black boxes,” limiting interpretability and potentially
reducing clinicians’ trust in their predictions. For success-
ful integration into clinical workflows, these models must
undergo rigorous external validation across diverse popula-
tions and healthcare systems, and they should be embedded
within user-friendly platforms that can interact with hospital
information systems. Collaboration between clinicians, radi-
ologists, and data scientists will be essential to ensure that Al
models are not only technically accurate but also clinically
meaningful and feasible for real-world application.

Limitation

Despite the promising predictive outcomes of Al-based mod-
els, these novel tools are correlated with various limitations.
Dependency on high-quality, large datasets for training is a
major limitation for Al models, especially in neurosurgical
fields, due to the rarity and heterogeneity of conditions [35].
Poor generalizability due to the overfitting of models, espe-
cially when trained on small datasets, is another limitation
of the application of Al models in neurosurgery [36]. The
lack of standardized metrics, imaging protocol inconsisten-
cies, and variability in data labeling are other limitations
of Al-based models that limits their reproducibility and
external validation [37]. These limitations highlight that the
results of the Al models should be interpreted meticulously.
In addition, the included studies used heterogeneous defi-
nitions of hematoma expansion (e.g., absolute increase >6
mL vs. relative increase >33%), which may have influenced
the pooled results and contributed to the high heterogeneity
observed. Standardized definitions of HE will therefore be
essential for future studies to allow more reliable compari-
sons and meta-analyses. these limitations highlight that the
results of the Al models should be interpreted meticulously.

Future directions

To enhance the clinical applicability and performance of
Al-based models in predicting HE in ICH, future studies
should aim at increasing the diversity and size of patient
datasets, integrating multi-center prospective research to
enrich model robustness. Larger cohorts and more varied
populations will help in addressing the potential biases of
small-scale studies, ensuring that predictive models are both
accurate and widely applicable.

In addition, developing standardized imaging proto-
cols, particularly for MRI and CT scans, will be critical
for improving the reproducibility and generalizability of
Al models. Variations in imaging techniques and feature
extraction methods have contributed to inconsistencies in
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current studies, emphasizing the need for a unified approach
across research centers.

Furthermore, exploring a broader range of machine learn-
ing algorithms, especially deep learning models, could help
refine model predictions. Optimizing these models for dif-
ferent ICH subtypes, such as traumatic versus spontaneous
hemorrhage, would enhance their specificity and sensitivity.

External wvalidation using independent multi-center
cohorts is also essential to confirm the robustness of Al pre-
dictions and facilitate their integration into routine clinical
practice. Ensuring that these models generalize well across
diverse patient populations will be crucial for translating
Al advancements into tangible clinical outcomes, enabling
timely and personalized interventions in ICH management.

Conclusion

This study highlights the potential of Al models, particularly
ML and DL, in predicting HE in ICH. The pooled sensitivity
(0.82), specificity (0.83), and AUC (0.89) indicate a poten-
tially useful diagnostic performance; however, the high
heterogeneity across studies limits the robustness of these
findings. Subgroup analysis suggested better outcomes in
predicting spontaneous ICH compared to traumatic ICH.
While the results are encouraging, variability in imaging
protocols and feature extraction methods restricts gener-
alizability. Therefore, standardized imaging protocols and
rigorous external validation are essential before Al-based
models can be reliably integrated into clinical practice.
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