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An end-to-end deep learning pipeline for
hematoma expansion prediction in
spontaneous intracerebral hemorrhage
based on non-contrast computed
tomography
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Fajin Lv3, Xianlei Yan5, Quan Liu5, Xiaoquan Xu8 , Zongqian Wu9 , Juan Peng3 & Min Wu1,2

Hematoma expansion (HE) is a critical therapeutic target in spontaneous intracerebral hemorrhage
(sICH), yet its reliable early identification remains challenging.Wedeveloped an automatedpipeline for
HE prediction using non-contrast computed tomography from 2020 patients across five centers. The
modular framework comprised automated segmentation, synthetic data augmentation, and Vision
Transformer (ViT)-based classification. High-quality hematoma masks were generated by the full-
scale U-Mamba model, identified as the optimal architecture through comprehensive benchmarking.
Two augmented training sets were constructed using synthetic HE images from the Diffusion-UKAN
model: UKAN-Balanced (HE: NHE = 1:1) and UKAN-Semibalanced (HE: NHE = 1:2). The ViT-1:2
classifier, trained on the UKAN-Semibalanced dataset, achieved a training set AUC of 0.815 and
demonstrated robust cross-institutional generalization with external validation AUCs of 0.793 and
0.781 on two independent datasets. These findings suggest that the proposed modular approach
provides apromising front-line tool for rapidHE risk stratification in acute care settings,with potentially
improving clinical decision-making in sICH management.

Hematoma expansion (HE) occurs in approximately 20-30% of patients
with spontaneous intracerebral hemorrhage (sICH) and is strongly asso-
ciated with early neurological deterioration, long-term disability, and
mortality1,2. Each additional 1mL increase in hematoma volume raises the
risk of death or functional dependency at 90 days by 5-7%3,4. Given its
profound impact on outcomes, HE is a critical therapeutic target for acute-
phase anti-expansion strategies5,6. Previous studies have shown that ultra-
early intensive blood pressure reduction significantly reduces hematoma
growth and improves clinical outcomes, underscoring the importance of

rapid intervention in sICH patients at high risk of HE7–9. However, most
expansions occur with 3-6 hours of symptom onset, leaving only a narrow
therapeutic window7,10. This temporal constraint highlights the urgent need
for reliable, accessible tools that accurately stratify risk and identify patients
most likely to benefit from anti-expansion therapies.

Non-contrast computed tomography (NCCT) remains the front-
line imaging modality for hematoma evaluation due to its broad
availability, rapid acquisition, and suitability for intensive care
settings11. Several predictors have been proposed, including NCCT-
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based radiological features, CT angiography (CTA) spot signs, and
various clinical variables12–14. Yet these markers have inherent limita-
tions: NCCT feature interpretation suffers from inter-observer varia-
bility, CTA is not routinely performed in the hyperacute phase, and
clinical variables alone provide limited discriminative power15–17.
Moreover, acquiring these variables in clinical practice is often time-
consuming, which to some extent hinders their utility in acute settings
requiring urgent decision-making18. Deep learning has emerged as a
promising approach for HE prediction19–22; however, its clinical trans-
lation remains constrained by the scarcity of high-quality medical
imaging data, and the relatively low incidence ofHE further compounds
this challenge23–25. Generative artificial intelligence offers a potential
solution26. By producing realistic synthetic images, generative models
can augment training data, reduce bias from class imbalance, and
enhance performance across diverse downstream tasks, including
classification, segmentation, and detection27. A recent study suggests
that integrating synthetic with real-world data enhances HE
prediction20, but the finding remains exploratory and requires rigorous
validation across diverse clinical settings. Another practical barrier is
that manual or semi-automated hematoma segmentation is labor-
intensive and impractical for real-world workflows28.While recent deep
learning approaches have automated segmentation and classification,
most were evaluated on limited external datasets with relatively few HE
cases21,22.

To address these challenges, we developed an end-to-end modular
deep learning pipeline for HE prediction in sICH patients. This framework
comprises three sequential components: automated segmentation for pre-
cise hematoma localization, synthetic data augmentation to alleviate class
imbalance, and a classification module for patient-level risk prediction. By
leveraging a large multicenter dataset, this approach aims to enable reliable

early identification of high-risk patients and facilitate timely, data-driven
decision-making in acute care settings.

Results
Study population and dataset construction
This multicenter retrospective study comprised 2020 patients with sICH
recruited from five tertiary medical centers (Fig. 1). The training dataset
incorporated 1103 patients from three centers (Centers 1, 2, and 3),
including 218 patients (19.8%) with HE and 885 (80.2%) with NHE. For
external validation, we utilized two independent cohorts: external validation
set 1 included 513patients fromCenter 4 (112HE, 21.8%; 401NHE, 78.2%),
while external validation set 2 consisted of 404 patients from Center 5 (81
HE, 20.0%; 323 NHE, 80.0%). All models were trained on the multicenter
training dataset and validated on two independent external validation
datasets. Detailed baseline characteristics across all cohorts are presented in
Table 1.

Performance of benchmarking and full-scale
segmentation model
The performance of four advanced 3D segmentation architectures (U-
Mamba, nnU-Net, nnFormer, andUNETR++) was benchmarked using a
preliminary dataset of 1000 NCCT images (Fig. 2). As illustrated in Fig.
3A–C, U-Mamba consistently achieved the best segmentation accuracy,
with the highest average Dice score of 0.937 and Intersection over Union
(IoU)of 0.934.Meanwhile,U-Mambaalsodisplayed faster convergence and
more stable loss curves. Additionally, U-Mamba showed superior robust-
ness in handling imaging artifacts, and accurately identified hematomas
with complex shapes, ill-defined boundaries, substantial intralesional den-
sity variation, and intraventricular hemorrhage, thereby highlighting its
strong generalization capability in challenging clinical scenarios (Fig. 3D).

Fig. 1 | Flowchart of patient recruitment. sICH Spontaneous intracerebral hemorrhage, NCCT non-contrast CT, HE hematoma expansion, NHE non-hematoma
expansion.
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Based on these comprehensive evaluations, U-Mamba was identified
as the optimal segmentation architecture and subsequently retrained on the
full training dataset comprising 2206NCCT scans. The full-scaleU-Mamba
model exhibited excellent generalization and robustness across all datasets
(Fig. 4A, B). Segmentation accuracy remained consistently high with Dice
scores of 0.983 (training), 0.980 (external validation set 1), and 0.982
(external validation set 2), with corresponding IoU values of 0.968, 0.963,
and 0.965, respectively. Visual analysis revealed accurate delineation across
diverse hematoma presentations and anatomical distributions (Fig. 4C).

Quantitative and qualitative evaluation of synthetic data
augmentation
To mitigate original training dataset class imbalance, which comprised 654
HE and 2655 NHE images (HE: NHE ≈ 1:4), two augmented datasets were
constructedusingDiffusion-UKANsyntheticHE images: UKAN-Balanced
(1:1 ratiowith 654 realHE, 2001 syntheticHE, 2655 realNHE) andUKAN-
Semibalanced (1:2 ratiowith 654 realHE, 674 syntheticHE, 2655 realNHE).
The capability of the Diffusion-UKAN model was comprehensively asses-
sed using both quantitativemetrics and qualitative expert visual assessment.
As shown in Fig. 5A, the training loss of the model steadily decreased over
1000 epochs, indicating effective convergence and stable learning. The
Fréchet Inception Distance (FID), measuring distributional similarity
between synthetic and real images, was 36.856 for UKAN-Balanced and
38.744 for UKAN-Semibalanced datasets (Fig. 5B). Similarly, the Inception
Score (IS), assessing image quality and diversity, was 1.961 for UKAN-
Balanced and 1.998 for UKAN-Semibalanced datasets, closely approx-
imating the benchmark IS of 2.137 computed from the original Real-
Imbalanced training set, suggesting adequate diversity in the generated
images.

Expert radiological evaluation further confirmed the clinical authen-
ticity of synthetic images. No significant difference was observed between
real and synthetic HE in overall image quality (3.54 ± 0.60 vs. 3.41 ± 0.78,
p = 0.156) or hematoma/structural feature authenticity (3.31 ± 0.65 vs.
3.15 ± 0.93, p = 0.207), with 87% and 74% of synthetic images scoring ≥3 in
each dimension, respectively. Inter-rater agreement was good to excellent
(ICC = 0.775 and0.814) (Table 2). Fig. 5C illustrates this quality distribution
with representative examples. The high-quality synthetic images (Likert
scores ≥ 3 in both dimensions) closely resembled real HE images with
diverse hematoma morphologies and realistic radiological textures. In
contrast, low-quality synthetic images (scores ≤ 2) displayed distinctive
artifacts readily identified by radiologists, including abnormal color dis-
tortions with yellowish tints inconsistent with standard CT grayscale pre-
sentation, unrealistic hematomamorphology anddensity patterns deviating
from clinical expectations, and anatomical distortions in surrounding tissue

Table 1 | Baseline demographic and clinical characteristics in
training and external validation sets

Clinical
characteristics

Training
set (n = 1103)

External
validation set
1 (n = 513)

External
validation set
2 (n = 404)

p-
value

Sex, n(%) 0.407a

Male 783 (71.0%) 371 (72.3%) 276 (68.3%)

Female 320 (29.0%) 142 (27.7%) 128 (31.7%)

Age (years,
Mean ± SD)

60.08 ± 13.36 59.91 ± 13.69 60.75 ± 13.98 0.611b

Hematoma expansion, n(%) 0.621a

Yes 218 (19.8%) 112 (21.8%) 81 (20.0%)

No 885 (80.2%) 401 (78.2%) 323(80.0%)

Baseline volume
[mL,
Median (IQR)]

20.36 (21.95) 19.75 (21.65) 20.06 (21.53) 0.820c

Follow-up
volume [mL,
Median (IQR)]

22.70 (26.15) 22.59 (26.95) 22.84 (27.15) 0.800c

Continuous variables are presented as mean ± SD or median (interquartile range), categorical
variables are presented as frequencies (n) and percentages (%); aAnalyzed by chi-square test;
bAnalyzed by one-way ANOVA test; cAnalyzed by Kruskal-Wallis test.

Fig. 2 | Study workflow. The modular pipeline comprises three sequential stages:
automated hematoma segmentation, synthetic minority data augmentation, and
automated hematoma classification. Stage 1: Four state-of-the-art 3D segmentation
networks (U-Mamba, nnU-Net, nnFormer, andUNETR++) were benchmarked on
a preliminary dataset of 1000 NCCT scans (baseline and follow-up) from 500 sICH
patients randomly selected from the full training cohort of 1,103 patients. The best-
performingmodel (U-Mamba)was then trained on all 2206 scans from the complete
training cohort to generate high-quality hematoma masks. Stage 2: Synthetic

minority data augmentation employed Diffusion-UKAN to generate high-fidelity
synthetic HE images, yielding two augmented training sets: UKAN-Balanced (HE:
NHE = 1:1) and UKAN-Semibalanced (HE: NHE = 1:2). Stage 3: Automated clas-
sification used a Vision Transformer trained on three consecutive slices centered on
maximum hematoma area (Max−1, Max, Max+1). Patient-level predictions were
obtained by averaging slice-level probabilities, with Grad-CAM providing visual
interpretation of discriminative regions. ROI, region of interest; HE, hematoma
expansion; NHE, non-hematoma expansion.
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Fig. 3 | Benchmarking of four 3D hematoma segmentation models. A Training
curves showing pseudo-Dice (dashed lines) and exponential moving average (EMA)
pseudo-Dice (solid lines) over 500 epochs for U-Mamba, nnU-Net, nnFormer, and
UNETR++. B Training and validation loss curves over epochs for the four

architectures. C Comparison of Dice coefficient and Intersection over Union (IoU)
values across models on the preliminary benchmarking dataset. D Representative
segmentation outputs from each model compared with ground truth annotations.

Fig. 4 | Full-scale training and evaluation of the U-Mamba segmentation model.
A Training and validation loss curves alongside pseudo-Dice and exponential
moving average (EMA) pseudo-Dice metrics over 500 epochs during full-scale
training on 2206 scans. BDice coefficient and Intersection over Union (IoU) values

achieved on the training set and two external validation sets. C Representative
segmentation results from the full-scale U-Mamba model, showing input images,
ground truth annotations, andmodel predictions with corresponding Dice and IoU
scores for each case.
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structures. Despite these identifiable artifacts in a minority of cases, only
24% of synthetic images were correctly identified in a binary classification
task (Fleiss’ κ = 0.735). These findings demonstrate that Diffusion-UKAN
predominantly generates high-quality, clinically realisticHE images that are
largely indistinguishable from real cases by expert observers.

Patient-level classification performance and interpretability of
vision transformer (ViT)
The patient-level classification efficacy of the threeViT-basedmodels (ViT-
1:1, ViT-1:2, and ViT-1:4) for HE prediction is shown in Fig. 6A–G and
Table 3. The ViT-1:2 model, trained on the UKAN-Semibalanced dataset,

achieved the best performance across the training and validation sets. In the
training set, ViT-1:2 reached an AUC of 0.815 (95% CI: 0.790–0.841). This
superior performance was maintained in both external validation sets. In
external validation set 1, ViT-1:2 obtained an AUC of 0.793 (95% CI:
0.750–0.837), which was significantly higher than ViT-1:1 (AUC= 0.752,
95% CI: 0.701–0.806; ΔAUC= 0.041, p < 0.001, DeLong test) and ViT-1:4
(AUC = 0.714, 95% CI: 0.661–0.770; ΔAUC= 0.079, p < 0.001). Similar
results were observed in external validation set 2, where ViT-1:2 (AUC=
0.781, 95% CI: 0.733–0.827) significantly outperformed ViT-1:1 (AUC=
0.738, 95% CI: 0.681–0.792; ΔAUC= 0.043, p = 0.004) and ViT-1:4
(AUC = 0.728, 95% CI: 0.667–0.783; ΔAUC= 0.053, p < 0.001).

Fig. 5 | Evaluation of Diffusion-UKAN synthetic data augmentation. A Training
loss curve with smoothed trend (window size = 10) over 1000 epochs for the
Diffusion-UKAN model. B Fréchet Inception Distance (FID) and Inception Score
(IS) values for UKAN-Balanced (1:1), UKAN-Semibalanced (1:2), and Real-
Imbalanced (1:4) datasets. C Representative hemorrhage expansion CT images

stratified by expert radiological assessment. Images were evaluated by three inde-
pendent radiologists using a standardized 5-point Likert scale across two dimen-
sions: overall image quality and hematoma/surrounding structure feature
authenticity.

Table 2 | Comparative quality assessment of real and synthetic hemorrhage expansion CT images

Items Real images Synthetic images p-value

Overall image quality

Mean ± SD (aggregated 3 readers) 3.54 ± 0.60 3.41 ± 0.78 0.156a

Score ≥3, n(%) 300(100.0%) 261(87.0%)

Score ≤2, n(%) 0(0.0%) 39(13.0%)

Inter-rater agreement (ICC[2,1]) 0.775

Hematoma and surrounding structure feature authenticity

Mean ± SD (aggregated 3 readers) 3.31 ± 0.65 3.15 ± 0.93 0.207a

Score ≥3, n(%) 275(91.7%) 222(74.0%)

Score ≤2, n(%) 25(8.3%) 78(26.0%)

Inter-rater agreement (ICC[2,1]) 0.814

Binary classification

Correctly identified, n(%) 93(93.0%) 24(24.0%)

Inter-rater agreement (Fleiss’ Kappa) 0.719
aLikert scores (1–5) compared between groups using the Mann–Whitney U test; Inter-rater reliability for Likert scores is ICC(2,1): two-way random-effects, absolute agreement; Binary classification
agreement is Fleiss’ Kappa, correctly identified (%) is based on majority vote (≥2/3).
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Regarding model interpretability, the Gradient-weighted Class Acti-
vation Mapping (Grad-CAM) heatmaps from the optimal ViT-1:2 model
clearly highlighted attention regions highly relevant to hematoma classifi-
cation in both HE and NHE cases. Notably, the high-importance regions
(shown in red) substantially overlapped with the actual hematoma loca-
tions, while activation intensities were relatively low in the perilesional
regions. This anatomical precision demonstrates that the model learned to
focus on clinically relevant regions for HE prediction, thereby further
validating the model’s effectiveness (Fig. 6H).

Discussion
In this study, we developed and validated an end-to-end automated deep
learningpipeline for predictingHE in sICHpatients using admissionNCCT
images. A noteworthy feature of the framework is its modular processing
structure, including automated hematoma segmentation, diffusion-based
synthetic minority data augmentation, and ViT-based classification. Spe-
cifically, the benchmark-identified full-scale U-Mamba segmentation net-
work generated high-quality hematoma masks. The Diffusion-UKAN
model generated diverse and highly realistic synthetic HE images, which
were used to construct two augmented training sets: UKAN-Balanced and
UKAN-Semibalanced, thereby enhancing the performance of downstream
analysis. The optimal ViT classifier, trained on the UKAN-Semibalanced
dataset with an HE: NHE ratio of 1:2, demonstrated robust generalization
capability, achieving AUCs of 0.793 and 0.781 on external validation sets 1
and 2, respectively. Overall, this deep learning pipeline represents a

promising clinical tool capable of rapidly and accurately identifying sICH
patients at high risk of HE, thus potentially facilitating early and precise
clinical decision-making in acute intensive care settings.

As artificial intelligence gains momentum in hemorrhagic stroke
research, an increasing number of studies have shown that deep learning-
based methods using NCCT imaging yield encouraging results in hema-
toma segmentation, medical image synthesis, and risk stratification for
HE20–22,28–30. Yu et al.29 attained expert-level accuracy in hematoma seg-
mentation and volume estimation using a 2D CT slice-based DR-UNet
model. Similarly, Ironside et al.28 developed an automated CNNmodel that
reached high segmentation accuracy (Dice ≈ 0.90), strong volumetric cor-
relation (R²≈ 0.98), andmarkedly improved efficiency compared tomanual
and semiautomated approaches. Despite these advances, the clinical utility
of these studies remains limited, as they solely focus on volumetric analysis
without extending these approaches to downstream tasks such as hema-
toma risk stratification and outcome prediction. Tran et al.21 proposed a
fully automated, uncertainty-aware deep learning model to predict supra-
tentorial HE from admission NCCT images in a multicenter cohort of 793
patients, achieving an AUC of 0.81 for HE ≥ 6mL with high-confidence
predictions. However, the limited number of positive cases in the test set
(n = 26) may compromise statistical power and generalizability. A similar
limitation was observed in another multicenter study, where despite pro-
spective validation strengthening clinical translatability, only 65of 500 sICH
patients in the test set experiencedHE22. Furthermore, in Tran et al.’s study,
a pronounced class imbalance (104HEversus 530NHEcases)was observed

Fig. 6 | Performance comparison of threeViT classifiers for hematoma expansion
prediction. A–F ROC curves and corresponding performance metrics (AUC,
accuracy, sensitivity, specificity, PPV, and NPV) for ViT-1:1, ViT-1:2, and ViT-1:4
models on the training set (A, B), external validation set 1 (C, D), and external
validation set 2 (E, F). G Confusion matrices of ViT-1:1, ViT-1:2, and ViT-1:4

models on both external validation sets. H Grad-CAM visualizations from the
optimal ViT-1:2 model showing representative HE cases and NHE cases, with red
regions indicating high importance for classification decisions. ViT-1:1: trained on
the UKAN-balanced dataset (1:1); ViT-1:2: trained on the UKAN-semibalanced
dataset (1:2); ViT-1:4: trained on the original real-imbalanced dataset (1:4).

https://doi.org/10.1038/s41746-025-02213-w Article

npj Digital Medicine |            (2026) 9:39 6

www.nature.com/npjdigitalmed


in the training/cross-validation set, potentially biasing the model toward
non-expansion predictions and limiting real-world performance31. To
explore potential mitigation strategies, Yalcin et al.20 investigated the utility
of synthetic image augmentation by incorporating five generated variants
per original NCCT image during training. This approach significantly
improved HE prediction performance, increasing sensitivity from 0.51 to
0.77 and F1-score from0.53 to 0.82. Nevertheless, the synthetic imageswere
generated from a limited single-center cohort of 122 patients with only 35
HEcases, raising concerns aboutpotential overfitting and limiteddiversity32.

This studypresents amodular deep learningpipeline for predictingHE
in sICH patients using baseline NCCT, comprising automated segmenta-
tion, synthetic data augmentation, and classification components. We
validated its robustness and generalizability acrossmulticenter cohorts. The
modular design enables the use of task-specific networks suited to each
component’s characteristics33. For automated hematoma segmentation,
U-Mamba emerged as the optimal model after benchmarking against three
advanced 3D architectures (nnU-Net, nnFormer, and UNETR++),
achieving superior boundary accuracy and regional consistency. This per-
formance is primarily attributed to its hybrid architecture, which integrates
convolutional neural networks with structured state spacemodels to enable
effectivemulti-scale local feature extractionwhile efficientlymodeling long-
range dependencies34. To alleviate the scarcity of HE samples in the training
set, we implemented a generative augmentation strategy based on Diffu-
sion-U-KAN, which is capable of synthesizing strong anatomical realism
and visual plausibility under data-constrained conditions35. By incorpor-
ating synthetic HE samples, we constructed augmented datasets with
optimized class distributions, including both fully balanced and semi-
balanced training cohorts. These synthetic images exhibited robust diversity
while maintaining high fidelity to real images, as reflected in favorable FID
and IS metrics. Moreover, expert radiological assessment provided inde-
pendent validation of their clinical authenticity, with experienced radi-
ologists unable to reliably distinguish synthetic from real images.
Importantly, the augmentation strategy yielded significant downstream
benefits. The ViT-1:2 model, trained on a semi-balanced training set (HE:
NHE = 1:2) augmented by Diffusion-UKAN, outperformed ViT classifiers
trained on both fully balanced and original real-imbalanced datasets. Grad-
CAM interpretability analyses further validated the effectiveness of theViT-
1:2 model. The spatial distribution of attention weights demonstrated pre-
cise anatomical correspondence with hematoma regions, indicating the
model’s capability to prioritize intrinsic hematoma heterogeneity. Notably,
despite being trained with fewer synthetic HE samples than the fully
balanced ViT-1:1 model, ViT-1:2 achieved superior performance across
external validation cohorts. Similar observations have been reported in
previous studies20,26. These results suggest that a semi-balanced training
strategy may offer a more favorable trade-off between class representation
and data realism.

There are several limitations to our study. First, although the model
demonstrated strong generalizability across two external validation cohorts,
prospective evaluation in real-world emergency settings is warranted to
support broader clinical adoption. Second, the expert visual evaluation has
inherent limitations. Reviewers’ awareness of participating in a synthetic
image evaluation task may have induced heightened scrutiny beyond rou-
tine clinical practice. Additionally, imageswere assessed in isolationwithout
accompanying clinical context, which diverges from real-world diagnostic
conditions. Nevertheless, the consistently high-quality scores and low cor-
rect identification rate of synthetic images provide compelling evidence for
their clinical authenticity. Third, the retrospective design of this study
limited the ability to systematically evaluate the relationship between HE
prediction and clinical outcomes, such as 90-day modified Rankin Scale
(mRS) scores and mortality. Future prospective studies incorporating
longitudinal follow-up data are needed to rigorously assess the prognostic
value of the deep learning model and further enhance its clinical applic-
ability. Finally, while this analysis intentionally focused on baseline NCCT
images alone to ensure practical applicability in acute settings, future studies
could explore whether combining our automated approach with readilyT
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available clinical parametersmight offer additional prognostic valuewithout
compromising efficiency.

Inconclusion,ourmodularpipelinedemonstrates robustperformance in
automated hematoma segmentation, syntheticHE image generation, and risk
stratification for sICHpatients. The results underscore the advantages of task-
specific module optimization within an integrated framework. This approach
offers a practical solution for HE prediction in acute care settings, with the
potential to improve triage decisions and personalize treatment strategies.

Methods
Patient cohort and image acquisition
This retrospective studywas approved by the institutional review boards of all
participating centers, withwaiver of informed consent. Inclusion criteriawere:
(1) spontaneous intracerebral hemorrhage; (2) availability of complete clinical
and imaging data; (3) age ≥18 years; and (4) baseline NCCT obtained within
24 hoursof symptomonsetwith follow-upNCCTperformedwithin72 hours.
Exclusion criteriawere: (1) poor imagequality; (2) surgical interventionbefore
follow-up imaging; (3) primary intraventricular hemorrhage; (4) baseline or
follow-up NCCT with slice thickness >5mm; and (5) baseline hematoma
involving fewer than 3 contiguous axial slices. HE was defined as absolute
hematoma volume growth >6mL and/or relative hematoma volume growth
>33% between baseline and follow-up CT scans12,15,36,37.

Baseline and follow-up NCCT scans were acquired at participating
institutions using local acquisition protocols, detailed in Supplementary
Table S1. All NCCT images were resampled to uniform voxel spacing (0.5 ×
0.5 × 5mm³) using linear interpolation to ensure standardized spatial
resolution for subsequent analysis.

Automated hematoma segmentation
Automated hematoma segmentation was performed through two sequen-
tial steps. (1) Step 1: Segmentation model benchmarking. We conducted
benchmarking experiments to compare four state-of-the-art 3D segmen-
tation architectures: U-Mamba, nnU-Net, nnFormer, and UNETR++.
This benchmarking utilized a preliminary dataset comprising 1000 NCCT
scans (baseline and follow-up) from 500 sICH patients randomly selected
from the full training cohort of 1103 patients. The dataset was partitioned
into training and validation subsets (4:1 ratio) exclusively for benchmarking
purposes. Manual segmentation masks were delineated by a neuroradiol-
ogist with 6 years of experience using ITK-SNAP 3.8.0. Segmentation effi-
cacy was evaluated usingDice score and IoUmetrics to identify the optimal
architecture. (2) Step 2: Full-scale model training and validation. The best-
performing architecture from Step 1 was subsequently trained on the
complete dataset, incorporating 2206 NCCT images (baseline and follow-
up) from all 1103 patients in the training cohort. Initial segmentationmasks
were generated through automatic inference using the Step 1 model, then
manually refined to ensure accurate3Dhematomaannotations for full-scale
training. Followingmodel training, segmentation accuracywas validated on
three independent datasets to assess accuracy and robustness. The high-
quality segmentation masks generated by the full-scale model were utilized
to support downstream tasks, including synthetic data augmentation and
patient-level classification.

All segmentation models were trained using identical hyperpara-
meters. We used Stochastic Gradient Descent (SGD) as the optimizer with
an initial learning rate of 0.001, Nesterov momentum of 0.99, and weight
decay of 3 × 10⁻⁵. The loss function combined Dice loss and cross-entropy
loss.Models were trained for 500 epochs with a batch size of 2. For intensity
normalization, CT voxel intensities were clipped to the 0.5–99.5 percentile
range to remove outliers, followed by z-score normalization using global
mean and standard deviation.

Segmentation-based hematoma volume calculation
Volumetric analysis was performed using 3D NCCT images and their
corresponding binary masks, which were manually refined from the initial
outputs of the full-scale segmentation model to ensure accurate hematoma
delineation. Final masks were converted to closed triangular surfaces using

the Marching Cubes algorithm implemented in PyRadiomics (https://
pyradiomics.readthedocs.io/en/latest), and mesh volumes were calculated
using the following formula38:

Vmesh ¼
1
6

X

T

detðp1; p2; p3Þ ð1Þ

where p₁, p₂, and p₃ are the three vertex coordinates of each triangular faceT,
and the determinant represents the signed volume of the tetrahedron
formed by the triangle and the origin.

Diffusion-based synthetic minority data augmentation
The initial dataset was constructed by cropping 2D rectangular regions of
interest (ROI) fromthreeconsecutive axialNCCTslices for eachhematoma,
guided by automatically generated 3D segmentation masks. The selected
slices comprised the slice with maximum hematoma area (Max) and its
immediately adjacent superior (Max+1) and inferior (Max-1) slices.During
cropping, images were standardized using a fixed window level of 40 HU
and window width of 80 HU with linear intensity transformation. This
process yielded an imbalanced training dataset of 654 HE and 2,655 NHE
images (HE: NHE ≈ 1:4). To mitigate this class imbalance, we utilized
Diffusion-UKAN, a generative model that learns the distribution of HE
cases through iterative denoising of Gaussian noise via forward and reverse
diffusion processes35, to generate synthetic HE images. The model was
trained exclusively on HE samples from the training set to ensure high-
fidelity synthetic generation of the minority class only. Two augmented
training cohorts were subsequently constructed by combining the original
real images with synthetic HE images: the UKAN-Balanced (HE: NHE =
1:1) and UKAN-Semibalanced (HE: NHE = 1:2) training sets. These aug-
mented datasets were used to train downstream classifiers, aiming to
improve model robustness and reduce bias from class imbalance.

The Diffusion-UKAN model used 1000 denoising steps with a linear
noise schedule (β₁ = 1 × 10⁻⁴, β₂ = 0.02). Training images were resized to
256 × 256 pixels for unconditional generation. The model was trained for
1000 epochs using theAdamoptimizerwith a learning rate of 1 × 10⁻⁴, batch
size of 32, and cosine annealing schedule. Synthetic image quality was
evaluated using FID and IS39,40. The FID measures the similarity between
feature distributions of real and synthetic images, with lower values indi-
cating higherfidelity. Letμr ,Σr andμs,Σs denote the empiricalmean vectors
and covariance matrices of real and synthetic image features, respectively,
extracted by a pretrained Inception network.

FID ¼ kμr � μsk2 þ TrðΣr þ Σs � 2ðΣrΣsÞ
1
2Þ ð2Þ

where Tr denotesmatrix trace and ðΣrΣsÞ1=2 represents the principalmatrix
square root.

The IS assesses both image quality and diversity through classification
confidence, with higher scores indicating better quality. A pretrained
Inception network classifies generated images to obtain a conditional label
distribution pðyjxÞ. High-quality images yield confident (low entropy)
predictions, while a diverse set produces a high entropy marginal dis-
tribution pðyÞ.

IS ¼ expðEx½DKLðpðyjxÞ k pðyÞÞ�Þ ð3Þ

where DKL is the Kullback-Leibler divergence measuring the difference
between pðyjxÞ and pðyÞ, and pðyÞ is the marginal class distribution of the

generated dataset, defined as: pðyÞ ¼ 1
N

PN

i¼1
pðyjxiÞ.

To further validate the clinical authenticity of synthetic images, we
conducted a comprehensive expert evaluation study.We randomly selected
100 real HE maximum-slice CT images from the original training set and
100 synthetic HE images from the UKAN-Semibalanced augmented
training set (HE: NHE = 1: 2). All images were anonymized and randomly
coded to ensure unbiased evaluation. Three senior radiologists from
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differentmedical centers, eachwith over 5 years of neuroimaging diagnostic
experience, served as independent reviewers. The evaluation employed a
standardized 5-point Likert scale assessing two critical dimensions: (1)
overall image quality, evaluating image clarity, noise, and artifacts; (2)
hematoma/surrounding structure feature authenticity, assessing the clinical
plausibility of morphological and density features of both hematoma and
surrounding structures. Detailed scoring criteria are provided in Supple-
mentary Table S2. Additionally, reviewers performed binary classification
(real or synthetic) for each image. Correctly identified (%) is based on
majority vote (≥2/3), meaning that for each image, the final label was
determined as the category selected by at least two out of three independent
reviewers. To ensure consistency in evaluation criteria, all reviewers
underwent standardized training before the formal assessment.

ViT-based patient-level hematoma classification
A patient-level automated classification framework was developed using
VisionTransformer (ViT) to predictHE. For eachpatient, three consecutive
axial 2D rectangular ROI were extracted from NCCT slices based on
automated segmentation masks: the slice with maximum hematoma area
(Max) and its immediately adjacent superior (Max+1) and inferior (Max-1)
slices. Each slice, treatedas an independent training sample,wasdivided into
non-overlapping patches that were subsequently flattened and linearly
projected into embedding vectors. These embeddings were augmentedwith
positional and aggregation embeddings to preserve spatial context and
facilitate global feature extraction41. All embedded tokens were processed
through a standard transformer encoder, enabling the model to capture
complex spatial and semantic relationships across the input slice. The
resulting representations were passed through amultilayer perceptron head
to generate a classification probability for each input slice. The final patient-
level prediction was obtained by averaging the predicted probabilities of the
three slices. In addition, to further identify the optimal classification model
and validate the effectiveness of diffusion-based synthetic augmentation, we
compared the predictive performance of three ViT models trained on
datasets with different class ratios: ViT-1:1 trained on the UKAN-balanced
dataset (1:1), ViT-1:2 trained on theUKAN-semibalanced dataset (1:2), and
ViT-1:4 trained on the original real-imbalanced dataset (1:4).

The classification models were trained for 100 epochs using the Adam
optimizer with a cosine annealing learning rate schedule that decayed from
2 × 10⁻⁴ to 1 × 10⁻⁴, and batch size of 256. Input images were resized to 224 ×
224 pixels and models were initialized with ImageNet pretrained weights.
Performance was evaluated on independent validation cohorts using AUC,
accuracy, sensitivity, specificity, positive predictive value (PPV), and negative
predictive value (NPV). To enhance model interpretability, Grad-CAM was
applied to visualize discriminative regions contributing to model
predictions42.TheLayerNormlayer fromthefinal transformerblock servedas
the target layer, with token embeddings reshaped into spatial featuremaps for
Grad-CAM compatibility. The resulting heatmaps highlighted regions most
relevant toHE classification, facilitating clinical interpretation and validation.

Statistical analysis
Statistical analyses were conducted using MedCalc 20.009 and Python 3.9.
Normally distributed continuous variables were expressed as mean ±
standard deviation and compared across cohorts using one-way ANOVA.
Non-normally distributed continuous variables were presented as median
(interquartile range) and analyzed using theKruskal-Wallis test. Categorical
variables were reported as frequencies (percentages) and compared using
the chi-square test. Differences in AUC values between models were
quantified as ΔAUC and tested for statistical significance using the DeLong
test. In the expert radiological evaluation, differences in Likert scale scores
between real and synthetic images were assessed using the Mann–Whitney
U test. Inter-rater reliability of Likert ratings was quantified using the
intraclass correlation coefficient [ICC(2,1), two-way random-effectsmodel,
absolute agreement]. Binary classification results were determined accord-
ing to the majority principle (≥2/3 reviewers in agreement), and inter-rater
consistency for classificationwas evaluatedusing Fleiss’Kappa. A two-sided

p-value < 0.05 was considered statistically significant. All deep learning
models were implemented in Python using the PyTorch framework and
trained on an NVIDIA A100 GPU (40 GB) running Ubuntu.

Data availability
The datasets analyzed in this study are available from the corresponding
author upon reasonable request.

Code availability
The source code for this model is openly accessible via GitHub (https://
github.com/DeepMedX/sICH_HE) under a non-commercial research
license, permitting use exclusively for academic and scientific purposes.
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