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Prediction of functional outcomes in
aneurysmal subarachnoid hemorrhage
using pre-/postoperative noncontrast CT

within 3 days of admission
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Aneurysmal subarachnoid hemorrhage (aSAH) is a life-threatening condition, and accurate prediction
of functional outcomes is critical for optimizing patient management within the initial 3 days of
presentation. However, existing clinical scoring systems and imaging assessments do not fully
capture clinical variability in predicting outcomes. We developed a deep learning model integrating
pre- and postoperative noncontrast CT (NCCT) imaging with clinical data to predict 3-month modified
Rankin Scale (mRS) scores in aSAH patients. Using data from 1850 patients across four hospitals, we
constructed and validated five models: preoperative, postoperative, stacking imaging, clinical, and
fusion models. The fusion model significantly outperformed the others (all p<0.001), achieving a mean

absolute error of 0.79 and an area under the curve of 0.92 in the external test. These findings
demonstrate that this integrated deep learning model enables accurate prediction of 3-month
outcomes and may serve as a prognostic support tool early in aSAH care.

Aneurysmal subarachnoid hemorrhage (aSAH) is a life-threatening subtype
of hemorrhagic stroke, with approximately one-third of survivors experi-
encing substantial disability'. Functional outcomes are primarily influenced
by early brain injury and in-hospital complications, including delayed
cerebral ischemia (DCI) and chronic hydrocephalus (CH)>’. Given that
functional outcomes after aSAH are influenced by early brain injury and
complications, accurate prediction of functional outcomes within the initial
3 days of presentation is crucial in clinical settings. It supports efficient
allocation of medical resources, enables timely therapeutic interventions,
and aids decisions regarding ICU monitoring, timing of rehabilitation, and
prognosis discussions with patients and families.

Owing to their immediate availability, previous studies have pre-
dominantly employed clinical scoring systems—such as the World Fed-
eration of Neurological Surgeons (WEFNS) scale’, the Hunt-Hess score’, and
the modified Fisher scale (mFS)°—to estimate 3-month outcomes using the
modified Rankin Scale (mRS)’. However, these tools are limited by their
inherent subjectivity and frequently fail to capture the complex interactions

between individual patient profiles and radiological findings®. Although
some investigations have explored machine learning models incorporating
clinical data and preoperative CT perfusion parameters, these approaches—
despite showing promise™'’—are hindered by limited accessibility, labor-
intensive post-processing, and inter-institutional variability, thereby con-
straining their applicability in routine practice.

Recent advances in deep learning (DL) have markedly improved the
analysis of radiological images, enhancing diagnostic accuracy across
multiple domains. DL models are capable of autonomously extracting
features from medical images, thereby minimizing human bias in feature
selection and uncovering latent patterns that may not be perceptible
through conventional visual interpretation, such as subtle indicators of
edema, hemorrhage distribution, or ventricular changes''. Noncontrast CT
(NCCT), the first-line imaging modality in both the acute and follow-up
phases of aSAH management, enables reliable identification of hemorrhage
severity, acute hydrocephalus, cerebral edema, and infarction pre-
operatively, and facilitates postoperative assessment of rebleeding,
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infarction, CH, and other complications. As such, NCCT is well-suited for
outcomes prediction through DL-based approaches'”. Furthermore, the
utility of NCCT has been validated in other neuroimaging applications, such
as stroke or traumatic brain injury prediction, reinforcing its relevance in
prognostic modeling'*".

Since clinical scores and periprocedural NCCT are essential for every
aSAH patient, obtaining this data is relatively convenient. Preoperative
imaging reflects the initial injury burden and is pivotal for treatment risk
assessment and planning, while postoperative imaging provides insight into
treatment effects and emerging complications. DL algorithms can con-
veniently and accurately extract this information from NCCT images.
However, to date, no study has developed a multimodal fusion model
integrating pre- and postoperative NCCT images with clinical data for
predicting mRS score in aSAH patients. Existing literature predominantly
focuses on clinical variables and either preoperative or postoperative ima-
ging features'”'*™"*, with limited efforts to integrate both. Therefore, this
study seeks to address this gap by leveraging multicenter datasets to inte-
grate clinical information with both preoperative and postoperative NCCT
scans, thereby developing DL models aimed at predicting functional out-
comes in patients with aSAH.

Results

Patients

A total of 3302 patients were initially enrolled. Following exclusions based
on medical record review (n=1236) and picture archiving and commu-
nication system evaluation (1 =216), 1850 patients remained eligible for
analysis (median age, 59 years; IQR: 51-68 years; 650 men). The cohort was
distributed across the following centers: First Affiliated Hospital of Wannan
Medical College (WN, n = 1178), First Affiliated Hospital of Anhui Medical
University (AH, n=244), Fuyang People’s Hospital (FY, n=225), and
Tongling People’s Hospital (TL, n = 203) (Fig. 1), and then these test cohorts
were also aggregated to form the Test-combined dataset (n = 672). There
were no statistically significant differences in baseline characteristics
between included and excluded patients at all centers (all p>0.05). A
summary of patient characteristics is provided in Tablel.

Model performance
The workflow for model construction is illustrated in Fig. 2. Model per-
formance metrics for the preoperative, postoperative, stacking imaging,

clinical, and fusion models are presented in Table 2 and Fig. 3, the confusion
matrices of all models across different test sets are presented in the Sup-
plementary Fig.1. (The details of model construction were described in the
Methods section). The fusion model demonstrated superior performance
across all validation sites (AH, FY, TL, and Test-combined), consistently
achieving area under the curve (AUC) values greater than 0.90. Specificity of
the fusion model was notably high at all centers, exceeding 90%, with the
highest observed at TL (93.5%). Sensitivity of the fusion model varied across
sites, with the highest values recorded at TL (84.1%). The mean absolute
error (MAE) of the fusion model remained consistently low across all
centers (range, 0.73-0.88). Comparative performance of the models on the
Test-combined set is illustrated in Fig.4. Among the fusion and two alter-
native fusion models, the main fusion model remained superior to the two
alternative models, with significantly lower MAE and higher AUC (all
P <0.05). The importance analysis of two alternative fusion models, together
with the comparisons of predictive performance among the main fusion
model and the two alternative fusion models, were detailed in Supple-
mentary Notel.

For the regression task, the objective was to predict the continuous
mRS score ranging from 0 to 6. The fusion model achieved the lowest MAE
on the Test-combined set, significantly outperforming all other models
(p <0.001). The stacking imaging model also demonstrated significantly
lower MAE values compared with both the preoperative and postoperative
models (p < 0.001).

For the classification task, the objective is to predict dichotomized
functional outcomes as either good (mRS <2) or poor (mRS >2). The fusion
model attained the highest AUC on the Test-combined set, significantly
outperforming all other models (p <0.001). The stacking imaging model
also achieved a significantly higher AUC value than the preoperative and
postoperative models (p < 0.01). The performance using mRS>3 as the poor
functional outcome sees in Supplementary Tablel, which yielded compar-
able performance to the model based on mRS >2.

In the Test-combined set, the fusion model significantly outperformed
the WENS score, Hunt-Hess score, and mFS in terms of both regression and
classification tasks. Details are provided in Supplementary Note2.

Subgroup analysis of DCl and CH
In the subgroup analysis, we evaluated the performance of all models across
different patient populations. Details are shown in Supplementary Fig.2.

Fig. 1 | Flowchart of patient selection. DCI delayed
cerebral ischemia, CH chronic hydrocephalus,
PACS picture archiving and communication sys-
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Table 1| Patient characteristics, complications, and outcomes
across hospital cohorts

Variable WN (n=1178)  AH (n=244) FY (n =225) TL (n=203)
Age, years 59 (51-67) 58 (49-68) 61 (52-70) 60 (52-68)
Male 404 (34.30) 91 (37.30) 82 (36.44) 73 (35.96)
GCS score 15 (13-15) 15 (11-15) 15 (12-15) 15 (12-15)
WFNS score

1 706 (59.93) 135 (55.33) 137 (60.89) 115 (56.65)
2 159 (13.50) 22(9.02) 24 (10.67) 26 (12.81)
3 61(5.18) 8(3.28) 8(8.00) 27 (13.30)
4 170 (14.43) 61 (25.00) 35 (15.56) 8(8.87)
5 82 (6.96) 18 (7.38) 11 (4.89) 7(8.37)
Hunt-Hess score

1 283 (24.02) 63 (25.82) 82 (36.44) 66 (32.51)
2 495 (42.02) 86 (35.25) 69 (30.67) 66 (32.51)
3 250 (21.22) 53 (21.72) 7 (16.44) 0(19.70)
4 129 (10.95) 38 (15.57) 34 (15.11) 27 (13.30)
5 21(1.78) 4(1.64) 3(1.33) 4(1.97)
mFS score

1 310 (26.32) 58 (23.77) 64 (28.44) 67 (33.00)
2 298 (25.30) 54 (22.13) 40(17.78) 27 (13.30)
3 131 (11.12) 51 (20.90) 40 (17.78) 31(15.27)
4 439 (37.27) 81 (33.20) 81 (36.00) 78 (38.42)
SEBES

0 303 (25.72) 46 (18.85) 49 (21.78) 47 (23.15)
1 190 (16.13) 28 (11.48) 16 (7.11) 2 (10.84)
2 349 (29.63) 65 (26.64) 52 (23.11) 40 (19.70)
3 118 (10.02) 30 (12.30) 36 (16.00) 8(8.87)
4 218 (18.51) 75 (30.74) 72 (32.00) 76 (37.44)
Treatment

Clipping 51 (4.33) 18 (7.38) 11 (4.89) 8(3.94)
Coiling 1127 (95.67) 226 (92.62) 214 (95.11) 195 (96.06)
Acute 375 (31.83) 61 (25.00) 71 (31.56) 68 (33.50)
hydrocephalus

Posterior 189 (16.04) 48 (19.67) 52 (23.11) 46 (22.66)
circulation

Size, mm 5 (4-6) 5 (3-6) 5 (4-5) 5 (4-7)
Hypertension 602 (51.10) 125 (51.23) 118 (52.44) 82 (40.39)
ICH 238 (20.20) 45 (18.44) 57 (25.33) 55 (27.09)
DCI 296 (25.13) 71 (29.10) 66 (29.33) 62 (30.54)
CH 199 (16.89) 55 (22.54) 50 (22.22) 47 (23.15)
mRS score

0 638 (54.16) 121 (49.59) 98 (43.56) 91 (44.83)
1 111 (9.42) 20 (8.20) 8(8.00) 6(7.88)
2 102 (8.66) 21(8.61) 6 (11.56) 5(7.39)
3 101 (8.57) 31 (12.70) 35 (15.56) 18 (8.87)
4 89 (7.56) 21(8.61) 8(8.00) 5 (12.32)
5 98 (8.32) 19 (7.79) 6(7.11) 6 (12.81)
6 39 (3.31) 11 (4.51) 14 (6.22) 12 (5.91)

Baseline clinical and imaging characteristics, complications, and outcomes from WN, AH, FY, and
TL. Values are shown as median (interquartile range) for continuous variables and n (%) for
categorical variables.

GCS Glasgow Coma Scale, WFNS World Federation of Neurological Surgeons, mFS Modified
Fisher Scale, SEBES Subarachnoid Hemorrhage Early Brain Edema Score, ICH Intracerebral
Hematoma, DC/ Delayed Cerebral Ischemia, CH Chronic Hydrocephalus, mRS Modified
Rankin Scale, WN First Affiliated Hospital of Wannan Medical College, AH First Affiliated
Hospital of Anhui Medical University, FY Fuyang People’s Hospital, TL Tongling People’s
Hospital.

Among DCI subgroups, both the preoperative and postoperative
models demonstrated significantly superior regression performance in
patients with DCI compared with those without (MAE: 1.206 vs. 1.549,
P <0.001; 1.008 vs. 1.167, p = 0.021, respectively). In contrast, the clinical
and fusion models exhibited significantly poorer regression performance in
the DCI group (MAE: 1.298 vs. 0.876, p < 0.001; 0.958 vs. 0.714, p <0.001,
respectively). The stacking imaging model showed no significant difference
in regression performance between groups (MAE: 1.001 vs. 0.886,
p =0.134). Despite these differences, the fusion model consistently achieved
the lowest MAE across both DCI and non-DCI groups. With respect to
classification task performance, all five models maintained comparable
AUC values across DCI and non-DCI subgroups, with no statistically sig-
nificant differences observed in the functional outcomes’ prediction
(all p>0.05).

Within CH subgroups, the preoperative model yielded significantly
better regression performance in patients with CH relative to those without
(MAE: 1.262 vs. 1.502, p=0.004), whereas the postoperative model
demonstrated comparable regression performance across groups (MAE:
1.026 vs. 1.147, p =0.108). Conversely, the stacking imaging, clinical, and
fusion models exhibited significantly higher MAE values in the CH sub-
group (MAE: 1.074 vs. 0.875, p = 0.018; 1.535 vs. 0.845, p < 0.001; 1.025 vs.
0.716, p < 0.001, respectively). Nevertheless, the fusion model continued to
yield the lowest MAE in both CH and non-CH cohorts. Regarding classi-
fication task performance, all models demonstrated stable AUC values
across CH and non-CH subgroups (all p >0.05), with the fusion model
exhibiting the highest overall discriminative capacity.

Model interpretation

To enhance interpretability, Fig.5 presents the predictive performance of the
preoperative and postoperative models alongside Grad-CAM activation
maps for four representative cases. The highlighted regions predominantly
correspond to areas of subarachnoid hemorrhage, intraventricular blood,
and low-density regions—findings that are clinically relevant to outcomes
prediction in aSAH patients.

For the stacking model, SHapley Additive Explanations (SHAP)
weight analysis in Fig. 6a indicated a substantially higher contribution from
the postoperative model (0.879) compared with the preoperative model
(0.121). Figure 6b demonstrates a complementary relationship between the
preoperative and postoperative models.

In the clinical model (Fig.6¢c), least absolute shrinkage and selection
operator (LASSO) coefficients shows that the Hunt-Hess score emerged as
the most influential variable (0.678), followed by the subarachnoid
hemorrhage early brain edema score (0.379), the mFS score (0.356), and age
(0.250), all of which demonstrated moderate to low importance. SHAP
weight analysis shows in Supplementary Fig.3a.

Permutation importance is shown in Fig.6d, the fusion model included
2 imaging features—predictions from the preoperative and postoperative
models (which together formed the stacking imaging model), and 4 clinical
features, including Hunt-Hess score, mFS score, subarachnoid hemorrhage
early brain edema score, and age. The stacking imaging model was the
dominant predictor in the fusion model, with the highest importance score
(0.967). Among clinical variables, the Hunt-Hess score remained the most
impactful variable (0.126). SHAP weight analysis is shown in Supplemen-
tary Fig.3b.

Discussion

In this study, we developed and validated DL models incorporating pre-
operative and postoperative NCCT imaging data with clinical information
to predict the 3-month functional outcomes (mRS score) in patients with
aSAH. By utilizing imaging acquired at both time points, this approach
captured the temporal progression of patient status, including the extent of
initial brain injury (preoperative) and subsequent treatment-related changes
or complications (postoperative). Furthermore, the integration of imaging
data with clinical variables in a fusion model yielded superior predictive
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Fig. 2 | Workflow of model construction. All models were trained/validated using
the WN dataset (n = 1178) and evaluated in three separate test sets and the Test-
combined set. Five distinct models were constructed: (1) Pre-operative model uti-
lizing pre-operative NCCT images with a modified ResNet-50 architecture; (2) Post-
operative model employing post-operative (Day 1-3) NCCT images with the same
neural network architecture; (3) Stacking model integrating 0-6 predictions from
pre- and post-operative models using support vector regression;(4) Clinical vari-
ables were first filtered using Spearman correlation analysis and LASSO regression,

then the clinical model was constructed with support vector regression; (5) Fusion
model combining stacking model’s predictions with selected clinical variables using
support vector regression. Model interpretability was analyzed using Grad-CAM,
SHAP, LASSO coefficient, and permutation importance, respectively. LASSO Least
Absolute Shrinkage and Selection Operator, SHAP SHapley Additive Explanations,
WN First Affiliated Hospital of Wannan Medical College, AH First Affiliated
Hospital of Anhui Medical University, FY Fuyang People’s Hospital, TL Tongling
People’s Hospital.

performance compared with traditional clinical models, both for specific
mRS score and for the classification of poor functional outcome. Notably,
within the fusion model, postoperative NCCT data contributed more sub-
stantially than preoperative data, this may be due to post-treatment findings
such as early infarction, hydrocephalus, or residual hematoma, which often
emerge after surgery and are strongly associated with poor outcomes. While
the use of postoperative imaging may introduce the possibility of temporal
bias, as it is temporally closer to the outcomes assessment, we believe this
effect is minimal given the narrow time window (within 3 days) and the
clinical relevance of the postoperative changes. Meanwhile, the Hunt-Hess
score emerged as the most influential clinical variable. Importantly, the
classification task performance of the fusion model remained robust and
was not significantly affected by the presence of DCI or CH, underscoring its
efficacy in predicting poor functional outcome.

For predicting poor functional outcome, the fusion model significantly
outperformed the preoperative, postoperative, stacking imaging, and clin-
ical models on the Test-combined set (p < 0.001). When predicting con-
tinuous mRS score, the fusion model demonstrated superior performance
relative to all other models in terms of MAE (p < 0.001). These findings
highlight the advantage of combining multimodal data from distinct ima-
ging phases and clinical variables, thereby capturing complementary aspects
of both initial brain injury and post-treatment alterations. This approach
aligns with previous research underscoring the value of multimodal data
integration for outcomes prediction'*”. While earlier studies have pre-
dominantly utilized readily available admission clinical data for functional
outcomes prediction®"”, recent investigations have explored CT perfusion

imaging in this context™***. In addition, Huang et al. incorporated radiomic
features from CTA-based aneurysm imaging with clinical parameters to
predict 3-month outcomes, with a promising result”. Although research
involving MRI remains limited, Sener S et al. reported that diffusion tensor
imaging parameters assessed around day 12 after injury correlated with
6-month mortality in patients with severe aSAH, suggesting a potentially
valuable research direction”. However, this study leveraged NCCT imaging,
which is more accessible and standardized across institutions compared
with these advanced modalities, thereby enhancing the generalizability and
clinical applicability of the model.

Analysis of feature importance elucidated the contribution of each data
source to model performance. The postoperative imaging model demon-
strated greater importance relative to the preoperative model, likely because
of its capacity to capture treatment-related changes and complications that
are highly predictive of outcomes. Nevertheless, the preoperative model
provided essential baseline information, particularly regarding initial injury
severity, which remains prognostically relevant despite the potential for
subsequent recovery. In the Test-combined set, augmenting the post-
operative model with preoperative data significantly reduced MAE (from
1.12 to 0.92, p <0.001). Further integration of clinical variables into the
fusion model enhanced performance relative to the stacking imaging model.
Among clinical features, the Hunt-Hess score was the most influential
factor. Early neurological status is a direct indicator of injury severity, and
lower levels of consciousness are strongly associated with poorer prognosis,
consistent with previous studies emphasizing the predictive utility of stan-
dardized neurological assessments” . Although some clinical scores are
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Table 2 | Model performance across test sets

Regression task (mRS score)

Classification task (poor functional outcome)

MAE AUC Sensitivity (%) Specificity (%) PPV (%)
AH
Pre-operative model 1.46 (1.35-1.58) 0.82 (0.76-0.88) 76.8 (67.5-84.9) 79.0 (72.6-85.6) 64.8 (55.7-74.1)
Post-operative model 1.17 (1.07-1.28) 0.86 (0.80-0.91) 68.3 (57.8-78.4) 86.4 (81.1-91.2) 72.0 (62.1-81.1)
Stacking imaging model  0.98 (0.86-1.10) 0.87 (0.82-0.91) 65.8 (55.1-75.6) 88.3 (82.8-93.2) 73.8 (63.3-82.7)
Clinical model 1.10 (0.95-1.25) 0.84 (0.78-0.89) 57.4 (46.9-67.1) 88.9 (83.8-93.3) 72.3 (60.0-83.6)
Fusion model 0.88 (0.76-0.99) 0.90 (0.85-0.93) 64.7 (54.2-74.6) 91.4 (87.0-95.5) 79.1 (69.2-88.7)
FY
Pre-operative model 1.41 (1.30-1.53) 0.82 (0.76-0.88) 75.2 (65.2-83.8) 78.2 (71.7-84.8) 67.0 (57.1-76.5)
Post-operative model 1.07 (0.98-1.17) 0.90 (0.85-0.94) 83.2 (75.0-90.8) 79.6 (72.9-85.9) 70.2 (61.7-78.7)
Stacking imaging model  0.91 (0.79-1.02) 0.91 (0.86-0.95) 83.2 (75.0-90.5) 81.5 (75.0-87.3) 72.6 (63.2-81.2)
Clinical model 0.94 (0.81-1.08) 0.88 (0.84-0.92) 61.6 (51.8-72.4) 92.8 (88.4-96.6) 83.6 (74.2-91.9)
Fusion model 0.73 (0.63-0.84) 0.93 (0.89-0.96) 81.8 (73.1-89.5) 91.7 (86.9-95.9) 85.0 (76.9-92.3)
TL
Pre-operative model 1.47 (1.35-1.58) 0.88 (0.83-0.92) 77.7 (68.4-86.7) 85.3 (79.4-91.1) 77.8 (68.3-86.2)
Post-operative model 1.12 (1.01-1.23) 0.93 (0.89-0.96) 86.3 (78.2-93.4) 87.7 (81.7-93.0) 82.2 (74.1-90.1)
Stacking imaging model  0.87 (0.76-0.99) 0.93 (0.89-0.96) 85.4 (77.5-92.2) 88.5 (82.9-93.9) 83.2 (74.7-90.7)
Clinical model 0.96 (0.81-1.12) 0.89 (0.83-0.94) 64.4 (53.9-74.7) 94.3 (89.8-97.7) 88.1 (78.9-95.5)
Fusion model 0.74 (0.63-0.85) 0.94 (0.90-0.97) 84.1 (75.6-91.5) 93.5 (88.4-97.5) 89.6 (82.2-96.1)

Test-Combined

Pre-operative model 1.45 (1.38-1.52) 0.84 (0.80-0.87) 76.3 (71.2-81.7) 80.5 (76.8-84.3) 69.5 (64.2-75.3)
Post-operative model 1.12/(1.06-1.18) 0.89 (0.87-0.92) 79.2 (74.2-84.3) 84.5 (81.0-87.8) 74.7 (69.3-79.8)
Stacking imaging model  0.92 (0.86-0.99) 0.90 (0.87-0.92) 78.0 (72.8-83.2) 86.2 (82.6-89.2) 76.6 (71.1-81.7)
Clinical model 1.00 (0.92-1.09) 0.87 (0.84-0.90) 60.9 (54.8-66.9) 91.8 (89.2-94.2) 81.0 (75.0-86.3)
Fusion model 0.79 (0.72-0.85) 0.92 (0.90-0.94) 76.9 (71.5-82.0) 92.0 (89.4-94.7) 84.7 (79.9-89.1)

Model performance metrics for predicting mRS score and poor functional outcome in different test cohorts. Values shown with 95% confidence intervals in parentheses. Test-Combined includes pooled
data from AH, FY, and TL cohorts. Sensitivity specificity and PPV were calculated using a threshold of 2.5 for binary classification. All performance metrics and their corresponding confidence intervals were

estimated using 1000 bootstrap resamples and reported as the mean values.

MAE Mean Absolute Error, AUC Area Under the Receiver Operating Characteristic Curve, PPV Positive Predictive Value, mRS Modified Rankin Scale, WN First Affiliated Hospital of Wannan Medical
College, AH First Affiliated Hospital of Anhui Medical University, FY Fuyang People’s Hospital, TL Tongling People’s Hospital.

derived from NCCT image assessments and may partially overlap with the
stacking imaging model, they retained high importance, suggesting they
capture diagnostically salient features that may not be fully learned by the
DL model. This is likely because these scores are guided by expert judgment,
focusing on critical imaging findings, and incorporate clinical experience
and standardized diagnostic frameworks, thereby enhancing interpret-
ability. Grad-CAM visualizations supported this notion, revealing that the
pre- and postoperative models primarily attended to regions of brain edema
and subarachnoid hemorrhage—findings that correspond with clinical
scoring criteria. The combination of expert-derived assessments and
stacking imaging data may thus contribute to greater prediction stability and
reliability. In addition, Shan et al. proposed a radiomics model based on
manual segmentation of the cerebral hemorrhage area, which also provided
a certain level of interpretability”’. However, our DL model operates on
NCCT data without manual segmentation, offering broader applicability,
while also providing interpretability from a different perspective through
Grad-CAM.

Prior studies have underscored the prognostic complexity introduced
by complications such as DCI and CH in aSAH patients’ ™. In the present
study, subgroup analyses demonstrated consistent AUC values for all
models among patients with and without complications, including DCI and
CH. However, for MAE, the differences between the two subgroups varied
greatly across different models. These findings suggested that while such
complications may introduce variability in the prediction of continuous
outcomes, the models retained strong discriminative capacity for predicting

functional outcomes. This discrepancy may be attributable to the limited
clinical variables incorporated into the fusion model, which may be insuf-
ficient to accurately predict mRS score in patients with complications. The
inclusion of additional imaging biomarkers or complication-specific
molecular features could potentially improve MAE in predicting con-
tinuous mRS score.

In this study, a modified ResNet-50 was selected as the backbone for
image-based DL framework due to its proven effectiveness and stability in
medical imaging tasks, enabling it to meet clinical expectations with lower
resource consumption'***””. Compared to Transformer-based archi-
tectures, which typically require larger datasets and higher-dimensional
inputs to achieve optimal performance, ResNet-based framework offers a
more practical and robust solution for this medical dataset” . For multi-
modal integration, we employed support vector regression, which demon-
strated superior predictive performance over other methods such as random
forest and gradient boosting. This advantage may be attributed to the
continuous and low-dimensional nature of our integrated features, which
align well with our framework. Although SHAP are more naturally aligned
with tree-based models, we placed greater emphasis on predictive perfor-
mance. As such, support vector regression was selected as an optimal trade-
off between accuracy and interpretability.

This study offers several notable strengths. First, the use of a multi-
center dataset enhanced the generalizability and robustness of the models
across different populations and imaging protocols. Unlike many DL studies
that limit distribution shifts and thereby risk overestimating performance
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Affiliated Hospital of Wannan Medical College, AH First Affiliated Hospital of
Anhui Medical University, FY Fuyang People’s Hospital, TL Tongling People’s
Hospital.
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and reducing clinical relevance, our models were evaluated under realistic
test conditions incorporating heterogeneous data. The consistent perfor-
mance under these conditions suggests the models identify meaningful
imaging biomarkers rather than dataset-specific features. Second, the

application of interpretability techniques such as Grad-CAM, SHAP,
LASSO coefficients, and permutation importance strengthened the clinical
utility of the models by elucidating key predictive contributors. The post-
operative model exhibited greater importance for outcomes prediction,
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vided the most accurate prediction for the actual mRS score of 5, with activation
maps highlighting the lesion area in both pre-operative and post-operative phases.
b Images of a 57-year-old female patient. The fusion model predicted mRS score of
4.02, which closely approximated the actual mRS score of 4. Activation maps
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consistently highlighted relevant regions across both phases. ¢ Images of a 77-year-
old male patient. At admission, the pre-operative and clinical models produced
relatively high-risk scores of 3.46 and 2.90, respectively. However, when post-
operative information was incorporated, the stacking imaging model and fusion
model made accurate predictions, with activation maps focusing on the critical areas.
d A misclassified image of a 61-year-old male patient. All deep learning models
overestimated the mRS score (above 2.5), while the clinical model provided a pre-
diction of 1.9, relatively closer to the actual score of 1. This rare case of misprediction
highlights a potential mismatch between imaging severity and clinical presentation,
warranting further investigation into the underlying mechanisms. WFENS World
Federation of Neurological Surgeons scale, SEBES Subarachnoid Hemorrhage Early
Brain Edema Score, mFS Modified Fisher Scale, mRS Modified Rankin Scale.

aligning with clinical understanding that post-treatment imaging changes
are pivotal for prognosis. Importantly, the models were designed for flexible
application at various stages of clinical care. The preoperative model can be
used when only admission NCCT is available, while the fusion model yields
enhanced predictive performance when additional postoperative imaging
or clinical data are accessible, which is particularly beneficial in settings
lacking comprehensive imaging resources. Third, rather than limiting
analyses to binary classifications, our approach directly predicted con-
tinuous mRS score, thereby offering a more nuanced assessment of func-
tional outcomes.

Despite these strengths, the study is subject to several limitations. First,
although the models were deliberately validated across multiple indepen-
dent institutions with diverse imaging protocols and patient populations,
additional validation in larger and more geographically heterogeneous
cohorts is needed. Domain adaptation techniques could also be leveraged to
mitigate distribution shifts and improve model robustness in varied clinical
environments. Second, the retrospective design may introduce biases in
follow-up assessments and treatment consistency. Moreover, CH was only

tracked for <14 days, and the 3-month follow-up may not be sufficient to
assess long-term prognostic outcomes. While our fusion model out-
performed conventional clinical scores, we acknowledge the potential tra-
deoff between its increased complexity and clinical applicability, especially
in early decision-making settings. Future work should consider incorpor-
ating longitudinal data, such as serial imaging or neurological assessments,
to better capture patients’ evolving clinical trajectories and mitigating
potential temporal confounding issues. Additionally, more complex archi-
tectures such as transformers may benefit from the integration of molecular
features and multi-modal fusion strategies, especially when applied to
larger-scale datasets that can support their data demands.

In conclusion, this study demonstrates the feasibility and pre-
dictive utility of integrating preoperative and postoperative NCCT
imaging with clinical variables for functional outcomes prediction in
aSAH patients. The DL-generated fusion model represents a pro-
mising tool for individualized prognostication during the initial
3 days of presentation, with the potential to optimize patient man-
agement and resource allocation in aSAH care.
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model demonstrates substantially higher importance (0.879) compared to the pre-
operative model (0.121), indicating its stronger influence on the predictions. b SHAP
dependence plot of the post-operative model’s predicted probability. This pattern
suggests a complementary relationship, in which the post-operative model com-
pensates when the pre-operative model is less confident. Moreover, the nonlinear
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distribution of colors and SHAP values indicates that this complementarity is not
simply additive but exhibits a nonlinear interaction between the two models.

¢ LASSO coefficient analysis identified 11 clinical variables with non-zero coeffi-
cients. Features were further refined using recursive feature elimination to determine
the optimal subset for modeling. Green bars indicate selected features, while gray
bars represent unselected features. d Permutation importance ranking from support
vector regression-based analysis, showing relative contributions of imaging and
clinical features in fusion model. SHAP SHapley Additive exPlanations, LASSO
Least Absolute Shrinkage and Selection Operator Regression, WENS World Fed-
eration of Neurological Surgeons scale, SEBES Subarachnoid Hemorrhage Early
Brain Edema Score, mFS Modified Fisher Scale, GCS Glasgow Coma Scale.

Methods

Ethics statement

The study was approved by the local ethics committee and institutional
review board of each hospital (First Affiliated Hospital of Anhui Medical
University: PJ2024-12-59; First Affiliated Hospital of Wannan Medical
College:2024-185; Fuyang People’s Hospital: [2025]-6; Tongling People’s
Hospital: 2025ky004D), and complied with the Declaration of Helsinki. The
ethics committee waived the requirement for informed consent as this
retrospective study analyzed only existing, fully anonymized clinical data
with no additional patient interventions. All data were deidentified prior to
analysis to protect participant privacy. Informed consent for the use of
anonymized clinical data was obtained from patients or their legal repre-
sentatives upon hospital admission. All methods were carried out following
institutional guidelines and regulations.

Patients

This multicenter retrospective study analyzed data from four hospitals, each
with distinct patient demographics and imaging protocols. All datasets were
independent of one another: WN (n =2148), AH (n =405), FY (n=392),
and TL (n = 357). The inclusion criteria comprised adult patients (age =18
years) who were initially suspected of having subarachnoid hemorrhage
between June 2012 and September 2024 at the participating institutions.
Eligible patients presented at symptom onset, underwent preoperative

NCCT imaging within 24 hours, followed by digital subtraction angio-
graphy. Only those confirmed with aSAH who subsequently received
treatment were included in the study. Clinical data were extracted from
electronic medical records, and NCCT images were retrieved from the
picture archiving and communication system. Patients were excluded if
postoperative NCCT images (acquired between Days 1 and 3) were una-
vailable or showed motion artifacts, or if clinical data or the 3-month mRS
score were missing. To assess potential selection bias, baseline characteristics
were compared between included and excluded patients across all centers,
including age, sex, GCS score, WENS score, Hunt-Hess score, mFS score,
and subarachnoid early brain edema score. A flowchart of patient inclusion
and exclusion is presented in Fig. 1.

Clinical outcome and in-hospital complications

The mRS, ranging from 0 (no symptoms) to 6 (death), was obtained from
medical records at the 3-month follow-up®. DCI was defined as the pre-
sence of a new infarct on hospitalization, NCCT or MRI not attributable to
treatment, a new hypodense region, or unexplained neurologic deteriora-
tion accompanied by a decline in Glasgow Coma Scale (GCS) score*'; DCI
status was extracted from medical records. Hydrocephalus was evaluated by
radiologists at each center (P.Y., 5 years post-training; X.H., 8 years post-
training; C.Z., 8 years post-training; Y.T., 18 years post-training) using
hospitalization NCCT. It was categorized as acute (0-3 days post-aSAH),
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subacute (4-13 days post-aSAH), or CH (=14 days post-aSAH)". Diag-
nostic criteria included marked enlargement of the temporal horns or a
frontal horn-to-biparietal diameter ratio >30%. Patients discharged within
14 days without radiological evidence of hydrocephalus on preoperative or
hospitalization NCCT were classified as not having CH.

Clinical data and NCCT imaging

Clinical data obtained within 24 hours of presentation included age, sex,
history of hypertension, GCS score, WENS score (1-5), Hunt-Hess score
(1-5), mFS score (1-4), subarachnoid hemorrhage early brain edema score
(0-4), presence of acute hydrocephalus, presence of localized subarachnoid
hematoma, aneurysm location and size based on digital subtraction
angiography, and treatment modality (coiling or clipping). Details are
summarized in Table 1.

Preoperative NCCT images acquired within 24 hours of presentation
and postoperative NCCT images obtained between Days 1 and 3 were
collected. For patients with multiple post-treatment scans, only the earliest
available image was analyzed. NCCT imaging was performed using various
scanners; specific acquisition parameters are provided in Supplementary
Note 3. All images were resampled to a standardized voxel size of 320 x
320 x 64 and normalized to canonical orientation, without skull stripping.
Animage display window level of 40 and a window width of 80 were applied.
Subsequently, Z-score normalization was performed.

Model construction

The workflow for model construction is illustrated in Fig. 2. The WN dataset
(n=1178) was utilized for model development, while the remaining three
datasets (AH, FY, TL) served as independent testing sets to assess the
model’s robustness in the presence of real-world heterogeneity. These were
also aggregated to form the Test-combined dataset (n=672). Center
selection and rationale for Test-combined sees in Supplementary Note 4.
Five models were developed: preoperative, postoperative, stacking imaging,
clinical, and fusion models.

For the preoperative and postoperative models, a modified ResNet-50
architecture incorporating three-dimensional convolutional neural net-
works was implemented to directly generate continuous outputs for the
regression task (see Supplementary Fig. 4)"*. A stratified 5-fold cross-vali-
dation procedure was applied within the WN dataset for manual hyper-
parameter optimization. During training, CT volumes were resampled to
320 x 320 x 64 voxels and normalized to a canonical orientation. Z-score
normalization was applied across all volumes. Random data augmentation
techniques—including random flipping (random horizontal or vertical flips
with 50% probability), affine transformations (scale: 0.9-1.1, rotation: £15°,
translation: £10 voxels), gamma correction (y € [—0.3, 0.3]), contrast
adjustments (range: 0.75-1.25), and additive Gaussian noise (L=0, ¢ € [0,
0.1])—were applied to enhance generalizability. Model training was per-
formed using the AdamW optimizer with an initial learning rate of 8 x 10#,
weight decay of 1 x 10, and a batch size of 10. Training was conducted over
a maximum of 80 epochs, with an 8-epoch warm-up phase. If validation
performance plateaued for 12 epochs, the learning rate was reduced by a
factor of 0.3. Early stopping was employed with a patience value of 10
epochs. A weighted mean squared error loss function was used”, with class
weights assigned based on sample distribution, assigning a weight of 2 to a
positive outcome (mRS > 2.5). Output values were constrained within the
range of 0 to 6 to align with the mRS. The final model was retrained on the
entire WN dataset using the optimal hyperparameters derived from cross-
validation.

For the construction of the stacking imaging model, support vector
regression was employed to integrate predictions from the preoperative and
postoperative models. Each base model was trained independently using
stratified 5-fold cross-validation with a radial basis function kernel. Final
predictions were derived by aggregating the validation outputs from each
fold and restricting them to the continuous interval between 0 and 6.

For the clinical model, multicollinearity of clinical variables was
addressed through stepwise variance inflation factor selection. Features with

variance inflation factor values greater than 5 were sequentially removed
until all remaining features had values below the threshold. The remaining
features were standardized and subsequently processed using LASSO
regression (a = 0.01, determined through cross-validation)". Features with
non-zero coefficients were retained and further refined using recursive
feature elimination to identify the optimal subset for modeling. The final
model generated a continuous prediction of mRS score within the range of 0
to 6. Further details of the feature selection procedure are described in
Supplementary Note 5.

For the fusion model, predictions from the stacking imaging model
were integrated with the selected clinical features to develop a support vector
regression model. This model also produced a continuous mRS prediction
value ranging from 0 to 6. Besides, we also evaluated two alternative fusion
models, fusion-Altl and fusion-Alt2, which combine selected clinical fea-
tures with predictions from either preoperative or postoperative models,
respectively. For the stacking imaging, clinical, and fusion models, support
vector regression was compared with random forest and gradient boosting
regression for multimodal integration. Details are provided in the Supple-
mentary Note 6.

Model evaluation for regression and classification tasks

For the regression task, the objective was to predict the continuous mRS
score ranging from 0 to 6. Model performance was assessed using mean
absolute error (MAE).

For the classification task, which was derived from the regression
outputs, the objective was to predict functional outcomes by dichotomizing
the mRS score as good (mRS <2) or poor (mRS >2) using a threshold of 2.5.
Model performance was evaluated using the area under the receiver oper-
ating characteristic curve (AUC). Sensitivity and specificity were calculated
based on the continuous predictions using the same threshold of 2.5. To
assess the robustness of our approach, additional analyses were performed
using mRS>3 as the poor functional outcome.

To assess the predictive performance of the fusion model relative to
conventional clinical tools, comparisons were made with widely used clin-
ical scoring systems, including the WENS score, Hunt-Hess score, and mFS
score, in the Test-combined set. Sensitivity and specificity were calculated
using the optimal cut-off points determined by the Youden Index.

Subgroup analysis of in-hospital complications

Patients were stratified into DCI versus non-DCI groups and CH versus
non-CH groups based on the presence of complications. Model perfor-
mance within each subgroup was evaluated by comparing MAE and AUC
metrics within each complication group (DCI vs. non-DCI and CH vs. non-
CH) in the Test-combined set. These metrics were derived from predictions
previously generated by the five models on the Test-combined dataset.

Model interpretation

Multiple interpretability techniques were employed to elucidate model
behavior. Grad-CAM" was utilized for both preoperative and postoperative
models to visualize salient regions in the NCCT images. The stacking
imaging model was interpreted using SHAP* to quantify the contribution of
individual model predictions. The clinical model was interpreted via LASSO
coefficients, whereas permutation importance was applied to the fusion
model to assess the influence of clinical features and stacking model outputs.

Statistical analysis

Model development was based on data from WN, and evaluation was per-
formed using an external cohort comprising AH, FY, and TL. Performance
metrics included MAE, AUG, sensitivity, and specificity. Model comparative
statistical analyses were conducted using paired t-tests and the DeLong test,
where appropriate. Sensitivity and specificity were computed using a
threshold of 2.5. MAE and AUC were designated as the primary perfor-
mance metrics for regression and classification tasks, respectively. Baseline
characteristics comparison was conducted using the Mann-Whitney U test
or chi-square test as appropriate. A two-sided p-value of <0.05 was

npj Digital Medicine | (2025)8:542


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-01953-z

Article

considered statistically significant. All statistical analyses were performed
using Python version 3.12.

Data availability

The imaging data used in this study are protected and not publicly
available due to personal information protection, patient privacy
regulations, and institutional data-sharing policies. However, the data
can be made available to qualified researchers for academic purposes
upon reasonable request. Interested parties may contact the corre-
sponding author, who will review each request for scientific merit
and compliance with data governance requirements. Approved
requests will be processed within 14 working days.

Code availability
The source code for model development, trained model weights, and full
reproduction scripts have been made publicly available at https://github.
com/Seaburg97/aSAH.
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