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Development of a non-contrast CT-based
radiomics nomogram for early prediction
of delayed cerebral ischemia in aneurysmal
subarachnoid hemorrhage
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Abstract

Backgrounds Delayed cerebral ischemia (DC) is a significant complication following aneurysmal subarachnoid
hemorrhage (aSAH), leading to poor prognosis and high mortality. This study developed a non-contrast CT (NCCT)-
based radiomics nomogram for early DCl prediction in aSAH patients.

Methods Three hundred seventy-seven aSAH patients were included in this retrospective study. Radiomic features
from the baseline CTs were extracted using PyRadiomics. Feature selection was conducted using t-tests, Pearson
correlation, and Lasso regression to identify those features most closely associated with DCI. Multivariable logistic
regression was used to identify independent clinical and demographic risk factors. Eight machine learning algorithms
were applied to construct radiomics-only and radiomics-clinical fusion nomogram models.

Results The nomogram integrated the radscore and three clinically significant parameters (aneurysm and

aneurysm treatment and admission Hunt-Hess score), with the Support Vector Machine model yielding the highest
performance in the validation set. The radiomics model and nomogram produced AUCs of 0.696 (95% Cl: 0.578-0.815)
and 0.831 (95% Cl: 0.739-0.923), respectively. The nomogram achieved an accuracy of 0.775, a sensitivity of 0.750, a
specificity of 0.795, and an F1 score of 0.750.

Conclusion The NCCT-based radiomics nomogram demonstrated high predictive performance for DCl in aSAH
patients, providing a valuable tool for early DCl identification and formulating appropriate treatment strategies.
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Introduction

Aneurysmal subarachnoid hemorrhage (aSAH) is a
severe cerebrovascular disease associated with substan-
tial morbidity and mortality [1-3]. Delayed cerebral
ischemia (DCI) is among the most prevalent and severe
complications of aSAH, affecting approximately 30% of
patients and significantly adversely influencing clinical
outcomes [4]. The development of DCI typically results
in neurological deterioration, increasing the risk of dis-
ability and death [5]. Therefore, early, accurate prediction
of DClI risk is critical for timely intervention and improv-
ing patient prognoses.

Non-contrast computed tomography (NCCT) is the
fastest and most convenient imaging modality avail-
able for the initial assessment of aSAH patients [6].
Semi-quantitative scales, such as the Hijdra and modi-
fied Fisher scores, measure the extent of subarachnoid
hemorrhage (SAH) distribution, as well as the presence
of intraparenchymal hemorrhage (IPH) or intraventricu-
lar hemorrhage (IVH), and are used to predict the risk of
DCI [7-9]. However, the predictive accuracy and gen-
eralizability of these scoring systems remain limited. In
addition, various clinical factors, such as a poor result
on a neurological examination (e.g., a high World Fed-
eration of Neurosurgical Societies (WENS) grade), a large
amount of subarachnoid and intraventricular blood, large
aneurysm size, smoking, hyperglycemia, hydrocephalus,
pre-existing diabetes, and female gender, have been iden-
tified as predictors of DCI [10, 11].

Radiomics, an emerging imaging analysis technique,
has provided a new direction for disease diagnosis and
complication prediction by extracting high-dimensional
quantitative features from medical images [12, 13].
Radiomics captures texture, shape, and gray-level distri-
bution information within regions of interest, revealing
underlying pathophysiological changes [14, 15]. In the
context of SAH, radiomics has been utilized for com-
plication predictions and the identification of multiple
aneurysms [16, 17]. However, more research is needed on
applying NCCT-based radiomic features to the early pre-
diction of DCI.

Machine learning algorithms, including support vector
machines, random forests, and neural networks, have dis-
played considerable potential in the analysis of radiomic
features and complex pattern recognition [18, 19]. These
algorithms capture the nonlinear relationships between
imaging features and clinical outcomes, thereby improv-
ing model performance [20, 21]. By integrating radiomic
features with clinical variables, machine learning-based
nomograms offer personalized risk assessments that sup-
port clinical decision-making [22, 23].

The main objective of this study was to accurately
predict the complication of SAH using radiomic fea-
tures extracted from NCCT scans and machine
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learning algorithms. We constructed radiomics-only
and radiomics-clinical fusion nomogram models using
machine learning algorithms to predict the risk of DCI
in aSAH patients. The nomograms could improve early
detection of high-risk DCI patients, facilitate person-
alized treatment management, and improve patient
outcomes.

Methods

Patient selection

This study was approved by the Institutional Review
Board (IRB) of Beijing Tiantan Hospital, Capital Medical
University (KY2022-058-02). The IRB waived the need
for informed consent forms. A total of 371 patients newly
diagnosed with subarachnoid hemorrhage (SAH) from
Beijing Tiantan Hospital between August 2017 and Sep-
tember 2023 were included in the analysis. All patients
underwent non-contrast CT (NCCT) within 24 h after
symptom onset. The inclusion criteria were as follows:
(1) spontaneous SAH confirmed by head CT or lum-
bar puncture upon admission; (2) intracranial aneurysm
confirmed as the source of bleeding by digital subtrac-
tion angiography (DSA) or surgery; (3) complete baseline
thick-slice NCCT images and clinical data were obtained;
and (4) all patients underwent endovascular coiling or
surgical clipping of the responsible aneurysm after CT
imaging. Exclusion criteria were: (1) patients experi-
enced intracranial hemorrhage due to other reasons (e.g.,
trauma, hypertensive cerebral hemorrhage, vascular mal-
formation, or tumor-related stroke); (2) had a history of
intracranial surgery; (3) CT images presented significant
motion or artifact distortions; and (4) brain parenchymal
hemorrhage that extended into the subarachnoid space.
Eligible patients were randomly assigned to a training
set or an internal validation set at a ratio of 8:2. The flow
chart for patient enrollment is displayed in Fig. 1, show-
ing the initial pool of 504 patients and the 377 included
in the study.

CT scans

CT scans were obtained using three different scanners
across 377 cases. A Philips iCT 256 (Philips Healthcare,
Best, the Netherlands), used for 138 cases; a GE Light-
Speed VCT (GE Healthcare, Chicago, IL, USA) was used
for 110 case; a GE Revolution CT (GE Healthcare, Chi-
cago, IL, USA) was used for 129 cases. All scans were
performed with a slice thickness of 5 mm and a section
interval of 5 mm. The number of slices and field of view
(FOV) were adjusted according to patient size, ensuring
coverage from the skull base to the vertex. As a result,
32 slices were acquired in 298 cases, and 28 slices in 73
cases. Scanning parameters included tube voltages of 120
kVp for the Philips iCT 256, 120 kVp for the GE Light-
Speed VCT, and 120 kVp for the GE Revolution CT. The
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Fig. 1 The flowchart of the study population. DCI: Delayed cerebral ischemia; aSAH: aneurysmal subarachnoid haemorrhage

tube current settings were 360 mA for the Philips iCT
256, 150 mA for the GE LightSpeed VCT, and 283 mA for
the GE Revolution CT.

All NCCT scans were converted to the Neuroimag-
ing Informatics Technology Initiative (NIfTI) format to
standardize the data for analysis. Skull stripping was per-
formed, and the window width and level were adjusted to
90 and 42, respectively. The images and corresponding
labels were resized to 88, 88, and 32 to ensure uniformity
across the dataset.

Lesion segmentation

Baseline and 24-hour follow-up CT images were saved
as DICOM files using the Picture Archiving and Com-
munication System (PACS). We used an automated
segmentation model to reduce the workload and
avoid inter-observer variability in the manual hemor-
rhage region delineation. The model was based on the
U-Net + + architecture, implemented in the NeuBrain-
Care software developed by Neusoft Medical Systems to
automatically segment subarachnoid hemorrhage (SAH)
regions of interest (ROIs). The ROIs for sulcal and cister-
nal blood were labelled mask 1, while the ROI for ven-
tricular blood was labelled mask 2. This was undertaken
to identify the significant features for outcome prediction
based on hemorrhage at different locations. Mask 2 was
assigned a value of zero for samples without intraven-
tricular hemorrhage. Comparisons between Automated
Segmentation and Hemorrhage Segmentation were con-
ducted by a senior radiologist with over ten years of head
CT interpretation experience, as shown in Fig. 2.

Clinical data

The clinical characteristics of the participants are
detailed in Table 1. Data were sourced from the patients’
medical records, and all variables were baseline data col-
lected prior to surgical intervention. Variables included
age, gender, surgical approach, aneurysm location, sys-
tolic blood pressure (SBP), level of consciousness (LOC),
hypertension, diabetes, smoking, alcohol consumption,
Hunt-Hess (HH) score, and modified Rankin Scale (mRS)
score. Treatments included surgical clipping and endo-
vascular coiling. The aneurysm locations were classified
into anterior and posterior circulations.

Delayed cerebral ischemia

The definition and diagnosis of delayed cerebral ischemia
(DCI) were based on those established by Vergouwen et
al. [4] DCI was defined as (1) new, persistent, or transient
focal neurological impairment (e.g., aphasia, apraxia,
hemianopia, or neglect) between days four and 14 after
aSAH with no other identifiable cause; or (2) a decrease
of a minimum of two points on the Glasgow Coma Scale
(GCS), which may involve changes in the eye, verbal, or
motor response scores, or the overall score, accompa-
nied by new low-density areas on head CTs (not present
on admission or immediate post-operative scans). Vaso-
spasm was confirmed as the sole cause of DCI between
four and 30 days after SAH. All patients underwent blood
pressure management according to standard clinical pro-
tocols. This included continuous intravenous infusion
of nimodipine at a concentration of 0.2 mg/mL, admin-
istered at a rate of 10 mL/h, to maintain systolic blood
pressure below 160 mm Hg for ten days. If systolic blood
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Fig. 2 Examples of the comparison between manual segmentation and the deep learning segmentation algorithm. A. Manual segmentation; B. Deep
learning segmentation algorithm. The red mask indicates hemorrhage in the sulci and cisterns (mask 1), while the blue mask indicates hemorrhage in
the ventricles (mask 2). Using manual segmentation as the gold standard, the dice coefficients of this automatic segmentation for mask 1 and mask 2 are
0.891 and 0.885, respectively

Table 1 Clinical characteristics of included patients

Feature name Training cohort (n=295) p-value Internal validation cohort (n=82) p-
ALL Non-DClI DCl (n=141) ALL Non-DClI DCl(n=38) Vvalue
(n=158) (n=44)
Age 54.73+10.37 5332+1049 56.36+10.02 0.035 56.10+10.35 53.98+11.32 58.55+860 0.045
mRS 0.14+0.51 0.17+0.61 0.10+0.35 0.547 0.32+0.84 0.30+0.76 0.34+0.94 0.809
Gender 0.792 1.00
Women 210(71.19) 114 (72.15) 96 (70.07) 50 (60.98) 27 (61.36) 23 (60.53)
Men 85 (28.81) 44 (27.85) 41(29.93) 32(39.02) 17 (38.64) 15 (39.47)
Treatment <0.001 <0.001
Coiling 131 (4447) 107 (67.72) 24(17.52) 36 (43.90) 29 (65.91) 7(1842)
Clipping 164 (55.59) 51(32.28) 113 (82.48) 46 (56.10) 15 (34.09) 31(81.58)
Location 0.109 0.002
Anterior 230(77.97) 117 (74.05) 113(82.48) 61 (74.39) 26 (59.09) 35(92.11)
Posterior 65 (22.03) 41 (25.95) 24(17.52) 21(25.61) 18 (40.91) 3(7.89)
Admission SBP>160 185 (62.71) 89 (56.33) 96 (70.07) 0.021 47 (57.32) 23(52.27) 24 (63.16) 0441
(mm Hg), n (%)
LOC 62 (21.02) 25(15.82) 37(27.01) 0.033 21 (25.61) 7(15.91) 14 (36.84) 0.056
Hypertension 88(29.83) 41 (25.95) 47 (33.33) 0.204 23(28.05) 10 (22.73) 13 (34.21) 0326
Diabetes 9 (6.44) 8 (5.06) 1(8.03) 0425 8(9.76) 3(6.82) 5(13.16) 0.554
Smoke 51(17.29) 28(17.72) 23(16.79) 0.955 23 (28.05) 12 (27.27) 11(28.95) 1.0
Alcohol 40 (13.56) 22 (13.92) 8(13.14) 0.979 6(19.51) 7 (15.91) 9 (23.68) 0.544
H-H score (3~5) 129 (43.73) 31(19.62) 98 (71.53) <0.001 36 (43.90) 13 (29.55) 23 (60.53) 0.009

DCl: Delayed cerebral ischemia; LOC: level of consciousness; SBP: systolic blood pressure
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pressure dropped below 110 mm Hg, the infusion rate
was reduced to 5 mL/h (Supplementary file).

Radiomics feature extraction and selection

The code for the radiomic feature extraction was from the
“One-key AI” platform (http://www.medai.icu/), which is
based on the Python-based PyRadiomics tool. 3,670 mor-
phological, histogram, and texture features were gener-
ated from mask 1 and mask 2. Prior to feature selection,
the feature values were standardized using Z-score nor-
malization: z = (x - i) / o, where x represents the original
data point, p is the feature mean, and o is the standard
deviation. This standardization eliminated the impact
of different scales or magnitudes across features. Fea-
ture selection was performed using t-tests with a P-value
threshold of 0.05. Features with Pearson correlation coef-
ficients greater than 0.9 were excluded. Significant, highly
correlated features were identified using univariate logis-
tic regression analysis. Finally, based on the maximum
area under the curve (AUC) criterion, LASSO regression
was applied to the training cohort using 10-fold cross-
validation to select an optimal subset of features.

Radiomics model and nomogram construction

Eight machine learning algorithms Logistic Regression
(LR) [24], Multilayer Perceptron (MLP) [25], Support
Vector Machine (SVM) [26], Random Forest (RF) [27],
Extremely Randomized Trees (Extra Trees, ET), Extreme
Gradient Boosting (XGBoost), Light Gradient Boosting
Machine (LightGBM), and K-Nearest Neighbors (KNN)
[28] were used to build the radiomics models. The opti-
mal model’s radscore was selected as the radiomic fea-
ture. A nomogram model was created by combining
clinical variables of radiological significance with the
optimal radiomics model using stepwise multivariable
logistic regression analysis. All model parameters were
automatically optimized through hyperparameter tuning,
and five-fold cross-validation was used during training to
assess and iteratively improve the model’s performance.
The model’s diagnostic performance was evaluated using
ROC analysis. The models were validated with the inter-
nal validation cohort using the same methodology.

Statistical analysis

Continuous variables in the clinical data were analyzed
using independent t-tests or Mann-Whitney U tests,
depending on their data distribution. Categorical vari-
ables were compared using Chi-square tests. Each vari-
abletion. Categoric variables in the training cohort were
determined through univariate logistic regression to
identify independent risk factors for DCI. Variables sig-
nificantly associated with DCI were included in stepwise
multivariable logistic regression analysis. To compare
the performance of radiomics, clinical models, and the
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nomogram across various machine learning algorithms,
receiver operating characteristic (ROC) curves were cal-
culated for both the training and validation sets of each
model. Key performance metrics, including sensitivity,
specificity, accuracy, and the area under the ROC curve
(AUC), were computed for each model to evaluate and
compare their diagnostic effectiveness.

Results

Clinical characteristics

The clinical characteristics of the patients are summa-
rized in Table 1. A total of 377 patients were included
in the study, of which 175 patients (137 in the train-
ing set and 38 in the validation set) developed DCI; 202
patients (158 in the training set and 44 in the validation
set) did not develop DCI. No significant differences were
observed in baseline clinical data between the train-
ing and validation groups. The mean age of the entire
cohort was 55.03 +11.13 years, with patients who devel-
oped DCI being older than those who did not (P=0.035
in the training set, P=0.045 in the validation set). Males
accounted for 31.03% (n=117) of the population. The
surgical approach to aneurysm repair was significantly
associated with the occurrence of DCI (P<0.001 in both
training and validation cohorts), with patients under-
going surgical clipping exhibiting a higher likelihood of
developing DCI compared to those treated with endo-
vascular coiling. Additionally, a systolic blood pres-
sure > 160 mm Hg upon admission was correlated with an
increased risk of DCI in the training cohort (P=0.021).
Furthermore, patients presenting with loss of conscious-
ness at admission were more frequently observed to
develop DCI (P=0.033 in the training cohort). Univariate
and multivariate analyses were conducted in the training
cohort. The univariate logistic regression analysis identi-
fied location (P=0.037), treatment (P<0.001), and Hunt-
Hess score (P<0.001) as independent factors associated
with DCI. Multivariable analysis revealed that a Hunt-
Hess score of 3—5 (OR: 3.493 [2.203, 5.534]) and location
(OR: 0.3, [0.185, 0.486]) were independently associated
with DCI. Therefore, these independent risk factors were
incorporated into the DCI risk estimation nomogram.

Radiomics features extraction and machine learning model
development

The radiomics workflow is shown in Fig. 3. Radiomics
features were extracted separately from the ROI regions
of masks 1 and 2 on the NCCT images. A total of 3,670
features were extracted from the NCCT images, with
the feature distribution shown in Fig. 4. After using
t-tests, Pearson correlation, and LASSO regression for
feature selection, 16 features were identified, including
ten features from the sulcal and cisternal blood regions
(two first-order features, one shape feature, four GLCM
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Fig. 4 Extracted radiomics features. Firstorder: First Order Statistics. glcm: Gray Level Co-occurrence Matrix. gldm: Gray Level Dependence Matrix. glrim:
Gray Level Run Length Matrix. glszm: Gray Level Size Zone Matrix. ngtdm: Neighboring Gray Tone Difference Matrix. shape: Shape-Based Features

features, one GLSZM feature, and two NGTDM fea-
tures). Six features were selected from the ventricular
blood regions (one GLRLM feature, two GLCM features,
and three GLSZM features). Using the selected features,
DCI prediction models were constructed using the eight
machine learning algorithms. Among all models, the
SVM model demonstrated the best performance in pre-
dicting DCI, with an AUC of 0.696 (95% CI: 0.578—0.815).

The accuracy, precision, recall, and F1 score were 0.611,
0.687, 0.611, and 0.647, respectively (Tables 2 and 3). The
Radscore generated from the SVM model was selected
for subsequent analysis.

Nomogram development
The Radscore generated from the SVM model was
combined with clinically relevant variables, including
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Fig. 5 The nomogram for predicting DCl in aSAH patients. The nomogram integrates radscore from the radiomics SYM model, aneurysm location, and
Hunt-Hess score. Each variable is assigned a point value based on its contribution to the risk prediction model. The total points correspond to the overall
risk of DCI, which is indicated on the risk axis. Higher total points reflect a higher risk of developing DCI. SYM: Support Vector Machine; DCI: Delayed cere-

bral ischemia; aSAH: aneurysmal subarachnoid haemorrhage

aneurysm location and the admission Hunt-Hess score,
to construct the nomogram (Fig. 5). This nomogram
achieved an accuracy of 0.775, a sensitivity of 0.750, a
specificity of 0.795, and an F1 score of 0.750 in predict-
ing DCI (Table 4). The nomogram’s AUC (0.831, 95% CI:
0.739-0.923) was higher than the SVM radiomics model
alone (Fig. 6).

Discussion

We developed a predictive nomogram for delayed cere-
bral ischemia in aneurysmal subarachnoid hemorrhage
patients by integrating radiomics features and clinical
data. Using a deep learning-based approach for auto-
mated segmentation and radiomics feature extraction
from NCCT scans, combined with clinical variables, we
constructed a robust model that significantly improved
DCI prediction. The results demonstrated that our model
provides valuable prognostic information for identify-
ing high-risk patients, potentially enhancing clinical
decision-making.

The timely prediction of DCl is critical, as interventions
must be initiated before ischemia occurs or progresses to
irreversible infarction. For instance, nimodipine is the
only drug proven to improve outcomes in aSAH patients,
and it must be administered within 96 h of SAH onset to
be effective [29]. Early prediction allows prompt initiation
of treatment, potentially preventing significant morbidity
and mortality. NCCT-based prediction methods often
rely on semi-quantitative scoring systems, such as the

modified Fisher score, Hijdra score, and the Barrow Neu-
rological Institute (BNI) scale [8, 9, 30], which assess the
extent of subarachnoid and intraventricular hemorrhage.
However, these methods are subject to low reproducibil-
ity and interobserver variability in clinical practice. More
advanced quantitative assessment methods, such as total
SAH volume in various brain regions, have been shown
to predict DCI. Studies by Zijlstra et al., Steen et al., and
Yuan et al. have applied artificial intelligence to automati-
cally segment and quantify sulcal, cisternal, and ventricu-
lar hemorrhages [31-33], with the cisternal hemorrhage
volume most robustly associated with DCI.

Radiomics allows for the extraction of high-dimen-
sional quantitative features, such as texture patterns and
gray-level distributions, providing more detailed infor-
mation compared to visual image interpretation [34—36].
Shan et al. demonstrated the effectiveness of radiomics
features extracted from NCCT images in predicting out-
comes in SAH patients [16]. Studies related to the pre-
diction of DCI by imaging histology are currently very
limited; Ramos et al. used an autoencoder to extract
image features from CT images and combined them with
clinical data to create an ML model that predicted DCI
with an AUC of up t0:0.74 (95% CI 0.72 to 0.75) [37]. We
conducted a radiomics analysis of NCCT features related
to hemorrhage, selecting regions of interest (ROIs) based
on previous studies, including separate segmentation
of sulcal, cisternal, and ventricular hemorrhage. This
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Fig. 6 AUC of the model. A. Shows the radiomics models constructed using eight machine learning methods, with the SVM model achieving the high-
est AUG; B. Demonstrates that the nomogram combining the SVM radscore with clinical features outperforms the radiomics model. AUC: Area under the

curve; SYM: Support Vector Machine
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Fig. 7 The radiomics features were selected through logistic regression and their corresponding weights

accumulation in the ventricles, which might contrib-
ute to disrupted fluid dynamics and DCI development.
Together, these features enhance the model’s ability to
predict DCI by capturing diffuse and localized hemor-
rhage patterns.

The present study has certain advantages. Most of
the existing studies for predicting DCI are purely clini-
cal models or only use the feature of bleeding volume
on images. This study is faster and more convenient
using  automatic  segmentation+image  histology

feature analysis. Compared with current machine learn-
ing related studies, the required clinical features are
easier to obtain and have better clinical generalization
value. Despite the promising results, our study has sev-
eral limitations. First, age differences between the DCI
and non-DCI groups could have influenced the out-
comes. Although t-tests showed significant age differ-
ences in both the training and validation cohorts, age
was not identified as an independent factor in the mul-
tivariable analysis and, therefore, was not included in the
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final nomogram. This may be due to the complex interac-
tions between age and other clinical variables, which may
have reduced its significance in a multivariable context.
To address this limitation, future studies should consider
larger sample sizes, stratified analyses, or age-matching
techniques to better evaluate the impact of age on pre-
dictive performance. Second, the retrospective design
and single-center methodology may introduce bias, our
findings require validation in larger, multicenter, pro-
spective studies. Third, while we achieved satisfactory
predictive performance, the model was developed using
a specific set of imaging parameters from three differ-
ent CT scanners, potentially limiting its generalizability
to other settings. Finally, the current work only analyzes
the predictive performance of the imaging features of the
hemorrhagic region for the onset of ischemia, and the
addition of CTP reflecting perfusion of the whole brain
may be able to improve the performance of the model,
and future work should incorporate features such as per-
fusion metrics of CTP as well as external validation.

Conclusions

In conclusion, this study successfully developed an
NCCT-based radiomics nomogram that integrates
radiomics features with clinical parameters including
aneurysm location, treatment approach, and Hunt-Hess
score, to predict DCI in aSAH patients. The model dem-
onstrated high predictive performance and offers a valu-
able tool for early identification of high-risk patients.
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