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Abstract 

Background  Head computed tomography (CT) is a routinely performed examination to assess the intracranial 
condition of patients with traumatic brain injury (TBI), and radiological findings can help to indicate the presence 
of intracranial hypertension. At present, the prediction of intracranial hypertension is mainly based on manual dis-
crimination of imaging characteristics. The aim of our study was to establish a model to predict intracranial hyperten-
sion via fully automatic CT image segmentation, rigorous radiomic feature extraction and reliable model develop-
ment and validation.

Methods  Patients admitted to the intensive care unit (ICU) who underwent intracranial pressure (ICP) monitor-
ing were included in our study. For the development cohort, we extracted data from the CENTER-TBI database 
and randomly divided the data into a training group and a test group. For the validation cohort, we extracted data 
from patients admitted to the Shanghai General Hospital. Patients whose initial recorded ICP value was greater 
than or equal to 20 mmHg were defined as having intracranial hypertension. Radiological features, including imaging 
characteristics and three categories of radiomic features, were extracted from the head CT. Feature selection was per-
formed for all radiological findings. A morphological model was built on the basis of selected imaging characteristics. 
First-order, second-order and third-order models were built on the basis of selected radiomic features. A compre-
hensive model was built on the basis of all selected radiological findings. The performances of these five models 
were assessed by four classifiers, including logistic regression (LR), random forest (RF), multilayer perceptron (MLP), 
and extreme gradient boosting (XGB), from which the best classifier was selected. After the process of model training 
and external validation, we ultimately used the optimal classifier to generate a prediction model with greater predic-
tive power and stability.
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Introduction
Traumatic brain injury is a critical condition in 
neurosurgery, with high rates of disability and mortality 
[1]. Previous studies have consistently shown that early 
posttraumatic intracranial hypertension in TBI patients 
often indicates poor outcomes [2, 3]. Therefore, actively 
seeking effective indicators for assessing ICP is crucial. 
Head computed tomography (CT) is an imaging 
technique that can provide rapid results and is highly 
sensitive to hemorrhages. Thus, this technique is widely 
used for early TBI diagnosis and constitutes an essential 
means of assessing patient conditions, providing a 
basis for predicting the development of intracranial 
hypertension [4, 5]. More importantly, repeat CT 
scanning is the main component of the Consensus 
Revised Imaging and Clinical Examination (CREVICE) 
protocol, which is advocated for settings in which more 
advanced neuromonitoring (including ICP monitoring) 
is not available. In interpreting head CT scans, the 
transition from the use of subjective clinical experience 
to the analysis of objective radiomic data plays a 
critical role [6]. The former identifies typical imaging 
characteristics on the basis of overall morphological 
changes in the images, whereas the latter provides 
detailed features on the basis of texture deconstruction 
in the images [7]. ICP prediction using head CT scans is 
primarily dependent on a fully supervised model based 
on clinical experience [8]. This approach is a semantic 
analysis mode based on grayscale thresholds and 
morphological changes. While radiomic features have 
been incorporated in some studies, these studies have 
focused on changes in pixel grayscale values, which are 
the first-order radiomic features, without the analysis 
of pixel spatial distribution based on grayscale values, 
which are the second-order and third-order radiomic 
features [9, 10]. The aim of our study was to explore 
fully automated CT image segmentation to improve 
model prediction ability through categories of radiomic 
features. Ultimately, the goal of this study was to 
establish an intracranial hypertension prediction model 
based on CT image analysis with clinical credibility.

Methods
Research patients
The development population was drawn from the 
prospective observational study of Collaborative 
European Neurotrauma Effectiveness Research in 
TBI (CENTER-TBI), registered at clinicaltrials.gov 
(NCT02210221). We included TBI patients admitted to 
the ICU who underwent ICP monitoring. The validation 
cohort consisted of TBI patients from Shanghai General 
Hospital admitted between 2022 and 2023. The study 
protocol and consent forms were approved by the Ethics 
Committee of Shanghai General Hospital (NO: CTCCR-
2021B10). The specific criteria were as follows.

Inclusion criteria: (1) patients aged between 18 
and 65  years; (2) patients who underwent ICP probe 
implantation (the location of the probe was inside the 
brain parenchyma or the ventricle) without craniotomy; 
(3) patients whose ICP records and head CT images 
were collected and stored electronically; and (4) patients 
whose hematomas or contusions shown on CT were all 
located supratentorially.

Exclusion criteria: (1) patients with a prior history of 
TBI, intracranial tumors, or cerebral vascular diseases 
that may lead to changes in cranial cavity structures; and 
(2) patients with missing or unclear information in CT 
images or ICP metrics.

Patients screened and included in the CENTER-TBI 
database were randomly divided into training and test 
groups at a 4:1 ratio. TBI patients from Shanghai General 
Hospital were included for external validation of the 
model. Furthermore, to avoid the scenario where the 
quantity of collected samples failed to satisfy the lower 
limit for model validation, we calculated the minimum 
number of samples to be collected through relatively 
straightforward predictive methods. On the basis of the 
statistics that the percentage of patients with intracranial 
hypertension among the enrolled patients in this study 
was 21%, the significance level alpha was set to 0.05, and 
the statistical power was set to 0.8, leading to a required 
sample size for the external validation group of at least 
74 patients under the hypothesis that the difference in 
the percentage of patients with intracranial hypertension 
between the estimated external validation dataset and the 

Results  Five models were built, including a morphological model, first-order model, second-order model, third-
order model and comprehensive model. The optimal classifier was the logistic regression (LR) classifier, with which 
the morphological, first-order, second-order, third-order and comprehensive models had AUCs of 0.75, 0.77, 0.76, 0.86, 
and 0.83 and F1 scores of 0.54, 0.73, 0.63, 0.72, and 0.75, respectively, in the external validation group.

Conclusions  We successfully established a model for predicting intracranial hypertension on the basis of radiomic 
features. This model may serve as an approach for intracranial hypertension prediction in TBI patients. 
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previous dataset is within 21%. The estimated value was 
calculated by the ‘zt_ind_solve_power’ function in the 
‘statsmodels’ module in Python 3.7.13.

Data collection
The following patient information was collected from the 
CENTER-TBI database as well as the Shanghai General 
Hospital medical records database for patients in the 
validation group.

(1)	 Baseline information: sex, age, preoperative 
Glasgow Coma Scale (GCS) score, preoperative 
pupillary reflex, blood pressure, and whether 
surgery was needed.

(2)	 The initial recorded ICP value obtained closest to 
the time the preoperative CT scan was obtained 
and the time interval between them.

(3)	 CT images: the last preoperative CT images 
of the patients in Nifti format and the imaging 
characteristics and the radiomic features obtained 
from CT images.

Image processing

(1)	 Acquisition of imaging characteristics: A total 
of 15 imaging characteristics were scored by 
senior neurosurgeons upon review of the CT 
images: midline shift greater than 5  mm, cisternal 
compression (quadrigeminal cistern/cisterna 
magna/ambient cistern/suprasellar cistern), 
cerebral herniation (left subfalcine herniation/
right subfalcine herniation/left transtentorial 
herniation/right transtentorial herniation/tonsillar 
herniation), cortical sulcus effacement, ventricular 
compression (fourth ventricle/third ventricle), mass 
lesion, and cerebral edema. The midline shift was 
determined by measuring the width of the cranial 
cavity and the distance from the lateral skull to the 
foramen of Monro at the level of the foramen of 
Monro. The status of the basal cisterns, ventricular 
compression and brain herniation characteristics 
were assessed on slices of the corresponding 
anatomical structures. All the imaging findings are 
shown in Fig.  1 (the imaging findings are shown 
from the sequence ‘a’ to ‘o’ in the figure). a: midline 
shift greater than 5  mm; b: quadrigeminal cistern 
compression; c: cisterna magna compression; 
d: ambient cistern compression; e: suprasellar 

Fig. 1  Measurements of 15 imaging findings
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cistern compression; f: left subfalcine herniation; 
g: right subfalcine herniation; h: left transtentorial 
herniation; i: right transtentorial herniation; j: 
tonsillar herniation; k: cortical sulcus effacement; 
l: fourth ventricle compression; m: third ventricle 
compression; n: mass lesion; o: cerebral edema).

(2)	 Acquisition of radiomic features: We adopted a 
fully automatic method for selecting target slices 
and segmenting the region of interest (ROI) in CT 
images. In this study, target slices were defined as 
all slices containing hematomas, and the ROI was 
defined as the brain region after removing the skull 
structure on the target slices. All the processes were 
performed in Python 3.7.13. The detailed algorithm 
of ROI segmentation and target slice selection is 
shown in Appendix V.

ROI segmentation
The aim of ROI segmentation was to select the optimal 
contour from the CT images on each layer. In this study, 
parts with significant grayscale changes were defined as 
edges, and the areas surrounded by edges were defined 
as contours. Therefore, any closed shape could constitute 
a contour in a CT image. After excluding mixed signal 
interference outside the head structure, the original CT 
image containing the skull had the largest contour. The 
desired optimal contour to be found was the largest 
contour after removing the skull. Because patients with 
traumatic brain injury often have skull defects caused 
by fractures, in this study, we applied the concept of 
a convex hull to avoid concave situations. To find the 
optimal contour, additional prior constraints on the 
image were applied as follows:

(a)	 On the basis of a gray value of 127, the image was 
first binarized and then eroded/dilated to eliminate 
white noise, the image was smoothed, and then the 
edges and contours were found.

(b)	 The largest contour satisfying the condition based 
on the convex hull (any line connecting two points 
inside the shape remains within the contour) was 
extracted, and it was ensured that there were no 
bright points exceeding the 97th percentile within 
the contour.

(c)	 The above steps were repeated to perform a 
secondary extraction on the contour (aiming to 
eliminate interference signals within the contour 
caused by the convex hull).

(d)	 The extracted contour was shrunk inward by 10 
pixels to minimize the impact of bright points in 
the surrounding area.

Target slice selection
After all slices with prior constraints were processed, 
the slices containing hematomas needed to be selected 
to segment the region of interest (ROI). In this study, 
the hematoma area in the CT scan was defined as bright 
spots (the CT value range was set to 50–100 Hounsfield 
units). All the bright spots constituted the hematoma 
area, and a chain of continuous bright spots contained 
the target slices to be extracted. The specific steps were 
as follows:

(e)	 The area of all layers was calculated, and if the 
current area was less than 0.9 times the maximum 
area and subsequent layers met the condition, then 
the current and subsequent layers were deleted.

(f )	 Layers that satisfied step one were searched for 
all bright spot contours, the bright spots were 
expanded by 5 pixels outward, and if there was an 
intersection with a bright spot from the previous 
layer, it was recorded in the bright spot chain; 
otherwise, it was recorded as the starting point of 
the bright spot chain.

(g)	 All layers were iterated through, recording all bright 
spots and bright spot chains (condition: more than 
three bright spots).

After the ROI segmentation was completed, we resa-
mpled all the ROIs (voxel normalization): the simple TK 
module was used to read the spacing and size of the orig-
inal image, a uniform new spacing was set as (1, 1, 1), and 
the corresponding new size was obtained. Then, the radi-
omic features, including first-order, second-order, and 
third-order features, were extracted via the ‘PyRadiomics’ 
module in Python 3.7.13, with values of 32, 40, and 35, 
respectively. First-order features focused mainly on basic 
image intensity information, reflecting the fundamental 
grayscale characteristics of the lesion. Second-order fea-
tures concentrated on the relationships between pixel 
pairs, which can reveal the subtle internal structure of the 
lesion. Third-order features, from a more complex spatial 
distribution perspective, presented the overall character-
istics of the lesion. The definition of each feature is listed 
in the supplemental file (Appendix II). The entire radi-
omic feature extraction process is shown in Fig. 2.

Data processing
Patients were grouped on the basis of the initial 
recorded ICP. Patients whose initial recorded ICP value 
was greater than or equal to 20  mmHg were defined as 
having intracranial hypertension. Univariate analysis 
was used to examine the distribution of characteristics 
between patients with an ICP ≥ 20 mmHg and those with 
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an ICP < 20  mmHg. The data were then divided into a 
training set and a test set at a ratio of 8:2. The imputation 
was carried out for the baseline parameters that were 
found to be missing during the data collection process. 
Specifically, we used the random forest algorithm to 
impute the remaining data with missing values (presented 
as null values or blank values) [11]. Considering the 
unbalanced data of the negative and positive groups, 
the positive data of the training set were augmented by 
the smote oversampling method [12]. For 15 categorical 
variables representing imaging characteristics, 
Spearman correlation analysis was used to describe 
their interdependency, and then the appropriate imaging 
characteristics were selected for further analysis. 
For radiomic features, we utilized recursive feature 
elimination (RFE) to calculate feature importance and 
determine the optimal number of features on the basis of 
feature importance to reduce the feature dimension from 
the primary extracted features.

Model establishment
During the preliminary phase, we carried out a correla-
tion analysis of the imaging characteristics and com-
puted the feature importance of the radiomic features. 
Subsequently, we carefully selected those features that 
could most effectively capture the characteristics of the 
image and significantly increase the accuracy and stabil-
ity of the model. On the basis of these selected imaging 
characteristics and radiomic features, we constructed 

five models for predicting whether a patient has intracra-
nial hypertension, namely, the morphology model, first-
order model, second-order model, third-order model, 
and comprehensive model. The morphological model 
encompassed imaging characteristics, whereas the other 
three models encompassed three categories of radi-
omic features. The comprehensive model encompassed 
selected imaging characteristics and radiomic features. 
Before processing the data with different classifiers, we 
adopted min–max normalization, which was completed 
in advance so that it would not cause errors due to dif-
ferent evaluation contents among various classifiers. For 
each model, we performed a fivefold cross-validation on 
the training groups, whereas the cases from the testing 
groups were used for model evaluation. The performance 
of the model was evaluated by four classifiers, including 
logistic regression (LR), random forest (RF), multilayer 
perceptron (MLP), and extreme gradient boosting (XGB). 
The best-performing classifier was selected to establish 
the final presented intracranial hypertension prediction 
model. The generalization performance of the model was 
evaluated using patient data from the external validation 
cohort. The model performance was visualized by plot-
ting the receiver operating characteristic (ROC) curve 
and by calculating the area under the curve (AUC), 
accuracy, precision, recall, and F1 score. The workflow, 
which includes data collection, image processing, and 
model establishment, is shown in Fig. 3. Additionally, the 

Fig. 2  Radiomics features extraction process
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complete code for model training is included in the sup-
plemental file (Appendix VI).

Statistical approach
The patients’ baseline data were analyzed via Python 
3.7.13 from the Python Software Foundation. Mean 
values with standard deviations were used to describe 
continuous variables, whereas frequencies and percent-
ages were used to describe categorical variables. The 
Kolmogorov‒Smirnov (KS) test was used to determine 
if the continuous variables followed a normal or non-
normal distribution. The Levene test was employed to 
test the homogeneity of continuous variance. Differ-
ences between groups were compared using either the 

Mann‒Whitney U test or Student’s t test, whereas the 
chi‒square test or Fisher’s exact test was used to compare 
differences. A statistically significant result was consid-
ered if the two-sided p value was less than 0.05.

Results
Baseline characteristics of patients
A total of 4509 patients with head CT data from 
CENTER-TBI were screened. Among them, 911 
patients had ICP records. After patients who did not 
meet the requirements for CT images and those with 
missing medical information were excluded, a total 
of 882 individuals were included in the study. Among 
them, 705 were included in the training group, while 
the remaining 177 were included in the testing group. 
Eighty-four patients from Shanghai General Hospital 
were included in the external validation group. The 
baseline characteristics of the three groups are shown 
in Table  1. Among the patients who underwent 
subsequent surgeries, 520 patients in the CENTER-TBI 
dataset underwent simple craniotomy for hematoma 
evacuation, 63 patients underwent left decompressive 
craniectomy, 85 patients underwent right decompressive 
craniectomy, and 21 patients underwent bilateral 
decompressive craniectomy. In the external validation 
dataset, 30 patients underwent simple craniotomy 
for hematoma evacuation, 18 patients underwent left 
decompressive craniectomy, 15 patients underwent right 
decompressive craniectomy, and 4 patients underwent 
bilateral decompressive craniectomy. The mean and 
standard deviation of the time interval between the ICP 
measurement and the CT examination in the training, 
testing, and external validation group were 2.83 ± 0.94 h, 
2.37 ± 1.40 h, and 2.57 ± 1.36 h, respectively.

Multicollinearity analysis and feature selection
Collinearity analysis revealed that the three variables 
“midline shift greater than 5  mm”, “right subfalcine 
herniation”, and “left subfalcine herniation” had variance 
inflation factors (VIFs) greater than 10, specifically, 
62.884, 48.918, and 28.673, respectively. Hence, these 
features were excluded, and the remaining 12 imaging 
features were retained to construct the morphological 

Fig. 3  Workflow of the study

Table 1  The baseline information of three groups

Model Accuracy Precision Recall Fl Score AUC​

Morphology model 0.63 0.74 0.61 0.54 0.75

First-order model 0.82 0.69 0.67 0.73 0.77

Second-order model 0.72 0.62 0.58 0.63 0.76

Third-order model 0.79 0.64 0.71 0.72 0.86

Comprehensive model 0.81 0.72 0.63 0.75 0.83
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model. The specific correlation coefficient heatmap 
can be found in Appendix I. After recursive feature 
elimination, 18 first-order features, 20  s-order features 
and 14 third-order features were selected. The detailed 
radiomic features selected through RFE and the primary 
features can be found in Appendix II.

Establishment and performance of the models
Univariate analysis revealed no significant difference 
between patients with intracranial hypertension and 
patients without intracranial hypertension in the train-
ing, testing and validation groups (p > 0.05). We finally 
established the morphology model, first-order model, 
second-order model, third-order model and compre-
hensive model, which had AUCs of 0.75, 0.77, 0.76, 0.86, 
and 0.83 and F1 scores of 0.54, 0.73, 0.63, 0.72, and 0.75, 
respectively, in the external validation group. The ROC 
curve after fivefold cross-validation on the training 
groups and testing groups can be found in Appendix III. 
The ROC curves for the four models with single radiolog-
ical findings in the validation group are shown in Fig. 4, 
and the LR classifier performed best in each model. 
The ROC curve of the comprehensive model using the 
LR classifier is shown in Fig. 4. The accuracy, precision, 
recall, F1 score and AUC of all the models when the LR 
classifier was used are shown in Table  2. The results of 
the other classifiers can be found in Appendix IV.

Discussion
In this study, we analyzed CT images of patients with 
TBI from the CENTER-TBI database and extracted 
imaging characteristics and radiomic features to predict 
intracranial hypertension. Radiomic features had a strong 
ability to predict intracranial hypertension, surpassing 
morphological imaging characteristics. When combining 
radiomic features and imaging characteristics, the model 
maintained high predictive ability and was more stable 
(with a higher F1 score).

Timely and accurate evaluation of intracranial 
hypertension is vital for making effective decisions in TBI 
management. Invasive parenchymal or intraventricular 
ICP probes are standard procedures for monitoring 
intracranial pressure. No robust noninvasive approaches 
exist to monitor IVP continuously, although transcranial 
Doppler monitoring and optic nerve sheath diameter 
measurement offer potential, and efforts in analyzing 
radiological images such as CT and MR images are 
continuing [13, 14].

In recent years, various studies have highlighted the 
value and potential of radiomics in diagnosing and treat-
ing neurological disorders, as it is recognized in academia 
for its robustness and adaptability [15, 16]. Radiomics 
is also commonly used to analyze spatial relationships 
between pixel values in images and can quantitatively 
describe "invisible" image changes [17]. Bo and colleagues 
constructed a combined model of radiomic features and 
clinical features to predict hematoma enlargement and 

Fig. 4  ROC of four separate models and the comprehensive model. a: morphology model; b: first-order model; c: second-order model; d: 
third-order model; e: the comprehensive model
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clinical prognosis and reported promising results [18]. 
Nomograms based on radiomic features have been devel-
oped in multiple studies and have shown significant value 
in predicting mortality and clinical outcomes after TBI 
[19, 20]. Therefore, combining multiple features, primar-
ily radiomic features, appears to be a promising approach 
for informing clinical prediction. The reason may be that 
radiomics effectively compensates for "subjective errors" 
or confounders, which may be present when imaging 
characteristics are assessed. For example, midline shift in 
patients with bilateral cranial injuries may not always be 
evident [21], and diffuse axonal injury patients often lack 
typical characteristics on CT scans [22]. Therefore, what 
is not visible is not necessarily absent and can be detected 
by radiomics, thus providing more detailed informa-
tion. However, relatively few studies on the prediction of 
adverse events such as intracranial hypertension using 
radiomics exist. In our study, we analyzed radiomic fea-
tures, and we confirmed their powerful ability to predict 
intracranial hypertension. Combining radiomic features 
with imaging characteristics increased the dimensional-
ity of the model, thereby increasing the resolution of the 
model predictions (the F1 score of the comprehensive 
model increased).

In constructing and evaluating a single model, with the 
exception of the morphological model that incorporates 
12 features, the other three models include 18, 20 and 14 
features, respectively. The current sample size determines 
this to ensure the statistical power of the study. The best 
single model was constructed with third-order features 
(AUC = 0.86), suggesting that it may be the preferred 

prediction indicator for imaging analysis in TBI patients, 
especially considering computational costs and conveni-
ence. Compared with a single model, a comprehensive 
model can capture more information about textures 
related to CT images, improving predictive performance. 
Possible reasons for the improved prediction perfor-
mance of the comprehensive model include the follow-
ing: (1) the features provide essentially complementary 
information to comprehensively characterize the ICP 
from multiple angles, such as gray, morphological, and 
spatial angles; (2) different features are relatively inde-
pendent, and collinearity analysis of imaging characteris-
tics is also carried out to ensure low correlation between 
different features.

We developed a protocol for a fully automated ROI 
segmentation algorithm based on grayscale thresholds 
and morphological structures. The aim of the protocol 
was to minimize the radiomic limitation of poor 
reproduction. In addition, for the segmentation of 
the ROI in this study, the segmented area is defined 
as all intracranial areas after the skull is removed. It 
is generally believed that delineating the ROI should 
follow the contour of the lesions layer by layer, and 
the ideal segmentation standard for the ROI does not 
include any normal tissues, which is the main idea 
behind current ROI segmentation. We included regions 
in the ROI area that contained both lesion tissue and 
normal tissue, contrary to the traditional approach of 
ROI extraction [23, 24]. The reason for this difference 
lies in the fact that the primary goal of traditional 
radiomic analysis is to reveal the nature of lesion areas, 

Table 2  Accuracy, precision, recall, Fl score and AUC of all models using LR classifier in external validation dataset

Characteristics Training group Testing group Validation group
(N = 705) (N = 177) (N = 84)

Sex

Male (%) 492(68.18) 130(90.91) 63(75.82)

Female (%) 213(31.82) 47(9.09) 21(24.18)

Age (mean ± std, years old) 46.26 ± 12.66 44.64 + 12.15 47.75 ± 13.45

GCS (median [IQR]) 6[4, 7] 6[4, 7] 6[5, 7]

Pupillary reflex

Both present (%) 359(52.29) 89(45.46) 40(48.34)

One absent (%) 138(20.92) 46(27.27) 16(19.21)

Both absent (%) 208(26.80) 42(27.27) 28(32.45)

Operation

Yes (%) 542(76.62) 147(81.82) 67(80.39)

No (%) 158(23.38) 30(18.18) 17(19.61)

Systolic BP (median [IQR], mmHg) 125(116,138] 130(116,130] 130(119,138]

Intracranial hypertension

Yes (%) 142(20.14) 43(24.29) 20(23.81)

No (%) 563(79.86) 134(75.71) 64(76.19)
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whereas the predicted indicator in this study was the 
ICP, a parameter reflecting the overall intracranial 
condition. Therefore, the choice of ROI in this study 
included the overall brain structures (including 
hematomas, edema, and ventricles).

Limitations of this study include the following aspects: 
(1) During the patient inclusion process, patients with 
elevated ICP in whom ICP monitors were not placed 
were not identified as high-risk patients and were 
thus excluded. (2) There was a time interval between 
the head CT examination and the ICP measurement. 
Additionally, in the present study, we did not record the 
time intervals from the occurrence of the event to the CT 
examination or from admission to the CT examination. 
(3) In the process of image segmentation, we analyzed 
the brain region on slices containing hematomas, not 
the whole-brain region. Therefore, we were unable to 
obtain a complete understanding of the voxel changes 
caused by TBI in the entire three-dimensional space 
of the skull cavity. Additionally, algorithms that focus 
on slices with hematomas, while accurately extracting 
radiomic features related to hematomas, may miss crucial 
markers of intracranial hypertension, such as edema or 
tonsillar herniation. (4) When a model is constructed, 
manual labeling of morphological features is indeed 
indispensable because the accuracy of data labeling can 
be ensured. However, there are also drawbacks to the 
use of this method, as it is labor intensive and affected 
by subjective factors. (5) In this study, the traditional 
semantic method was used in image segmentation, 
which results in a certain degree of information loss. In 
subsequent research, a deep learning model can be used 
to better exploit the abundance of image information.

Conclusion
In this study, we successfully constructed intracranial 
hypertension prediction models on the basis of data from 
the CENTER-TBI database via radiomic and imaging 
characteristics. These models were externally validated 
on an independent cohort from China. A fully automated 
CT image segmentation method was adopted to improve 
the objectivity of the models. Models based on radiomic 
features performed well in both the development and 
validation cohorts. Combining radiomic features with 
imaging characteristics improved model performance, 
providing a novel and promising method for the 
prediction of intracranial hypertension using CT image 
analysis.
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