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Radiomics analysis for predicting malignant cerebral edema in patients
undergoing endovascular treatment for acute ischemic stroke

Xuehua Wen

Xingfei Hu PURPOSE

Yanan Xiao Radiomics analysis is a promising image analysis technique. This study aims to extract a radiomics
signature from baseline computed tomography (CT) to predict malignant cerebral edema (MCE) in

Junfa Chen patients with acute anterior circulation infarction after endovascular treatment (EVT).

METHODS

In this retrospective study, 111 patients underwent EVT for acute ischemic stroke caused by mid-
dle cerebral artery (MCA) and/or internal carotid artery occlusion. The participants were randomly
divided into two datasets: the training set (n = 77) and the test set (n = 34). The clinico-radiological
profiles of all patients were collected, including cranial non-contrast-enhanced CT, CT angiography,
and CT perfusion. The MCA territory on non-contrast-enhanced CT images was segmented, and the
radiomics features associated with MCE were analyzed. The clinico-radiological parameters related
to MCE were also identified. In addition, a routine visual radiological model based on radiological
factors and a combined model comprising radiomics features and clinico-radiological factors were
constructed to predict MCE.

RESULTS

The areas under the curve (AUCs) of the radiomics signature for predicting MCE were 0.870 (P <
0.001) and 0.837 (P =0.002) in the training and test sets, respectively. The AUCs of the routine visual
radiological model were 0.808 (P < 0.001) and 0.813 (P = 0.005) in the training and test sets, respec-
tively. The AUCs of the model combining the radiomics signature and clinico-radiological factors
were 0.924 (P < 0.001) and 0.879 (P = 0.001) in the training and test sets, respectively.

CONCLUSION

A CT image-based radiomics signature is a promising tool for predicting MCE in patients with acute
anterior circulation infarction after EVT. For clinicians, it may assist in diagnostic decision-making.
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Diffusion-weighted imaging (DWI) is a
valuable technique for identifying the isch-
emic core. Rapid sequence magnetic res-
onance imaging (MRI) using DWI and flu-
id-attenuated inversion recovery sequences
has gradually emerged as a new screening
modality in people with suspected acute
ischemic stroke (AlS), especially where there
might be delays in obtaining full sequence
brain imaging. However, some limitations still
exist, such as limited access at some emer-
gency departments and the contraindica-
tions of MRI examination for some patients.
Computed tomography (CT) is a commonly
used imaging technique in clinical practice
for diagnosing and treating AIS. However,
some reported prognostic variables (i.e.,, MCE)
are imprecise when using conventional CT
methods (i.e., cranial CT scan).” Therefore,
new approaches that can promptly identify
MCE are needed.

Conventional CT images contain informa-
tion that cannot be evaluated visually but
may be assessed using image analysis tools.
Image textures correspond to the brightness
value and the position of image pixels. Image
texture analysis is a quantitative image anal-
ysis method that can improve the accuracy
of the diagnostic or classification information
extracted from different imaging methods,
such as ultrasound, CT, and MRI.? The correla-
tion between the radiomics signature based
on image textures and the progression of
MCE after EVT is not fully known. This study
hypothesized that the radiomics signature
might be an early predictor of MCE in patients
with acute anterior circulation infarction af-
ter EVT. Furthermore, this study evaluated
the predictive potential of asingle radiomics
signature and a model comprising a radio-
mics signature as well as clinical factors and
routine radiological parameters for MCE.

Methods

This retrospective study was approved
by the Zhejiang Provincial People’s Hospi-
tal's Ethics Committee (approval number:
2020QT7038), and informed consent was
waived due to its retrospective nature. The
clinical data and radiological findings of all

* The development of malignant cerebral
edema (MCE) may reduce the benefit-risk
ratio of endovascular treatment (EVT).

* Computed tomography-based radiomics
analysis may be used to predict MCE.

* A radiomics signature was built to screen
patients at high risk of MCE after EVT.

subjects were obtained from the medical re-
cords and the picture archiving and commu-
nication system of our hospital.

Study population

The clinical and radiological data of pa-
tients diagnosed with AIS caused by middle
cerebral artery (MCA) and/or internal carotid
artery (ICA) occlusion and who had under-
gone EVT were retrospectively reviewed from
the institutional databases between January
2018 and August 2021. Finally, a total of 111
patients were included (Figure 1).

The inclusion criteria were as follows: (1)
patients were diagnosed with AIS and un-
derwent EVT; (2) baseline cranial non-con-
trast-enhanced CT (NCCT), CT angiography
(CTA), CT perfusion (CTP) images, and the
follow-up CT/MRI images in case of neuro-
logical deterioration or within three days af-
ter EVT were available; and (3) patients had a
causative occlusion of the MCA and/or ICA.
The exclusion criteria were as follows: (1) the
presence of AlS in the areas supplied by the
posterior circulation or bilateral acute isch-
emic lesions demonstrated by neuroimag-
ing; (2) a modified Rankin Scale score of over

two before admission; (3) the presence of
symptomatic intracranial hemorrhage; and
(4) difficulty in image interpretation due to
incomplete images or artifacts.

Endpoint

The primary endpoint was the occurrence
of MCE, defined as a midline shift of over 5
mm at the pineal gland or septum pellucid-
um on the follow-up imaging, with the need
for decompressive hemicraniectomy.>'012

Imaging protocol

All participants underwent baseline CTP
and NCCT scans and had follow-up CT or
MRI. CTP and NCCT were performed using a
640-slice CT (Aquilion ONE TSX-301A, Toshi-
ba).

The whole-brain NCCT was performed in
one rotation (detector width: 16 cm). More-
over, CTP was acquired after the administra-
tion of a contrast agent (50 mL; Omnipaque,
GE Healthcare) through intravenous (IV)
injection at a rate of 6 mL/s, followed by 50
mL of saline (acquisition parameters: scan-
ning width, 5 mm; scanning coverage, 240
mm; 128 mAs; and 120 kV). At 7 s after the

scans (n=137)

Patients who received endovascular treatment for acute
ischemic stroke caused by MCA and/or ICA occlusion, and
underwent baseline NCCT, CTP, and follow-up CT/MR

Excluded patients (n=26)
Reasons:

(1) Images could not be interpreted due to artifacts
(n=4)

(2) With modified Rankin Scale score > 2 before

y

admission (n=5)

(3) With acute ischemic stroke in areas supplied by
the posterior circulation or bilateral acute ischemic
lesions demonstrated by the the neuroimaging
(n=7)

(4) With symptomatic intracranial hemorrhage
(n=10)

(n=111)

Included patients

—

Training set
(n=77)

il

Test set (n=34)

MCE (-)
(n=55)

MCE (+)
(n=22)

MCE (-)
(n=24)

MCE (+)
(n=10)

Figure 1. Flowchart of patient enrollment. MCA, middle cerebral artery; ICA, internal carotid artery; NCCT,
non-contrast enhanced computed tomography; CTP, computed tomography perfusion; CT, computed
tomography; MR, magnetic resonance; MCE, malignant cerebral edema.
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injection of the contrast agent, a pulsed full
rotation scan was performed with 18 time
points acquired over 1 min and a total image
acquisition time of 9.5 s. Multiphase CTAs,
including venous peak phase, venous late
phase, and arterial peak phase images, were
generated from CTP images using MIStar
(Apollo Medical Imaging Technology).

Clinical and routine radiological assess-
ment

The baseline neurological status of pa-
tients at admission was evaluated using the
National Institutes of Health Stroke Scale (NI-
HSS). The recanalization status after EVT was
assessed using the modified Thrombolysis in
Cerebral Infarction grading system.

Radiological images, including baseline
NCCT, CTR, and CTA, as well as follow-up
images, were reviewed and evaluated by
two neuroradiologists (H and X, with 6 and
10 years of clinical experience, respective-
ly). Any discordant interpretations between
the two raters were resolved by consensus
through discussion.

The Alberta Stroke Program Early CT Score
(ASPECTS) was calculated by subtracting the
score of the low-density regions from a total
score of 10 on NCCT images.'*

On CTA images, the thrombosis burden
was quantified to assess the clot in the an-
terior circulation using the clot burden score
(CBS), which starts at 10 and is deducted

based on the loss of contrast opacification on
CTA.™ The leptomeningeal collateral status
was evaluated on a 0-3 scale: 0, absent collat-
eral filling; 1, <50% collateral filling; 2, >50%
but <100% collateral filling; and 3, >100%
collateral filling when compared with the
non-occluded side."

On CTP images, the ischemic core was
defined by a decrease in the relative cerebral
blood flow to less than 30% of normal. The
ischemic lesion was defined as brain tissues
with a delay time (DT) of >3 s based on MiStar.

Image preprocessing and radiomics feature
selection

Radiomics analysis was conducted based
on baseline cranial NCCT (Figure 2).

Image data preprocessing, including
gray-level discretization, intensity normal-
ization, and image interpolation, was carried
out using the AK software (version 3.0.0. R,
Artificial Intelligence Kit, GE Healthcare).

The region of interest (ROI) of the whole
MCA territory was manually segmented on
a 3D volume of interest on NCCT images
using the ITK-SNAP software (www.itksnap.
org). The intra- and inter-rater agreement on
the ROl segmentation was evaluated using
intraclass correlation coefficients. Rater H
segmented the ROIs twice within a 2 month
interval. Intra-rater ICC was determined by
comparing the two measurements of rater H.
Inter-rater ICC was calculated by comparing
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Figure 2. Workflow of radiomics analysis. NCCT, non-contrast enhanced computed tomography; CTA, CT

angiography; CTP, CT perfusion; RO, region of interest.
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the ROIs in 30 randomly selected patients
(measured by raters X and H).

The extracted features included haralick,
histogram, formfactor, gray level co-occur-
rence matrix, run-length matrix, and gray
level size-zone matrix. For each patient, 396
features were extracted, which were then
standardized to remove the unit limits of the
data. Dimension reduction was carried out
using the correlation test, Mann-Whitney U
test, and analysis of variance. The features
were further selected using the least abso-
lute shrinkage and selection operator (LAS-
SO).

Development of the radiomics signature

Multivariate logistic regression analysis
was used to construct the radiomics signa-
ture, which was then used to predict MCE
based on selected features using the LAS-
SO. Subsequently, the radiomics score (rad-
score) of each patient was calculated. The
formula was derived from the training set
data and was then used to determine the
rad-score of the patient in the test set. The
predictive efficiency of the radiomics signa-
ture was evaluated using the receiver oper-
ating characteristic (ROC) curves in both the
training and test sets.

Development of the prediction model for
malignant cerebral edema

All parameters (i.e., sex, age, history of
hypertension, atrial fibrillation, hyperlip-
idemia, diabetes mellitus, alcohol abuse,
smoking, baseline NIHSS, hyperdense ves-
sel sign of the MCA, ASPECTS, collateral
score, occlusion site, CBS, ischemic lesion
volume, ischemic core volume, IV-type plas-
minogen activator (tPA), time from onset
to groin puncture, reperfusion grade, and
the radiomics signature) were screened to
identify variables associated with MCE. Fur-
thermore, multivariate regression analysis
was performed to construct a prediction
model for MCE. The model calibration was
assessed using the Hosmer-Lemeshow
test. The ROC curve was used to evaluate
the predictive ability of the model.

Statistical analysis

The MedCalc v15.2.2, SPSS v21.0, and
Microsoft R Open v3.3.1 software were used
for statistical analyses. Descriptive statistics
were presented as median (first quartile and
third quartile) for non-normally distributed
variables, and the mean + standard devia-
tion was used for the normally distributed
variables. Categorical variables were report-
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ed as frequencies (percentages). The LASSO
analysis was conducted based on the min-
imum criterion by 10 fold cross-validation.
The Student’s t-test, Mann-Whitney U test,
Pearson’s chi-square test, and Fisher’s exact
test were used to identify MCE-associated
variables. The Youden index in the ROC anal-
ysis was used to determine the best cut-off
point of CTP parameters and NCCT ASPECTS
for identifying patients with MCE. Multivar-
iate regression analysis was performed to
establish the radiomics signature, the rou-
tine visual radiological model, and the com-
bined model for predicting MCE. The ROC
curves were compared using the method
developed by Delong et al.'® The signifi-
cance level was established as a = 0.05.

Results

The intra- and inter-rater reliability

The intra-rater agreement on the ROl seg-
mentation between the two measurements

from the same rater was 0.896 (P < 0.001).
The inter-rater agreement between the two
raters was 0.842 (P < 0.001).

Baseline characteristics

A total of 111 patients were randomly
split into two datasets at a ratio of 7:37 as fol-
lows: the training set (n = 77) and the test set
(n=34).There were no significant differences
in the clinical or routine radiological charac-
teristics between the two sets (Table 1). The
rad-score, ASPECTS, ischemic core volume,
DT >3 s lesion volume, and IV-tPA were sig-
nificantly different between the MCE (+) and
MCE (-) groups in the training set (Table 2).

The radiomics signature

After identifying 187 features using the
Mann-Whitney U test and analysis of vari-
ance, 22 features were retained after the
Spearman correlation analysis. Moreover,
the LASSO analysis was performed, and 15

Table 1. Characteristics of the training and test sets

Variable Training set (n=77)  Test set (n = 34) P value
Male gender, n (%) 49 (63.6%) 22 (64.7%) 0.914
Age (years), mean + SD 72.1+£13.7 706 £12.7 0.575
Hypertension, n (%) 54 (70.1%) 24 (70.6%) 0.961
Diabetes mellitus, n (%) 11 (14.3%) 5(14.7%) 1.000
Hyperlipidemia, n (%) 16 (20.8%) 3 (8.8%) 0.123
Atrial fibrillation, n (%) 40 (51.9%) 14 (41.2%) 0.295
Smoking, n (%) 21 (27.3%) 11 (32.4%) 0.586
Alcohol abuse, n (%) 15 (19.5%) 9 (26.5%) 0.410
Baseline NIHSS, median (Q1, Q3) 17 (13-21) 17 (14-20) 0.951
ASPECTS on NCCT, median (Q1, Q3) 8(5-10) 8(6-9) 0.748
HVS of MCA, n (%) 43 (55.8%) 14 (41.2%) 0.154
Collateral score, median (Q1, Q3) 1(1-1) 1(1-2) 0.054
Vessel occlusion

Isolated MCA occlusion, n (%) 46 (59.7%) 18 (52.9%) 0.504
Isolated ICA occlusion, n (%) 5 (6.5%) 2 (5.9%) 1.000
Tandem ICA + MCA occlusion, n (%) 26 (33.8%) 14 (41.2%) 0.454
CBS, median (Q1, Q3) 6 (4-6) 5 (4-6) 0.165
Baseline CTP

Ischemic core volume (mL), median (Q1, Q3) 36 (9-84) 26 (10-63) 0.550
DT >3 s lesion volume (mL), median (Q1, Q3) 144 (85-231) 133 (67-237) 0916
Treatment characteristics

IV-tPA, n (%) 26 (33.8%) 7 (20.6%) 0.161
Onset to groin puncture in hours, median 5.1 (3.5-7.6) 5.5(3.7-73) 0703
(Q1,Q@3)

mTICl =2b, n (%) 72 (93.5%) 30 (88.2%) 0.452

SD, standard deviation; NIHSS, National Institutes of Health Stroke Scale; Q1, first quartile; Q3, third quartile;

NCCT, non-contrast-enhanced computed tomography; ASPECTS, Alberta Stroke Program Early CT Score; HVS,
hyperdense vessel sign; MCA, middle cerebral artery; ICA, internal carotid artery; CBS, clot burden score; CTP,
computed tomography perfusion; DT, delay time; IV-tPA, intravenous-tPA; mTICl, modified thrombolysis in cerebral

infarction.

features remained (Supplementary Table 1).
The rad-score was obtained using the LASSO
model, with a linear combination of the 15
features (Supplementary Materials). The val-
ues of the 15 features of each subject were
placed into the calculation formula, and the
rad-score was obtained to indicate the pre-
dictive efficiency for MCE.

The sensitivity, specificity, and AUC of the
radiomics signature for predicting MCE in the
training set were 86.36%, 76.36%, and 0.870
[95% confidence interval (Cl): 0.773-0.967],
respectively (Figure 3). The radiomics signa-
ture showed satisfying goodness-of-fit (P =
0.361). The sensitivity, specificity, and AUC in
the test set were 90.00%, 83.33%, and 0.837
(95% Cl: 0.655-1), respectively (Figure 3).

The routine visual radiological model

The routine radiological parameters for
the prediction of MCE were as follows: 1) AS-
PECTS with an AUC of 0.800 (95% Cl, 0.683-
0.917; P < 0.001); 2) ischemic core volume
with an AUC of 0.793 (95% Cl, 0.675-0.910; P
<0.001); and 3) DT >3 s lesion volume with an
AUC of 0.725 (95% Cl, 0.580-0.870; P=0.002).
The best cut-off values for the ASPECTS, isch-
emic core volume, and DT >3 s lesion volume
were 7,37, and 235, respectively (Table 3).

The sensitivity, specificity, and AUC of
the routine visual radiological model based
on the above radiological parameters were
77.27%, 78.18%, and 0.808 (95% Cl: 0.687-
0.929), respectively, in the training set (Fig-
ure 3). The routine visual radiological mod-
el showed satisfying goodness-of-fit (P =
0.200). The sensitivity, specificity, and AUC in
the test set were 70.00%, 87.50%, and 0.813
(95% Cl: 0.649-0.976), respectively (Figure 3).

The combined model

The combined model for predicting MCE in-
cluded the rad-score, ASPECTS, ischemic core
volume, DT >3 s lesion volume, and IV-tPA.

In the training set, the sensitivity, specific-
ity, and AUC of the combined model were
77.27%, 96.36%, and 0.924 (95% Cl: 0.850-
0.998), respectively (Figure 3). The combined
model showed satisfying goodness-of-fit (P=
0.662). In the test set, the sensitivity, specific-
ity, and AUC were 80.00%, 91.67%, and 0.879
(95% Cl: 0.712-1), respectively (Figure 3).

The participants were divided into high-
and low-risk groups according to the optimal
diagnostic cut-off value of the model (0.390).
The number of patients with MCE (+) was
significantly different between the high- and
low-risk groups in the training set (P < 0.001).
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Figure 3. (@) The ROC curve of the radiomics signature [AUC, 0.870 (0.773-0.967)], routine visual
radiological model [AUC, 0.808 (0.687-0.929)], and combined model [AUC, 0.924 (0.850-0.998)] for
predicting MCE in the training set. (b) The ROC curve of the radiomics signature [AUC, 0.837 (0.655-1)],
routine visual radiological model [AUC, 0.813 (0.649-0.976)], and combined model [AUC, 0.879 (0.712-1)]
for predicting MCE in the test set. ROC, receiver operating characteristic; AUC, area under the curve; MCE,
malignant cerebral edema.

Table 2. Comparison between patients with MCE (+) and MCE (-) in the training set

Variable MCE (n=22) non-MCE (n = 55) Pvalue
Male gender, n (%) 15 (68.2%) 34 (61.8%) 0.600
Age (years), mean + SD 73.0+134 71.8+13.9 0.731
Hypertension, n (%) 15 (68.2%) 39 (70.9%) 0.813
Diabetes mellitus, n (%) 3(13.6%) 8 (14.5%) 1.000
Hyperlipidemia, n (%) 6 (27.3%) 10 (18.2%) 0.371
Atrial fibrillation, n (%) 13 (59.1%) 27 (49.1%) 0.428
Smoking, n (%) 5 (22.7%) 16 (29.1%) 0.571
Alcohol abuse, n (%) 6 (27.3%) 9 (16.4%) 0.342
Baseline NIHSS, median (Q1, Q3) 18 (15-21) 17 (13-22) 0.436
ASPECTS on NCCT, median (Q1, Q3) 5(3-7) 8(7-10) <0.001*
HVS of MCA, n (%) 13 (59.1%) 30 (54.5%) 0.717
Collateral score, median (Q1, Q3) 1(1-1) 1(1-1) 0.850
Vessel occlusion

Isolated MCA occlusion, n (%) 10 (45.5%) 36 (65.5%) 0.106
Isolated ICA occlusion, n (%) 1 (4.6%) 4 (7.3%) 1.000
Tandem ICA + MCA occlusion, n (%) 11 (50%) 15 (27.3%) 0.057
CBS, median (Q1, Q3) 5 (4-6) 6 (4-7) 0.154
Baseline CTP

I(Bcr’e(;’i)c core volume (mL), median 85 (42-134) 22 (8-55) <0.001*
gﬁé;‘esm volume (mL), median 246 (130-304) 120 (77-192) 0.002*
Treatment characteristics

IV-tPA, n (%) 2(9.1%) 24 (43.6%) 0.004*
S}Zﬁ;;ﬂgg%;;””dure inhours, 5.5(2.9-8.3) 5.0 (3.5-7.5) 0.839
mTICl =2b, n (%) 19 (86.4%) 53 (96.4%) 0.137
Rad-score, mean = SD 3.54+13.62 -2.59+2.10 0.048*

*represents P < 0.05. MCE; malignant cerebral edema; SD, standard deviation; NIHSS, National
Institutes of Health Stroke Scale; Q1, first quartile; Q3, third quartile; NCCT, non-contrast-enhanced
computed tomography; ASPECTS, Alberta Stroke Program Early CT Score; HVS, hyperdense

vessel sign; MCA, middle cerebral artery; ICA, internal carotid artery; CBS, clot burden score;

CTP, computed tomography perfusion; DT, delay time; IV-tPA, intravenous-tPA; mTICl, modified
thrombolysis in cerebral infarction.
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Additionally, the results showed that the pa-
tients categorized into the high-risk group
in the test set were all patients with MCE (+)
(Figure 4).

The AUCs of the radiomics signature and
the combined model were significantly dif-
ferent (P = 0.049). The AUCs of the combined
model and the routine visual radiological
model were also significantly different (P =
0.020). However, there was no significant
difference in the AUC between the radiomics
signature and the routine visual radiological
model (P =0.354) (Table 4).

Discussion

MCE is a life-threatening condition with
high mortality rates. It is usually secondary
to the acute occlusion of the proximal MCA
trunk or the distal ICA."® Pathophysiologically,
early damage to cerebrovascular autoregula-
tion in the tissues surrounding the infarction,
increased vascular permeability, and the loss
of the integrity of the endothelial basal layer
altogether play important roles in the pro-
gression of MCE."*? The early detection of
MCE and the use of decompressive surgery
can improve the clinical outcomes of patients
with MCE.?'*2 However, the current methods
for detecting MCE are mainly reactive: wait-
ing for signs of clinical deterioration and mass
effect to appear before surgical intervention.
Therefore, the identification of early predic-
tors for MCE is of high importance.

Texture feature analysis is widely used in
radiomics, which allows the quantification
of internal heterogeneity that may not be
perceived by the naked eye, thus promoting
the identification and classification of differ-
ent tissues.? Until recently, few studies have
performed texture analysis of cerebral infarc-
tion. CT radiomics based on texture features
showed good performance in identifying
hyperacute or AlS lesions, assessing the ex-
tent of ischemic lesions, and determining the
time from symptoms onset in basal ganglia
infarction.** Kuang et al.?’ developed an
automated method to compute the ASPECTS
on NCCT images from patients with AIS. Ad-
ditionally, texture analysis based on MRI ef-
fectively identified the presence of ischemic
stroke lesions and detected hemorrhagic
transformation in patients with AIS.28% Fur-
thermore, in patients with stroke, the texture
features of brain MRI may provide early mark-
ers for poststroke cognitive impairment.*The
potential of texture features for predicting
MCE in patients with AIS caused by MCA and/
or ICA occlusion after EVT was evaluated. By
constructing a radiomics model, it was found

Wen et al.



that the radiomics signature based on texture
features was a valuable tool for identifying
patients at a high risk of MCE after EVT, with
AUCs of 0.870 and 0.837 in the training and
test sets, respectively.

By analyzing the correlation between
clinico-radiological factors and MCE, it was
found that the ASPECTS on NCCT, ischemic
core volume, DT >3 s lesion volume, and IV-
tPA were correlated with MCE. The ASPECTS,
ischemic core volume, and DT >3 s lesion
volume can indicate the extent of ischemia
or infarct lesion. Compared with patients
with MCE (-), patients with MCE (+) showed
lower ASPECTS, larger ischemic core volume,
and larger DT >3 s lesion volume. This finding
suggested that ischemia or infarction core
during the early stage was more severe in pa-

tients with MCE (+) than in patients with MCE
(-), which was consistent with the findings of
Tracol et al.>' A midline shift of over 3.9 mm
and an infarct volume of more than 220 mL
are predictors of severe brain edema and her-
niation.>? This study’s results further showed
that the proportion of the use of IV-tPA in
patients with MCE (+) was lower than that in
patients with MCE (-). It suggested that IV-tPA
could reduce the incidence of MCE, which
was in line with the findings of Fuhrer et al.?®
Treatment with IV-tPA lowered the odds of
experiencing MCE, with a reduced odds ratio
of 0.88 (95% Cl: 0.83-0.94).

With the development of analytical ap-
proaches and high-throughput technology,
the multiparameter approach has recently
become a useful tool for improving diagnos-

Table 3. AUC-ROC analysis of CTP and NCCT ASPECTS cut-off values for patients with MCE (-)

AUC (95% ClI) Pvalue Best cut-off Sensitivity Specificity
value (%) (%)
0.800 + 0.060 %
ASPECTS (0.683-0.917) <0.001 7 81.82 67.27
Ischemic core 0.793 + 0.060 "
volume (0.675-0.910) <0.001 37 86.36 67.27
DT >3 s lesion 0.725 +0.074 0.002* 235 59.09 90.91

volume (0.580-0.870)

*represents P < 0.05. MCE, malignant cerebral edema; AUC, area under the curve; ROC, receiver
operating characteristic; NCCT, non-contrast enhanced computed tomography; ASPECTS, Alberta
Stroke Program Early CT Score; DT, delay time; Cl, confidence interval; CTP, computed tomography

perfusion.

Table 4. Comparison of the ROC curves

Variable Difference between the areas (95% Cl) Pvalue
Combined model vs. radiomics signature LA UM 0.049*
Combined model vs. routine visual radiological 0.1160 (0.0179-0.213) 0.020*
model ’
Radiomics signature vs. routine visual 0.0620 (-0.0691-0.193)
. . 0.354

radiological model
*represents P < 0.05. ROC, receiver operating characteristic; Cl, confidence interval.

Training set Test set

WMCE () MMCE ()

MCE (+)

60

Count

Low risk High risk

(@)

MCE (+)

Count

Low risk

High risk

(b)

Figure 4. (a, b) Classification performance of the combined model in the training and test sets. MCE,

malignant cerebral edema.

tic performance Therefore, this study built
a model combining the radiomics signature,
clinical factors, and routine visual radiological
factors to predict MCE. Parameters related
to MCE, such as the radiomics signature, AS-
PECTS, ischemic core volume, DT >3 s lesion
volume, and use of IV-tPA, were included in
this model. The combined model exhibited
better differentiation capabilities than the ra-
diomics signature or the routine visual radio-
logical model, with AUCs of 0.924 and 0.879
in the training and test sets, respectively.

The limitations of this study should be
noted. First, information and selection bias-
es may exist due to the retrospective nature
of this study. Therefore, the validation of the
results in a prospective study is required.
Second, the sample size was considerably
small, and the proposed models were not
externally validated. Third, the difference be-
tween the combined model and radiomics
signature or the routine visual radiological
model was small, with only borderline sta-
tistical significance between the combined
model and radiomics signature. Therefore, a
large-scale, multicenter study is required to
validate the proposed multimodal diagnos-
tic approach. Despite the abovementioned
limitations, a prediction model for MCE after
EVT was established in this study by com-
bining the radiomics signature, clinical fac-
tors, and routine radiological factors, which
may facilitate the accurate early prediction
of MCE in patients with acute anterior circu-
lation infarction after EVT.

In conclusion, this study constructed a
model for predicting MCE in patients with
acute anterior circulation infarction after
EVT. These findings may contribute to the
accurate and early prediction of MCE and
assist clinical decision-making.
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Supplementary Materials

Least absolute shrinkage and selection operator (LASSO) is a powerful algorithm for regression analysis with high dimensional predictors.
In our study, we used LASSO to select the most important predictive features in the training set based on the “glmnet” package in R statistical
software version 3.3.1. There were 15 most valuable radiomics features left following LASSO. Details of the 15 radiomics features are shown
in Supplementary Table 1. The multivariate logistic regression was used to build the model of LASSO. At last, a formula was generated using a
linear combination of selected features that were weighted by their respective LASSO coefficients.

Supplementary Table 1. Information of radiomics features selected by least absolute shrinkage and selection operator

Category Feature Description

HighGreyLevelRunEmphasis_AllDirection_offset1_SD

LongRunEmphasis_angle0_offset4 The grey level run-length matrix (RLM) is defined as the numbers of
RLM LongRunHighGreylLevelEmphasis_AllIDirection_offset4_  runs with pixels of gray level i and run length j for a given direction 6.
SD RLM:s is generated for each sample image segment having directions
(0°,45°,90° &135°).

LongRunLowGreyLevelEmphasis_angle45_offset4
ShortRunEmphasis_angle45_offset7

Inertia_AllDirection_offset4_SD The grey level co-occurrence matrix (GLCM) represents the joint
differenceVariance probability of certain sets of pixels having certain grey-level values. It
GLCM calculates how many times a pixel with grey-level j occurs jointly with
sumEntrop another pixel having a grey value j, by varying the displacement vector
4 d between each pair of pixels.
Minlntensity . . . o
) Histogram parameters are concerned with properties of individual
Histogram Percentile10 pixels. They describe the distribution of voxel intensities within the
9 VoxelValueSum computed tomography image through commonly used and basic
metrics.
ClusterShade_AlIDirection_offset7_SD
Compactness2
Form factor Form factor parameters include descriptors of the three-dimensional
Sphericity size and shape of the lesion region.

The gray level size zone matrix (GLSZM) is the starting point of Thibault
matrices. For a texture image f with N gray levels, it is denoted GSf(s, g)
and provides a statistical representation by the estimation of a bivariate
conditional probability density function of the image distribution

HighintensitySmallAreaEmphasis values. It is calculated according to the pioneering Run Length Matrix
principle: the value of the matrix GSf (s, g) is equal to the number of
zones of size s and of gray level g. The resulting matrix has a fixed
number of lines equal to N, the number of gray levels, and a dynamic
number of columns, determined by the size of the largest zone as well
as the size quantization.

GLSZM

Rad-score calculation formula
Rad-score =-0.8398+0.8269xMinlIntensity
-0.5822x Percentile10
-0.3390xVoxelValueSum
-0.5025xClusterShade_AlIDirection_offset7_SD
-1.6389xInertia_AllDirection_offset4_SD
+0.7927xdifferenceVariance
+0.2364xsumEntropy
+0.0480xHighGreyLevelRunEmphasis_AlIDirection_offset1_SD
+0.0517xLongRunEmphasis_angle0_offset4
+0.2528%LongRunHighGreyLevelEmphasis_AlIDirection_offset4_SD
+7.4376xLongRunLowGreyLevelEmphasis_angle45_offset4
-0.3203xShortRunEmphasis_angle45_offset7
+0.4199xCompactness2
-0.2494xSphericity
-0.7987xHighIntensitySmallAreaEmphasis
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