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ARTICLE INFO ABSTRACT

Keywords: Objective: To explore the value of radiomics features on non-contrast computed tomography (NCCT) in pre-
Radiomics dicting early enlargement of spontaneous intracerebral hemorrhage (SICH).

Intracerebral hemorrhage Patients and Methods: 167 patients with SICH were divided into enlarged hematoma and non-enlarged hema-
Enlargement toma groups based on the volume of hematoma on 24-h follow-up CT images > 30% and/or 6 ml of the baseline
f\;)gn;rpi:;er;istomography NCCT. The baseline NCCT images of all cases were imported into radiomics software to extract the radiomics

features of the initial hematoma. For each case, the features with good predictability were retained after the
feature-selected process; the remaining features were used to construct model with 23 algorithms one-by-one. A
5-fold method was used to cross-validate the model and repeated 5 times. The algorithm model with the highest
accuracy was selected as predictive model for hematoma enlargement (HE) in SICH, its average parameters
including AUC, accuracy, sensitivity, specificity, F1 score, positive predictive value (PPV), negative predictive
value (NPV), false positive rate (FPR), false negative rate (FNR),and false discovery rate (FDR) were taken as
evaluating indicators.

Results: A total of 1227 texture features of each cerebral hematoma were obtained. After the feature-selected
process, 4 features (wavelet-LHL mean, wavelet-LLL _ Idm, wavelet-LLL _run length non-uniformity normalized,
and wavelet-LLL _contrast) remained to construct the predictive models. Among 23 model algorithms, Linear
Support Vector Classifier showed the highest accuracy (72.6%), and eventually was selected as the predictive
model, its AUC, accuracy, sensitivity, specificity, F1 score, PPV, NPV, FPR, FNR, and FDR were 0.729,
0.726,0.717,0.736,0.714, 0.736, 0.741, 0.264, 0.283 and 0.264, respectively.

Conclusion: Radiomics features of cerebral hematoma on baseline NCCT images showed good performance in
predicting HE of SICH.

1. Introduction

Spontaneous intracerebral hemorrhage (SICH) is a blood clot that
arises in the brain parenchyma in the absence of trauma or surgery, it
accounts for 10%-15% of all strokes [1,2] and is associated with higher
mortality rate (44%-50%) [3]. Nearly one-third of SICH patients will
develop hematoma enlargement (HE) most commonly in the first sev-
eral hours after symptom onset [4-7], which related to worse clinical
outcomes [8]. Therefore, effective prediction for HE is of great sig-
nificance for timely intervention and improvement of patient prognosis.

Non-contrast computed tomography (NCCT) scanning is the first
diagnostic procedure of choice in patients with acute stroke [1]. Pre-
vious studies have identified various heterogeneity signs based on
NCCT images as predictors for HE, including the swirl sign, blend sign,

and black hole sign [9], which consistently emphasize hypo- or iso-
attenuation regions within hyper-attenuated hematomas. Indeed, the
heterogeneous signs of hypo- or iso-attenuation regions may indicate
fresh bleeding [10]. Although the NCCT signs mentioned above are
accepted predictors worldwide, the assessment of the signs is inevitably
subjective. In addition, despite the proposed grading system based on
NCCT for prediction of HE [11], the evaluation is still semi-quantitative
and the sensitivity and accuracy are restricted. Therefore, we need to
find more quantitative, sensitive, and accurate heterogeneous markers
on NCCT images as new predictors for HE.

Radiomics, the high-throughput extraction of large amounts of
image features from radiographic images, is a new, quantitative ap-
proach for image analysis [12]. In the last few years, radiomics has been
mainly used in the field of tumor heterogeneous research and has given
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rise to contributions in tumor diagnosis, classification, prediction of
tumor outcomes, and therapeutic effects. For example, Liang et al. [13]
adopted a supervised learning method to analyze the CT images of 494
patients with colorectal cancer and showed that a radiomics signature
was validated as a significant predictor for discrimination between
stages I-II and III-IV colorectal cancer.

Few studies, however, have predicted HE in SICH using a radiomics
approach to date. We introduce radiomics imaging analytic method
based on NCCT in this study to quantify the heterogeneity of hema-
tomas in order to find more quantitative, sensitive, and accurate in-
dicators for predicting HE.

2. Materials and methods
2.1. Patients

This study was approved by the local Medical Ethics Committee of
Wuhan Central Hospital. We retrospectively collected 215 cases of pa-
tients with SICH from May 2017 to February 2019. All patients un-
derwent baseline NCCT within 6 h after the onset of symptoms and had
a follow-up CT evaluation at 24 h. The exclusion criteria were as fol-
lows: (1) cerebral hemorrhage caused by trauma, aneurysms, vascular
malformations, venous sinus emboli, and tumors; (2) isolated ven-
tricular, subdural, or epidural hemorrhage;(3) hematoma removal
surgery before the 24-h follow-up CT; and (4) CT images with artifacts.
Of the 215 intracranial hematoma cases, 48 cases were excluded, and
167 cases were included in this study.

Clinical data were collected, including age, gender, admission sys-
tolic blood pressure, Glasgow score, time to baseline NCCT and initial
volume of the hematoma.

2.2. CT imaging acquisition

A second generation 128-slice dual-source CT scanner (Siemens,
Somatom Definition, Germany) was used for the NCCT scan. The
scanning range was from the skull base to the top with scan thickness of
5mm, a tube current of 587 mAs, a tube voltage of 120 KV, a field of
view (FOV) of 25 cm, and a matrix size of 512 X 512.

2.3. Hematoma volume calculation and grouping

Hematoma volumes on the baseline NCCT and 24-h follow-up CT
were calculated according to the following formula: A x Bx C/2 [14].
HE was defined as the volume of hematoma on 24-h follow-up CT
images > 30% and/or 6 ml on the baseline NCCT [15]. After volumes
calculated, 42 cases were divided to the HE group and 125 cases were
non-HE group.

2.4. Hematoma delineation and segmentation

The baseline NCCT images were derived from the Picture Archiving
and Communication System (PACS) with a uniform window position of
35 HU and a window width of 90 HU. The baseline NCCT images were
imported to In-home radiomics tool base on Mat-Lab software
(Philips_Radiomics_v93; Philips Investment Co., Ltd., Shanghai, China)
to obtain texture features. The outlines of all cerebral hematomas were
drawn manually layer-by-layer and the three-dimensional volumes of
interest (VOIs) were formed, then a large number of texture parameters
of the VOIs were automatically calculated. The process of hematoma
delineation and segmentation is showed in Fig. 1.

Image analysis was performed by an experienced radiologist and a
resident. Twenty patients were randomly selected to evaluate the
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consistency of the surveyor and between the surveyors. The twenty
hematomas were first drawn by physician 1, then re-drawn by the same
physician 1 week later. Physician 2 drew the outlines of the 20 hema-
tomas only once.

2.5. Radiomics features extraction

A total of 1227 radiomics features were obtained for each case.
Texture features were divided into four groups. Group 1 included 17
shape-based features reflecting the shape and size of the target region.
Group 2 covered 19 first order texture features reflecting gray-scale
histogram information.5 types based on the calculations obtained from
the grey level co-occurrence matrix(GLCM), gray level size zone matrix
(GLSZM), and grey level run length matrix(GLRLM), neighborhood
grey-tone difference matrix(NGTDM), and grey level dependent matrix
(GLDM) were classified to Group 3, 75 features in all. Group 4 (higher-
order features), with 1116 features, included the intensity and texture
features in Group 3 that were derived from the wavelet transformation
and the filters of exponential, square, squareroot, logarithm, laplacian.

2.6. Radiomics features selection and machine learning

The radiomics features analysis was implemented by Python soft-
ware. A machine learning algorithm was used to analyze texture fea-
tures and another sampling algorithm was applied to balance the data
of different classes and randomly selected 42 of 125 non-HE patients.
Eighty-four patients (42 HE and 42 non-HE patients) were included in
the following analysis.

Radiomics features selection:

All features for each case were first analyzed by Pearson correlation
with the classification labels, and the features with label correlation
coefficient > 0.2 and p < 0.1 were retained. The retained features
were used for clustering analysis and those with correlation > 0.75
were defined as highly similar features, the redundant features with
high similarity were removed and the final remaining features were
used to establish predictive models.

Model construction and selection:

The remaining features were used to construct model with 23 al-
gorithms one-by-one.

The retained features were used to construct models with 23 model
algorithms one-by-one. 5-fold method (all cases were divided into 5
parts, 4 parts used for model training,1 part used for validation) was
used to cross-validate the models and repeated 5 times. The average
predictive parameters were obtained after training, and the model with
the highest accuracy was selected as predictive model. The parameters
of predictive model including AUC, accuracy, sensitivity, specificity, F1
score, PPV, NPV, FPR, FNR, and FDR were used to evaluate the diag-
nostic efficacy in predicting HE.

The flow chart of radiomics features extraction and analysis is
showed in Fig. 2.

3. Statistical analysis

IBM SPSS Statistics 22 statistical analysis software (New York, USA)
was used to perform the statistical analysis. The categorical/dichot-
omous variables (gender) were analyzed using a %2 test, and continuous
variables (age, admission systolic blood pressure, Glasgow score, time
to baseline NCCT, and volume of the initial hematoma) were analyzed
by t-test or Mann-Whitney U test; p < 0.05 was considered to represent
a statistically significant difference.

Using the intraclass correlation coefficient(ICC)to evaluate the
consistency of the surveyor and between the surveyors. ICC < 0.4
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Fig. 1. a: The basal ganglia hematoma on baseline NCCT images. b: Hematoma delineation and segmentation. c: The three-dimensional volume of hematoma after

segmentation. d: The hematoma developed enlargement on 24-h follow-up NCCT.

indicated the reliability of the data was poor, while ICC > 0.75 sug-
gested high data credibility.

4. Results
4.1. Clinical characteristics

Despite the time to baseline CT significant difference between the
two groups (2.0[1.0-2.0] vs 2.0[1.5-4.0]; p = 0.009),there were no
significant differences in gender (male%) (69.05% vs 59.20%), age
(57.314+11.41 vs 59.11+12.84), admission systolic blood pressure
(171.21+25.48 vs 168.41+26.40),Glasgow score(11[7-13.5] vs
14[12.5-15]), and initial volume of the hematoma(20.20 +20.46 vs
14.86 +14.08) between the groups (p > 0.05)(Table 1).

4.2. Radiomics features selection

After Pearson correlation analysis and clustering analysis, four
texture features (FirstOrder wavelet LHL Mean,GLCM_wavelet LLL_
Idm,GLCM_wavelet_LLL_Contrast, GLRLM_wavelet-LLL,_RunLengthNon
UniformityNormalized)were retained for building models(the defini-
tion of the features can be found at https://pyradiomics. read-
thedocs.io).

Table 1

Comparison of clinical data between two groups. *p < 0.05.
Clinical variables HE group Non-HE group P value
Gender, male (%) 29(42) 74(125) 0.256
Age, years (mean + SD) 57.31+11.41 59.11+12.84 0.420
ASBP(mm Hg) 171.21 +25.48 168.41 +26.40 0.543
Time to baseline CT(h) 2.0(1.0-2.0) 2.0(1.5-4.0) 0.009*
GCS(score) 11(7-13.5) 14(12.5-15) 0.119
Initial hematoma volume(ml) 20.20 +20.46 14.86+14.08 0.061

4.3. Diagnostic performance of the radiomics model

After cross-validation training with 5-fold method repeated five
times, Linear Support Vector Classifier showed the highest accuracy of
72.6% among the 23 model algorithms (Fig. 3), so we selected Linear
Support Vector Classifier as predictive model. Fig. 4 shows the confu-
sion matrix - cross-validation database of Linear Support Vector Clas-
sifier.

The accuracy, sensitivity, specificity, F1 score, PPV, NPV, FPR, FNR,
and FDR of Linear Support Vector Classifier in predicting HE are 0.726,
0.717, 0.736, 0.714, 0.736, 0.741, 0.264, 0.283, and 0.264, respec-
tively (Fig. 5). Fig. 6 shows five ROC curves after cross-validation
training five times, average ROC curve (blue color) and their respective

baseline NCCT adiomics  extracting texture fe“‘“: € retained valuable
. oftware selection
images features features
23 algorithms
5-fold method
the finally model .3
predictive model |selection building models

Fig. 2. The flow chart of texture analysis.
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Fig. 3. Accuracy ranking of 23 model algorithms.

AUC values (0.74, 0.88, 0.58, 0.66, 0.79, 0.73 + 0.10, respectively).
4.4. The consistency of the surveyor and between the surveyors

The radiomics features obtained twice by physician 1 were com-
pared, and the ICCs were between 0.786 and 0.998 which indicated
satisfactory consistency for the surveyor himself (Table 2). The features
extracted by physician 1 at first time were compared to those measured
by physician 2 and the ICCs were between 0.878 and 0.972, also in-
dicated a superior consistency (Table 3).

5. Discussion

This study built predictive models based on radiomics features fil-
tered by Pearson correlation analysis and clustering analysis, the result
illustrated that Linear Support Vector Classifier showed a good per-
formance in predicting HE. Like previous studies [16-19], this study
further confirmed that the heterogeneity of the hematoma was helpful
in predicting HE. Previous studies have proposed several effective
NCCT heterogeneity markers, such as the blend, swirl, and black hole
signs. These signs describe different hypo- or iso-attenuation regions
within the hyper-attenuated hematoma [20]. The heterogeneity on CT
attenuation of hematomas depends on the time course of hemorrhage,
therefore the hypo- or iso- and hyper-attenuation areas reflect different
stages of hemorrhage. The hyper-attenuation areas represent coagu-
lated and contracted clots, while the hypo- or iso-attenuation regions
represent fresh bleeding [21,22]. So, the more active bleeding points in
the hematoma, the more hypo- or iso-attenuation regions, and the
greater the heterogeneity of the hematoma. The occurrence of HE may
present a cascade reaction of continuous active bleeding within the
initial hematoma that results in the rupture of peripheral blood vessels
[23,24], there are often one or more active bleeding points in and
around the enlarged hematoma, so the heterogeneity of the hematoma
with a tendency to enlarge may be greater than that of a stable he-
matoma. This study showed that radiomics features can reliably dis-
tinguish between hematomas with a tendency to enlarge from stable
hematomas, the difference in heterogeneity between the two types

might be the main cause.

Among the previously proposed NCCT heterogeneous markers, the
black hole sign showed the best predictive value (AUC = 0.64170.646,
sensitivity = 33.8%743.75%) [20,25]. The black hole sign was defined
as: hypo-attenuation areas (black holes) with round, oval or rod shape,
recognizable boundaries and not connected to adjacent brain tissues
encapsulated in hyper-attenuation hematomas. Obviously, it is a sub-
jective indicator. The radiomics method introduced in this study could
quantitatively extract heterogeneous parameters of hematoma and
avoid subjectivity. Our result showed the AUC and sensitivity of the
NCCT texture features in predicting HE were 0.729 and 71.7%, sig-
nificantly higher than the black hole sign. The reasons may be as fol-
lows: firstly, NCCT texture features are quantitative indicators and
more objectively, more accurately than black hole sign; secondly, the
black hole sign is a single and macroscopic indicator, while NCCT
texture features are a large number of micro-indicators, which give a
more comprehensive and accurate evaluation.

Previous studies reported that the spot sign is more accurate and
sensitive than NCCT markers in predicting HE [26,27], recommended
as an independent predictor of HE [28-30]. The spot sign refers to one
or more foci of contrast enhancement within an acute primary par-
enchymal hematoma that is visible on CT images after injection of
contrast medium [31], reflecting continuous bleeding of ruptured ves-
sels. The pathophysiology underlying the spot sign is still unclear, but
could involve progressive small vessel damage following SICH [32].
The sensitivity of the spot sign for predicting HE varied greatly, ranging
from 57.14%-91%, so how the sensitivity it is controversial. In addi-
tion, the incidence of spot signs is low (20%-30% of patients with SICH
undergoing CTA scans) [28,33]. Moreover, the appearance of the spot
sign relies on CTA, CTP, or an enhanced CT examination, which depend
injection of a contrast agent, more expensive, time-consuming, and a
larger radiation dose than NCCT, therefore it’s not recommended as the
first choice in clinic [9]. Sporns et al. [27] compared the predictive
value of NCCT heterogeneity signs with CTA point signs for HE and
found that NCCT heterogeneity signs showed a good correlation with
spot sign, which indicated that spot sign may have the same patho-
physiologic basis as the hypo- or iso-attenuation regions on NCCT.
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Fig. 4. The confusion matrix -cross-validation database of Linear Support
Vector Classifier.

Therefore, in general, it is more significant to study the heterogeneity of
hematoma on baseline NCCT than contrast CT. In fact, our study further
confirmed that heterogeneity of hematoma on NCCT indeed has high
value in predicting HE.

There are some limitations in this study. First, this study was ret-
rospective design from a single-center and the sample size was small, a
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Fig. 6. The ROC curve of Linear Support Vector Classifier in predicting HE.

larger prospective multi-center study is needed to provide more insight
in this issue. Second, we used ABC/2 scores with 5mm-thickness-slice to
determine the volume of intracranial hematoma, and this formulator is
sufficiently accurate when the hematoma at local or central sites,

Model Performance On Cross-Validation Dataset
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Fig. 5. a,b: The average predictive parameters of Linear Support Vector Classifier.
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Table 2

The consistency analysis of texture parameters measured twice by physician 1.
Texture features 1CC 95%CI
FirstOrder_wavelet LHL,_Mean 0.786 0.307-0.947
GLCM_wavelet LLL_Idm 0.907 0.644-0.978
GLCM_wavelet_LLL_Contrast 0.904 0.635-0.978
GLRLM_wavelet-LLL_RunLengthNonUniformityNormalized 0.998 0.990-0.999

Table 3

The consistency analysis of texture parameters measured by two physicians.
Texture features ICC 95%CI
FirstOrder_wavelet_LHL_Mean 0.900 0.649-0.974
GLCM_wavelet-LLL_Idm 0.965 0.867-0.991
GLCM_wavelet_LLL_Contrast 0.878 0.585-0.968
GLRLM_wavelet-LLL_RunLengthNonUniformityNormalized 0.972 0.892-0.993

however, accuracy decreases with large, irregular, or lobar clots, thus Acknowledgements

volumetric 3-D analysis with thinner-slice images might be a best
choice if time-consuming is not in consideration, and we expect com-
puter-aid sketching method should be explored in the future. Third,
manual defined ROIs need a few additional minutes for radiomics
analysis, but prediction of hematoma with enlargement risk could be
benefit for treatment strategy. Moreover, this study is a preliminary
study on the feasibility of using radiomics method to predict HE, so no
specific texture features have been established as predictors. Our study
has proved that radiomic method is helpful in predicting HE, so we will
further look for specific radiomic features and the cut off values for
predicting HE in future studies.

6. Conclusion

In conclusion, Linear Support Vector Classifier based on four
radiomic features (FirstOrder wavelet LHL_Mean,GLCM_wavelet LLL_
Idm,GLCM_wavelet_LLL_Contrast, GLRLM_wavelet-LLL_RunLengthNon
UniformityNormalized) from NCCT images showed a good performance
in predicting HE, it’s more objective, fast, acceptable and comprehen-
sive than previous NCCT heterogeneity markers and the spot sign. The
method of radiomics texture analysis from NCCT images might provide
guidance for clinical individualized treatment.
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