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Abstract

Radiomics analysis of hematoma texture
and correlation with hematoma expansion
in spontaneous ICH

A v Park Chan— Young
Translational medicine
The Graduate School
Seoul National University

Keywords : intracerebral hemorrhage, radiomics, hematoma
expansion
Student Number : 2016—20026

The purpose of this study is to evaluated the correlation between
the hematoma growth and the texture characteristics of the
hematoma using radiomics.

This study included 224 patients with intracerebral hemorrhage
(ICH) who underwent CT within 12 hours from onset. Radiomics
analysis was performed on the hematoma were extracted.

In addition to the existing imaging findings suggesting the risk of
hematoma growth, some of the texture characteristics obtained
through radiomics analysis, such as hematoma size, average
houndsfield units, contrast, energy, inverse difference levels, and
run length non—uniformity in contrast matrix analysis, were related
with hematoma growth.

The image texture characteristics by radiomics analysis can help
predict the risk of hematoma growth, and it would be possible to
predict the risk of hematoma growth through quantitative computer

analysis and machine learning in the future.
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31 Baseline Characteristics

No Expansion Expansion p—values
(n=148) (n =76)
Demographics
Age 61.8 = 13.2 679 = 13.6 <0.01
Male 93 (62.8%) 49 (64.5%) 0.93
Past medical history
Hypertension 119 (80.4%) 63 (82.9%) 0.79
Diabetes mellitus 27 (18.2%) 21 (27.6%) 0.15
Hyperlipidemia 35 (23.6%) 22 (28.9%) 0.48
Atrial fibrillation 10 (6.76%) 10 (13.2%) 0.18
Prior antithrombotic 34 (23.0%) 25 (32.9%) 0.15
Prior anticoagulant 16 (7.14%) 10 (13.2%) 0.03
Clinical information
Baseline NIHSS score 12.8 = 7.72 15.3 £ 7.73 0.03
Onset to CT time, hours 3.26 = 3.00 2.87 = 2.89 0.35
Systolic BP, mmHg 174 £ 35.1 167 £ 32.3 0.12
Diastolic BP, mmHg 96.6 £ 22.4 91.7 £ 21.0 0.11
Image information
ICH location <0.01
Basal ganglia 66 (44.6%) 27 (35.5%)
Thalamus 47 (31.8%) 11 (14.5%)
Lobar 19 (12.8%) 23 (30.3%)
Infratentorial 16 (10.8%) 15 (19.7%)
CT markers
Black hole sign 21 (14.2%) 19 (25.0%) 0.07
Blend sign 19 (12.8%) 22 (28.9%) 0.01
Island sign 57 (38.5%) 33 (43.4%) 0.57
Satellite sign 71 (48.0%) 39 (51.3%) 0.74
Laboratory information
Hemoglobin 14.2 (1.89) 13.3 (2.34) <0.01
Hematocrit 42.4 (5.32) 39.8 (6.71) <0.01
Platelet 217 (61.4) 211 (61.2) 0.53
NIHSS indicates National Institutes of Health Stroke Scale; CT, computed

tomography; ICH, intracerebral hemorrahge; BP, bloop pressure

10




%2 Baseline hematoma feature

No Expansion Expansion p—values
(n=148) (n=76)
Shape based feature
Volume 14.19 £ 14.23 22.78 £ 24.2 0.01
Surface volume ratio 0.64 *=0.37 0.64 *0.26 0.1
Sphericity 0.43 £ 0.11 0.36 £0.10 <0.01
Enlongation 0.73 = 0.13 0.70 = 0.16 0.14
Flatness 0.52 = 0.12 0.51 = 0.14 0.71
First order feature
Entropy 0.89 £ 0.18 0.86 £ 0.12 0.09
10%ile 46.6 = 2.40 46.4 = 1.03 0.40
Mean 58.4 = 3.63 56.7 = 3.04 <0.01
90%ile 69.1 = 4.95 66.6 £ 4.31 <0.01
Skewness 0.06 £0.41 0.20 £ 0.34 0.01
Kurtosis 2.39 £ 1.02 2.49 = 0.6 0.38
Variance 73.5 = 38.5 58.9 = 20.3 <0.01
Uniformity 0.63 £ 0.08 0.63 £ 0.07 0.93

11




i# 3 DBaseline texture feature
No Expansion Expansion p—values
(n=148) (n=76)
GLCM
Autocorrelation 3.71 £ 0.77 3.43 = 0.38 <0.01
Contrast 0.27 £ 0.09 0.25 £ 0.07 0.07
Energy 0.50 £ 0.12 0.51 £ 0.11 0.63
Entropy 1.52 = 0.38 1.45 = 0.26 0.09
Inverse difference 0.87 = 0.04 0.88 £ 0.04 0.24
GLRLM
Short Run Emphasis 0.57 £ 0.07 0.57 = 0.07 0.90
Long Run Emphasis 35.7 £ 23.6 40.6 £ 27.1 0.18
Run Length Non Uniformity 2812 * 3844 4065 *= 4214 | 0.03
GLSZM
Small Area Emphasis 0.33 £ 0.09 0.36 £ 0.07 0.04
Large Area Emphasis 1756K*1930K 3769K*=5443K | <0.01
Size Zone Non Uniformity 26.0 = 55.1 38.4 = 56.6 0.12

GLCM indicates Gray Level Co-occurrence Matrix; GLRLM, Gray Level Run Length
Matrix; GLSZM, Gray Level Size Zone Matrix.

12
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3% 4 Multivariate analysis

OR | 95% CI | p—values

GLCM

Autocorrelation 0.23 [0.10, 0.49] <0.01
GLRLM

Run Length Non Uniformity | 1.0 [1.0 1.0] 0.15
GLSZM

Small Area Emphasis 5.37 [0.11 259.331] | 0.39

Large Area Emphasis 1.00 [1.00 1.00] 0.17

OR, odds ratio; CI, confidence interval.

Adjusted with four known predictors (onset to first CT time [hr], initial

hematoma volume [mL], previous antiplatelet and anticoagulant use)
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