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ABSTRACT

Purpose: Differentiating COVID-19 from other acute infectious pneumonias rapidly is challenging at present. This
study aims to improve the diagnosis of COVID-19 using computed tomography (CT).

Method: COVID-19 was confirmed mainly by virus nucleic acid testing and epidemiological history according to
WHO interim guidance, while other infectious pneumonias were diagnosed by antigen testing. The texture
features were extracted from CT images by two radiologists with 5 years of work experience using modified
wavelet transform and matrix computation analyses. The random forest (RF) classifier was applied to identify
COVID-19 patients and images.

Results: We retrospectively analysed the data of 95 individuals (291 images) with COVID-19 and 96 individuals
(279 images) with other acute infectious pneumonias, including 50 individuals (160 images) with influenza A/B.
In total, 6 texture features showed a positive association with COVID-19, while 4 features were negatively
associated. The mean AUROC, accuracy, sensitivity, and specificity values of the 5-fold test sets were 0.800,
0.722, 0.770, and 0.680 for image classification and 0.858, 0.826, 0.809, and 0.842 for individual classification,
respectively. The feature ‘Correlation’ contributed most both at the image level and individual level, even
compared with the clinical factors. In addition, the texture features could discriminate COVID-19 from influenza
A/B, with an AUROC of 0.883 for images and 0.957 for individuals.

Conclusions: The developed texture feature-based RF classifier could assist in the diagnosis of COVID-19, which
could be a rapid screening tool in the era of pandemic.

Abbreviations: SARS-CoV-2, severe acute respiratory syndrome coronavirus 2; ACE2, angiotensin-converting enzyme 2; COVID-19, coronavirus disease 2019; CT,
computed tomography; RT-PCR, real-time polymerase chain reaction; GGO, ground glass opacity; RF, random forest; AUROC, area under the receiver operating
characteristic curve; NSDTCT, non-subsampled dual-tree complex contourlet transform; GLCM, grey level co-occurrence matrix; IQR, interquartile range.
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Z. Wu et al.
1. Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), a
novel positive-sense single-stranded RNA virus, is transported into host
cells by an interaction between the spike (S) protein and the peptidase
domain of angiotensin-converting enzyme 2 (ACE2) [1]. Similar to se-
vere acute respiratory syndrome coronavirus (SARS-CoV) and Middle
East respiratory syndrome coronavirus (MERS-CoV), SARS-CoV-2 can
infect and replicate in multiple human cell types and cause coronavirus
disease 2019 (COVID-19), which mainly affects lung tissue [2].
COVID-19 was first reported in December 2019 in Wuhan, China,
spreads through acute human-to-human transmission, and has become a
public health threat worldwide [3]. The WHO characterized COVID-19
as a pandemic on 11 March 2020 [4], and the cumulative number of
confirmed COVID-19 cases has increased rapidly to 52,991,639 as of 12
November 2020; 1,294,483 patients have died worldwide, which in-
dicates a high transmissibility of the novel coronavirus [5].

COVID-19 may progress to acute severe pneumonia, along with in-
testinal, liver, nervous and multiple system damage and other corre-
sponding symptoms [6]. Most infected patients develop fever and
dyspnoea, with pulmonary inflammatory lesions, as revealed by chest
radiography, such as X-ray examination and computed tomography (CT)
imaging [7]. Currently, the genome sequencing information of
SARS-CoV-2 has been identified, and the diagnosis of COVID-19 largely
depends on laboratory tests of virus-specific nucleic acids by real-time
polymerase chain reaction (RT-PCR). CT examination has been used to
evaluate the pulmonary condition of those suspected SARS-CoV-2 in-
fections [8]. CT supplies evidence for diagnosing COVID-19, especially
when RT-PCR is negative in subjects who are highly suspected to have
COVID-19 according to the latest WHO guidance [9]. In the early stages
of COVID-19, CT imaging characteristics reveal multiple small plaques
and interstitial changes, which may develop into ground glass opacity
(GGO) in severe cases [10]. However, these CT findings of COVID-19
always overlap with other acute respiratory infections, such as influ-
enza A/B pneumonia. It is difficult and challenging to accurately and
rapidly differentiate COVID-19 from other acute respiratory infections,
especially influenza A/B pneumonia, which is also of high incidence at
present.

Radiomics is an emerging technique that extracts high-dimensional
quantitative image features. In radiomics, texture features describe the
spatial relationship between image intensities and are of great interest.
An increasing number of studies have suggested that CT texture features,
which reflect biological heterogeneity, could provide extensive diag-
nostic information in clinical practice [11]. Combined with machine
learning classifiers, CT texture analysis has been successfully applied in
the identification of many diseases, such as cancers [12] and Alz-
heimer’s disease [13]. Huseyin et al. [14] compared the detection ac-
curacy of COVID-19 images using texture features, but they only focused
on the image level. Zeng et al. [15] composed a nomogram tool
combining CT and clinical information to differentiate COVID-19 pa-
tients from influenza A patients. Whether a CT texture feature-based
classifier could assist in differentiating between COVID-19 and other
infectious pneumonias including influenza A and influenza B, remains
unclear. The importance of CT texture features and clinical factors has
not been performed.

In this study, we proposed that our classification tool can be used to
distinguish COVID-19 images and individuals from other acute respi-
ratory infections using CT texture features and the random forest (RF)
algorithm. We evaluated the importance of texture features and their
potential applicability for rapid COVID-19 diagnosis in pandemic
situations.
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2. Material and methods
2.1. Study sample

Individual information was collected from Youan Hospital, one of the
affiliated hospitals of Capital Medical University, a designated centre for
COVID-19 patients in Beijing. The inclusion criteria were as follows: 1)
available confirmed diagnosis of COVID-19 or other infectious pneu-
monia; and 2) available CT images on admission. The patients were
scanned before medical treatment. The exclusion criteria were as fol-
lows: 1) no related lesion on CT image; and 2) immunosuppressed in-
dividuals, such as those with HIV, and post chemotherapy patients.

COVID-19 was confirmed by virus nucleic acid testing and epide-
miological history according to WHO interim guidance [16], while other
acute respiratory infections were diagnosed by antigen testing. Chest CT
images of all of the individuals were collected in DICOM format, and
overall, there were 570 images involving pulmonary inflammatory le-
sions. In addition, sociodemographic information, clinical symptoms,
and biochemistry examination results were obtained from the hospital
information system. The CT images were uniformly collected from the
PHILIPS Brilliance iCT 256 system. Data were analysed with EpiData 3.1
software (EpiData Association, Denmark). This study followed the
guidelines of the Helsinki Declaration and was approved by the Ethics
Committees of Capital Medical University. The individuals gave
informed consent before taking part in the study.

2.2. Image preprocessing

All patients were scanned using a 5 mm CT slice thickness. Two ra-
diologists with at least 5 years of work experience in the radiology
department were committed to manually delineating the regions of in-
terest, namely, the maximal regions involving inflammatory lesions. In
general, 2-5 slices were extracted from each patient as the sizes of le-
sions on CT differed between individuals. The slices containing clear
lesions were used in the analysis. ImageJ software (NIH, USA) was used
to perform the image processing.

2.3. Texture feature extraction

In our study, we calculated the image texture features by combining
the nonsubsampled dual-tree complex contourlet transform (NSDTCT)
and the grey level cooccurrence matrix (GLCM). The ROI image was
decomposed into 96 sub-bands with NSDTCT by following two steps.
First, a dual-tree complex wavelet transform was used to decompose the
original image into 2 low-frequency bands and 6 high-frequency bands
of six directions (+15°, £45°, +75°); then, 2" band coefficients were set
on the high-frequency level based on a nonsubsampled directional filter
bank. After the NSDTCT process, GLCM was performed, and 14 texture
features were extracted from each of the 96 sub-bands, including energy,
inertia, inverse difference of moment, entropy, correlation, cluster of
tendency, contrast, homogeneity, variance, maximum of probability,
sum of mean, difference of mean, sum of entropy, and difference of
entropy. The computational formulas of the texture features are pro-
vided in Table A.1. The mean value of each feature from 96 sub-bands
was calculated as the ultimate determinant for an image. Then, the
mean value of each feature from all of the images for one person was
calculated as the ultimate determinant for an individual. MATLAB
2018b software (MathWorks, USA) was used to perform the feature
extraction.

2.4. RF classifier

Machine learning is used to build a model from labelled training data
and then to predict outcomes in new data [17]. In this study, the RF
classifier was adopted due to its high accuracy and ability to handle
large features with small samples. RF is also able to reveal the
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importance and contribution of each input feature in the model [18]. In
the RF algorithm, we constructed 500 decision trees as the model
became robust at this point. RF randomly selected m variables as
candidate variables from all the M features at each node, and the
parameter “mtry” was set as the square root of M. In addition, the
contribution of each feature was displayed based on the accuracy index.

2.5. Statistical analysis

Continuous variables are expressed as medians and interquartile
ranges (IQRs), they and were compared with the Mann-Whitney U test
Categorical variables are expressed as numbers and percentages (%) and
were compared with the chi-squared test or Fisher’s exact test. For
texture features, the Bonferroni-adjusted P value was calculated to
reduce class I statistical errors. The data were divided into a training set
(80 %) and a test set (20 %) using a 5-fold cross validation strategy at the
individual level, and the image data were divided correspondingly, such
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neutrophil percentage, and C-reactive protein were lower in the COVID-
19 group, and the lymphocyte percentage was higher. There were no
significant differences in age, sex, or fever. The details of the de-
mographic and clinical characteristics are shown in Table 1.

3.2. Texture analysis

A total of 570 CT images containing the maximal pulmonary in-
flammatory lesions were manually segmented as shown in Fig. A.1. As
described in texture feature extraction, we produced 14 features for each
image. Then, the mean value of each feature from all of the images of
one person was calculated as the ultimate determinant for that

Table 1
Characteristics of individuals with COVID-19 and other infectious pneumonias.

Comparison between individuals

that all of the images from one individual were divided as a whole. The Clinical factors ovirau other infectious  COVID-19 P value
. . . . (n=191) pneumonia (n=95)
RF algorithm was implemented using the ‘randomForest’ package in R (0—9)
3.5.3 software (R Foundation for Statistical Computing, Austria). The
model performance was evaluated by accuracy, sensitivity, specificity, Age (years) 54.50 55.00 50.00 0698
d der th . i haracteristi (AUROC) [42.50,60.00]  [50.55,59.08] [37.50,65.00]
and area under the receiver operating characteristic curve Sex (male/ 04/97 51/45 43/52 0.346
analyses with the ‘pROC’ package in R 3.5.3 software. Statistical ana- female) °
lyses were performed with SPSS 24.0 software (IBM, USA). Results were Fever (yes/no)  164/27 87/9 77/18 0.091
b
statistically significant with a two-sided P < 0.05.
Cough (yes/no) ~ 140/51 80/16 60/35 0.003
b
3. Results White blood 6.10 6.60 [6.12,7.01]  4.26 <0.001
cell (109/L)  [4.03,6.84] [3.50,5.82]
3.1. Characteristics of the individuals !
Neutrophil (%)  71.30 75.60 63.50 <0.001
. ? [59.90,77.30]  [71.10,78.80] [51.50,72.00]
From Dec 2019 to Mar 2020, we retrospectively enrolled 95 Lymphocyte 17.50 15.45 26.10 <0.001
confirmed COVID-19 individuals. Subsequently, 96 individuals with (%) * [15.10,28.75]  [14.93,16.00] [18.80,34.55]
other acute respiratory infections, including 50 influenza A/B pneu- Procalcitonin 0.12 0.13[0.10,0.15] ~ 0.12 0.652
monia cases and 46 other infectious pneumonia cases, who presented to (mg/ F) (0.10,0.15] [0.10,0.15]
. R R . . . C-reactive 39.45 44.60 16.30 <0.001
Youan Hospital during the same period were included in this study, as protein (mg/  [12.50,40.88]  [39.45,49.95] [3.79,39.95]
shown in Fig. 1. A total of 191 individuals were finally enrolled in this L
o 10 i ]
study. A t.otal of 63.2 % of the COVID. 19. 1{1d1v1dua.ls had cou.gh symp 2 Median (IQR), Mann-Whitney U test.
toms, which was lower than that of individuals with other infectious b .
. . Numbers of each category, chi-square test.
pneumonias (63.2 % vs 83.3 %, P = 0.003). The white blood cell count,
101 COVID-19 confirmed individuals presented to
the Youan Hospital between Dec 2019 and Mar 2020. it taiatiatit T
1 6 excluded: "
[} .
i 4o lesion on CT |
1 .
i1 poor CT quality 1
[}
- - — 1 1 no CT data :
98 other infectious pneumonia individuals presented R it :
during Dec 2019 and Mar 2020.
ottt T T EE T T e b
1 2 excluded: :
1 nolesionon CT |
191 individuals included in the final population
with 570 CT slices of pulmonary lesion.
r, . Tttt T N
COVID-19 COVID-19 1 influenza A/B '
individuals (n=95) individuals (n=95) 1 individuals (n=50) ,
images (n=291) images (n=291) 3 images (n=160) :

Fig. 1. Flow diagram of individuals included in the study.
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individual. In addition, the distributions of these texture features at the
image level and individual level between COVID-19 and other infectious
pneumonias were analysed. As Table 2 shows, 6 texture features
increased and 4 decreased both at the image level and at the individual
level for COVID-19 subjects after Bonferroni adjustment. The box plots
of the 10 texture features at the image level and the individual level are
presented in Fig. 2.

Table 2
The distribution of texture features in the images and individuals between
COVID-19 and other infectious pneumonias.

Comparison between images

Texture feature other infectious COVID-19 P value
pneumonia (n=279) (n=291)
Cluster of Tendency 17.02[16.86,17.15] 16.99 0.526
[16.86,17.12]
Contrast 10.56[9.63,11.84] 11.21 <0.001*
[10.27,12.09]
Correlation —0.08[-0.09, 0.07] —0.06[—0.07, <0.001*
0.06]
Difference of Entropy ~ 3.54[3.47,3.62] 3.58[3.52,3.64] <0.001*
Difference of Mean 2.37[2.22,2.54] 2.48[2.34,2.61] <0.001*
Energy 0.03[0.02,0.03] 0.02[0.02,0.03] <0.001*
Entropy 3.42[3.18,3.65] 3.65[3.45,3.84] <0.001*
Homogeneity 0.44[0.42,0.46] 0.42[0.41,0.44] <0.001*
Inverse Difference of 0.36[0.34,0.39] 0.35[0.33,0.36] <0.001*
Moment
Maximum of 0.06[0.05,0.08] 0.05[0.05,0.06] <0.001*
Probability
Inertia 8.52[8.44,8.58] 8.50[8.44,8.56] 0.586
Sum of Entropy 3.84[3.75,3.94] 3.94[3.85,4.02] <0.001*
Sum of Mean 15.03[14.87,15.15] 15.00 0.526
[14.87,15.13]
Variance 78.05[76.61,79.28] 78.19 0.255
[76.98,79.31]
Comparison between individuals
Texture feature other infectious COVID-19 P value
pneumonia (n = 96) (n=95)
Cluster of Tendency 16.99[16.91,17.12] 17.00 0.619
[16.91,17.08]
Contrast 10.44[9.73,11.51] 11.31 0.002
[10.39,12.11]
Correlation —0.08[-0.09, 0.07] —0.07[-0.07, <0.001*
0.06]
Difference of Entropy 3.53[3.46,3.58] 3.58[3.53,3.63] <0.001*
Difference of Mean 2.36[2.23,2.51] 2.49[2.35,2.60] <0.001*
Energy 0.03[0.02,0.03] 0.02[0.02,0.03] <0.001*
Entropy 3.40[3.21,3.60] 3.61[3.43,3.76] <0.001*
Homogeneity 0.44[0.42,0.46] 0.42[0.41,0.44] <0.001*
Inverse Difference of 0.36[0.35,0.39] 0.35[0.33,0.36] <0.001*
Moment
Maximum of 0.06[0.06,0.08] 0.06[0.05,0.06] <0.001*
Probability
Inertia 8.50[8.46,8.56] 8.50[8.46,8.55] 0.73
Sum of Entropy 3.84[3.75,3.92] 3.92[3.86,3.99] <0.001*
Sum of Mean 15.00[14.92,15.13] 15.01 0.619
[14.92,15.09]
Variance 77.90[77.03,78.89] 78.20 0.205

[77.26,79.01]

" P < 0.05 after Bonferroni adjust.
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3.3. Differentiating COVID-19 from other infectious pneumonia

The data were divided into 5 folds with 4 folds for model training and
1-fold for testing alternately. To identify COVID-19 images and in-
dividuals from other infectious pneumonias, the RF classifier was built
using texture features. The classification performance was validated in 5
test sets successively, and the results are presented in Table 3. The out-
of-bag error was used to evaluate the RF model in the training set. The
mean values of accuracy, sensitivity, and specificity of the 5-fold test sets
were 0.72, 0.77, and 0.68 at the image level and 0.83, 0.81, and 0.84 at
the individual level, respectively. The AUROC values were all above
0.75 for image classification and above 0.80 for individual identification
in the test sets, as shown in Fig. 3. The RF model was also applied to the
whole dataset to illustrate the relative importance of each texture
feature. As shown in Fig. 4, the texture feature ‘Correlation’ ranked first
for individual recognition compared to the clinical factors (age, sex,
fever, cough, white blood cell count, neutrophil percentage, lymphocyte
percentage, procalcitonin, and C-reactive protein). In addition, ‘Corre-
lation’ was poorly correlated with these clinical factors, as shown in
Table A.2.

3.4. Differentiating COVID-19 from influenza A/B pneumonia

Differential texture features were also used to differentiate COVID-
19 from influenza A/B pneumonia at the image level and individual
level. As with the first analysis with other infectious pneumonias, the
mean AUROC, accuracy, sensitivity, and specificity values of all 5-fold
test sets were 0.883, 0.796, 0.883, and 0.657 for image classification
and 0.957, 0.841, 0.863, and 0.800 for individual identification, as
shown in Table A.3 and Fig. A.2.

4. Discussion

In this study, we investigated the CT texture features of COVID-19
and proposed a radiomic feature-based RF classifier to assist in mak-
ing differential diagnoses at both the image and individual levels. We
found that COVID-19 patients showed similar clinical manifestations as
other acute pneumonia patients, while a specific pattern of CT texture
features was attributed to COVID-19. Our data show that texture fea-
tures may override clinical signs regarding the recognition of COVID-19
and could differentiate it from not only influenza A/B but also other
acute infectious pneumonias.

The novel coronavirus pandemic is circulating rapidly worldwide
and has caused serious worldwide transmission and deaths. Control of
the current situation largely depends on the early and accurate diagnosis
of infected patients. In this study, we found that white blood cell count,
neutrophil percentage, C-reactive protein, and lymphocyte percentage
were significantly different between the COVID-19 group and the other
infectious pneumonia groups. The clinical symptoms are similar, apart
from the cough incidence being relatively lower in COVID-19. These
results are consistent with previous studies [15], and they indicate the
difficulty in making differential diagnoses only based on this informa-
tion. In addition, real-time RT-PCR testing does not completely rule out
SARS-CoV-2 infection, and CT could supplement diagnostic information,
especially when RT-PCR testing is negative in subjects who are highly
suspected to have COVID-19 [19].

Most COVID-19 patients present pulmonary pathological changes at
an early stage [20]. However, it is difficult to differentiate COVID-19
from other infectious pneumonias, as the CT findings of these infec-
tious pneumonias always overlap with each other, and the common
radiographic features on chest CT are not sensitive enough to be
captured by the naked eye [21,22]. In contrast, mathematical texture
features can be easily utilized by machine learning algorithms. Radio-
mics is an emerging field of research attempting to explore the practical
and clinical value of medical images from a quantitative perspective. To
date, it has been applied to discover potential imaging biomarkers
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Fig. 2. Distribution of texture features in the images and individuals between COVID-19 and other infectious pneumonias.
Legend:
A: Standardized values of the significantly different features in the images between COVID-19 cases and others.
B: Standardized values of the significantly different features in the individuals between COVID-19 cases and others.
Abbreviations:
a: Contrast; b: Correlation; c: Difference of Entropy; d: Difference of Mean; e: Energy; f: Entropy; g: Homogeneity.
h: Inverse Difference of Moment; i: Maximum of Probability; j: Sum of Entropy.
Table 3
Classification results at the image level and the individual level using 5-fold cross validation.
Training set Testing set
OBB error (%) TP FP TN FN Accuracy sensitivity specificity
Images
fold 1 24.34 40 19 45 10 0.746 0.800 0.703
fold 2 22.08 46 17 43 17 0.724 0.730 0.717
fold 3 22.81 46 18 38 12 0.737 0.793 0.679
fold 4 19.96 39 14 27 16 0.688 0.709 0.659
fold 5 25.50 40 25 45 9 0.714 0.816 0.643
mean 23.18 - - - 0.722 0.770 0.680
Individuals
fold 1 21.05 13 2 21 3 0.872 0.813 0.913
fold 2 19.08 16 4 15 4 0.795 0.800 0.789
fold 3 21.74 16 3 16 4 0.821 0.800 0.842
fold 4 18.42 19 2 13 5 0.821 0.792 0.867
fold 5 19.74 16 4 16 3 0.821 0.842 0.800
mean 20.14 - - - - 0.826 0.809 0.842

OBB: out of bag; TP: number of true positives; FP: number of false positives; TN: number of true negatives; FN: number of false negatives.

associated with different diseases, including progression and prognosis
[23-25]. In this study, we proposed using the NSDTCT-based GLCM
algorithm to analyse the features of CT images from 96 different di-
rections, which could capture more information than only one original
level, as discussed previously [26]. Similarly, we found that some
texture features are positively or negatively associated with COVID-19,
which implies that the specific texture pattern could be captured and
used to recognize COVID-19 images and individuals. In this study, we
found that ten of 14 CT texture features were significantly associated
with COVID-19, and we established an RF classifier with these radiomic
features to differentiate COVID-19 from other infectious pneumonias.
The RF classifier achieved optimal performance at both the image level
(AUROC: 0.800; accuracy: 0.722; sensitivity: 0.770; specificity: 0.680)

and the individual level (AUROC: 0.858; accuracy: 0.826; sensitivity:
0.809; specificity: 0.842). The performance was better when used to
differentiate COVID-19 from influenza A/B.

In addition, our data show that the feature ‘Correlation’ contributes
most to the classification of COVID-19, even when compared with
clinical factors (age, sex, fever, cough, white blood cell count, neutrophil
percentage, lymphocyte percentage, procalcitonin, and C-reactive pro-
tein). ‘Correlation’ is poorly correlated with these clinical factors, which
means that texture features could be a potential and irreplaceable
radiomic biomarker for COVID-19. From a statistical perspective, ‘Cor-
relation” mainly reflects the mathematical distance of the image pixels,
and it increases in the CT image of COVID-19. This finding is probably
because the pulmonary lesions of COVID-19 individuals are more
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Fig. 3. The ROC plots of texture features using 5-fold cross validation.
A: The ROC plots in the images of COVID-19 and other infectious pneumonias.
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25

20

Accuracy Index
[4,]

1=}

o

. Age

. Inverse Difference of Moment

. Entropy

. Difference of Mean
Constrast

. Cough
Fever

I . Sex
. I I I [ |

Feature ranking

. Correlation

. Procalcitonin
Energy
Maximum of Probability

. Neutrophil percentage
Sum of Entropy
C-reactive protein
Homogeneity

. Lymphocyte percentage

Texture and clinical features

Fig. 4. Contribution of radiomic and clinical features in the classification task assessed by the accuracy criterion.

extensive and severe. Additionally, areas of GGO are found at a rela-
tively early stage in COVID-19 individuals compared with individuals
with other infectious pneumonias.

A strength of our study was the developed classification tool for
differentiating COVID-19 from other infectious pneumonia and influ-
enza A/B both on the image level and individual level. Additionally, we
discovered a radiomic feature ‘Correlation’ strongly associated with
COVID-19. There were several limitations of our study. First, the sample
size was relatively small. The machine learning model and Al algorithm
should be data driven, and the accuracy largely depends on the sample
size. The proposed assistive diagnosis model needs further validation in
a larger population. Second, this research was a retrospective cross-
sectional study, and we could not clarify the influence of specific
texture patterns on the subsequent outcome or disease prognosis.

Our study shows that a specific pattern of CT texture features con-
tributes to COVID-19. The proposed texture feature-based RF classifier,
as an assistive classification tool, could be used to rapidly differentiate

COVID-19 from other infectious pneumonia and influenza A/B in the
present pandemic.
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