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Abstract

Background
Chest CT screening as supplementary means is crucial in diagnosing novel coronavirus pneumonia
(COVID-19) with high sensitivity and popularity. Machine learning was adept in discovering intricate
structures from CT images and achieved expert-level performance in medical image analysis.

Methods
To develop and validate an integrated machine learning framework on chest CT images for
differentiating COVID-19 from common pneumonia (CP). Seventy-three con�rmed COVID-19 cases were
consecutively enrolled together with twenty-seven con�rmed common pneumonia patients from Ruian
People’s Hospital, from January 2020 to March 2020. Statistical textual features of COVID-19 and CP
images were extracted. After feature selection, the reserved features were applied to the ensemble of
bagged tree (EBT) and four other machine learning classi�ers with 10-fold cross-validation.

Results
The classi�cation accuracy, precision, sensitivity, speci�city and F1 score of our proposed method are
91.66%, 97.91%, 85.26%, 98.15% and 91.15% respectively. The AUC of its receiver operating characteristic
is 0.98.

Conclusions
The experimental results indicate that the EBT algorithm with statistical textural features on chest CT for
differentiating COVID-19 from common pneumonia achieved high transferability, e�ciency, speci�city,
and impressive accuracy.

Background
Since the �rst COVID-19 case was discovered in 2019, more than 4.78 million cases of novel coronavirus
pneumonia have been diagnosed worldwide, with 318,789 deaths recently according to World Health
Organization Coronavirus disease (COVID-2019) situation report − 121. Currently, the detection of COVID-
19 mainly relies on nucleic acid testing. However, many infected patients with obvious typical symptoms
were received multiple nucleic acid tests but diagnosed positive consequently [1], resulting in delayed
treatment and even aggravating the spread of the epidemic. On February 5, the Chinese National Health
and Health Commission launched the "Novel Coronavirus Pneumonia Diagnosis and Treatment Program
(Trial Version 5)", which updated the diagnostic criteria for novel coronavirus pneumonia with adding CT
imaging examinations as one of the main basics for clinical diagnosis of COVID-19. CT screening is
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considerably popular, easy to operate and sensitive to COVID-19, which is critical for both early diagnosis
and epidemic control.

Nevertheless, in�uenza virus pneumonia and other types of pneumonia might occur as well. In some
aspects, especially according to clinical features, it is troublesome to differentiate COVID-19 from
common pneumonia. For instance, the main manifestations of COVID-19 in the early stage were fever,
fatigue, dry cough, and expiratory dyspnea while patients with common pneumonia have similar
symptoms [2]. Pneumonia places a huge burden on the health care system because of its high morbidity
and mortality. Therefore, early diagnosis and isolation of CP patients and COVID-19 patients can better
prevent the spread of the epidemic and optimize the allocation of medical resources. However, except for
the overlapping symptoms and detection abnormalities, CT manifestations of CP and COVID-19 were
similar, causing instability and uncertainty for distinguishing them [3, 4].

In the current shortage of medical resources, some countries even recruited medical interns who have not
graduated yet and aged retired doctors to return to the hospital for treatment of COVID-19 patients,
including radiologists. Nonetheless, the accuracy of CT diagnosis varied from houseman to experts while
analyzing thousands of CT images would be no doubt an extravagant challenge for inexperienced
doctors.

To tackle this problem, we developed a machine learning method, particularly focusing on differentiating
COVID-19 from CP, demonstrating high e�ciency in the identi�cation of COVID-19 and CP, helping to
reduce misdiagnosis and control pandemic transmission.

Results
After feature selection by T-test results (p < 0.05), twenty- �ve features showed the signi�cant difference
between COVID-19 and CP groups were included. Table 1 shows the feature names.

Table 1 Twenty-�ve features with signi�cant difference between COVID-19 and CP groups (p < 0.05).
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Comparison of EBT and other algorithms

The classi�cation accuracies of EBT, SVM, LR, DT and KNN are 91.66%, 85.90%, 80.98%, 88.66% and
85.99% respectively. The AUCs of EBT, SVM, LR, DT and KNN are 0.98, 0.93, 0.88, 0.91, and 0.86
respectively. Notably, EBT-1 means the EBT algorithm without feature selection. The accuracy of it is
90.58% and the AUC is 0.97. Under most circumstances, EBT achieves the best performance among
others. Table 2 shows more speci�c results of �ve algorithms. Figure 1 shows the ROCs of �ve classi�ers.

Table.2 Precision, recall and F1-score of body parts based on different classi�ers

Comparison of COVID-19 and CP
As is shown in Table 3, no matter what algorithm it is, the number of correctly classi�ed CP images is
slightly larger than that of COVID-19. The results demonstrated that approximately from 15.12% (93 out
of 615) to 21.46% (132 out of 615) COVID-19 samples are wrongly classi�ed while the maximum error
rate of CP is 14.21% (83 out of 584).
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Table 3
TP & TN of �ve

classi�ers

  TP TN

LR 467 501

SVM 490 528

KNN 475 554

DT 519 555

EBT-1 515 585

EBT 526 585

Discussion
Because of the absence of CP images, we conducted data augmentation on the ROIs of CP images to
balance with the amount of COVID-19 images. Compared with the diverse features of COVID-19 CT
images, it is much uncomplicated to discriminate CP samples. It caused superior classi�cation result
than that of COVID-19. Whereas without data augmentation, the total accuracy rate of the algorithms
would decline. More CP cases should be accumulated for further study.

In CT images of COVID-19, there were multiple small patches, obvious stromal changes in the lung
exudate, and the damage to the alveolar epithelium was very obvious [5–8]. To be more speci�c, many
patients presented with ground-glass opacity (GGO), consolidation, GGO plus a reticular pattern, vacuolar
sign, microvascular dilation sign, �brotic streak, pleural thickening, pleural retraction sign, and pleural
effusion [9–12]. Patients with common pneumonia generally have �aky high-density shadows in the
lung, with relatively few ground-glass changes and alveolitis manifestations which are rather grievous in
COIVD-19 CT images [13]. Multiple ground-glass shadows and consolidation in double lungs with a small
amount of pleural effusion appears in common pneumonia CT images as well [14–16]. The differences
between GGO change, consolidation, density, and other distinct characteristics can be extremely well
distributed in statistical textural features. The pronouncedly superior performance of the proposed
method bene�ts overwhelmingly from this advantage.

At present, many scholars have been working on the prediction and diagnosis COVID-19, and most of the
algorithms they developed are based on deep learning, which obtained impressive results [17, 18]. For
example, the deep learning model (COVNet) developed by Li et al.[19] can accurately detect COVID-19 and
distinguish it from lung diseases such as community-acquired pneumonia (CAP). The sensitivity and
speci�city for detecting COVID-19 in the independent test group were 114 (90% [95% CI: 93%, 98%]) out of
127 (90% [95% CI: 83%, 94%]) ]) and 307 (96% [95% CI: 93%, 98%]) of 294 (90% [95% CI: 93%, 98%]), the
AUC was 0.96 (p-value < 0.001). The sensitivity and speci�city for detecting the CAP in the independent



Page 6/16

test set were 87% (152 (175)) and 92% ((239 (259)), and the AUC was 0.95 (95% CI: 0.93, 0.97). However,
development of the practical deep learning diagnostic systems for epidemic response is rather different
from the development of traditional deep learning diagnostic systems due to deep learning-based COVID-
19 diagnostic systems is time-consuming to some extent, while initially the COIVD-19 samples are in
shortage, thus not enough to train deep learning algorithms that often require a large scale of training
data. Furthermore, deep neural networks require high-end Graphics Processing Units (GPUs), which are
extremely expensive, to be trained within a reasonable amount of time. It is not practical to train deep
neural networks to achieve high performance without GPUs. To effectively leverage such high-end GPUs,
fast-access Central Processing Units (CPUs), Solid State Disk (SSD) and large-capacity random-access
memory (RAM) are also required. In contrast, machine learning is a relatively fabulous choice. Machine
learning can achieve relatively considerable results in a small data set. At the same time, machine
learning does not need high-performance hardware, and can try a variety of different machine learning
algorithms in a short time to choose the best one. Traditional machine learning algorithms are based on
feature engineering which is easier to explain and understand than deep networks that lack transparency
and interpretability (e.g., it is impossible to determine what imaging features are being used to determine
the output). Our proposed machine learning method in combination with statistical textural features
accomplished the accuracy of 91.66% for distinguish COVID-19 from CP and AUC of 0.98. It also has a
high sensitivity and speci�city of 85.26% and 98.15% respectively.

Limitations

1. The ROI is manually delineated which is time-consuming especially when doctors are racing against
time to save lives. 2. The CT images, particularly CP images, are not adequate. Despite that the proposed
model attained state-of-the-art performance, more clinical images are required to test the generalizability
of the machine learning model to other patients. 3. Instead of distinguishing CP from COVID-19, the result
of our established model didn’t determine which speci�c pneumonia it was, such as viral or bacterial,
mainly due to insu�cient data and quiet over-lapping CT manifestations. Prognosis of CPs will be
considered in our future study.

Conclusions
This study explored an ensemble of bagged tree (EBT) algorithm with statistical textural features for
differentiating novel coronavirus pneumonia from common pneumonia. The experimental results show
that, as compared to the other four classi�ers and EBT without feature selection, the proposed method
achieved pronouncedly superior performance with a small amount of CT images.

Methods
Figure 2 illustrates the scheme of this study. Machine learning algorithms integrated with statistical
textural features are leveraged to differentiate COVID-19 from CP. Firstly, manually delineation of the ROIs
of both COVID-19 and CP would be performed. Then we wrote a Matlab algorithm to crop the ROIs from
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DICOM images. Secondly, input the ROIs to feature extraction algorithms. Thirdly, select features with
signi�cant difference for time-saving and reducing over�tting. Finally, input the selected features with
labels to �ve classi�ers and then the result is the prediction of the classi�ers.

Patient selection
From January 2020 to March 2020, there were 73 COVID-19 cases con�rmed by nucleic acid test positive
and 27 common pneumonia cases enrolled in this study (age ranges from 14 to 72 years). Both COVID-
19 and CP patients who had undergone chest CT scans were retrospectively reviewed by two senior
radiologists. Of the COVID-19 cases, twelve patients without obvious characteristics on CT images were
excluded (negative rate 16.4%, 12/73). Finally, sixty-one con�rmed COIVD-19 cases, and 27 common
pneumonia cases were enrolled in this study.

Delineation of ROIs
The images were independently assessed by two radiologists. If the radiologists disagreed with each
other, a senior radiologist would be invited to review the pulmonary CT images and make the �nal
examination. All the CT images were generated from the Siemens Sensation 16-layer spiral CT (Siemens,
Erlangen, Germany). The image format was Digital Imaging and Communications in Medicine (DICOM).
The scan parameters were: tube voltage 120 kV; tube current automatic regulation; 1–2 millimeters cross-
sectional thickness; 1–2 millimeters cross-sectional distance; scan pitch 1.3; and 16 × 0.625 millimeters
collimation.

The software of MRIcro 1.4 was used to extract the rectangle ROI of COVID-19 and CP. ROIs were
sketched from CT images based on features of COVID-19 and CP, such as multiple ground-glass opacity
in both lungs in the progression stage for COVID-19 and individual ground glass nodule for CP. The main
processes of ROI delineation: 1) A rectangular region as large as possible, which is the ROI, was
delineated within the features and export the whole image with delineation to a PNG image; 2) Binarize
the PNG image to get the ROI boundary and �ll the rectangular region to get the ROI template; 3) Using
the ROI template to extract the ROI in the original DICOM image; 4) Convert the gray level of the ROI
image to 256 gray levels and resize the image to 32 × 32 pixels.. Figure 3 demonstrates the �owchart of
ROI delineation. Consequently, 615 COVID-19 CT images and 146 CP ROIs were cropped. Because COVID-
19 images were four times larger than CP images which could reduce the classi�cation accuracy, we
rotated the CP images by 90, 180, 270 degrees. Ultimately, the number of CP images were augmented to
584. Typical ROIs cropped from COVID-19 and CP cases were shown in Fig. 4.

Sub-image from number 1 to number 8 are the ROIs of COVID-19, sub-image from a to h are the ROIs of
CP.

Feature extraction



Page 8/16

The statistical texture feature is based on the gray-scale feature parameters extracted by a certain image
processing algorithm based on pixels and their neighborhood. The gray level co-occurrence matrix
(GLCM) [20] and the gray level-gradient co-occurrence matrix (GLGCM) [21] are the second-order
statistical texture features of the gray-scale variation of the image and the basic functions to describe the
characteristics of texture structure[22], which have been widely used in medical image processing[23, 24].
In this paper, 13-dimensional GLCM features and 15-dimensional GLGCM features are applied. In the gray
level co-occurrence matrix, supposing that the distance d of the pixel is 1, �rstly, calculate the gray level
co-occurrence matrix in four directions of 0, 45, 90 and 135 degrees, and secondly, calculate the texture
features based on the matrix in each direction. Eventually, the average of the texture features in 4
directions was taken as the �nal feature. Studies have shown that the statistical texture features
extracted by GLCM and GLGCM can achieve effective identi�cation of medical images. Also, the
histological characteristics of COVID-19 and CP can be well re�ected in the gray mode, and the gray
histogram is an intuitive statistical method [25]. It is a one-dimensional function of the gray level and
belongs to the �rst-order statistical method. A total of 34-dimensional features including 6-dimensional
�rst-order histogram features, 13-dimensional GLCM features, and 15-dimensional GLGCM features of
second-order statistical texture features are utilized in this paper. After obtaining all texture feature data,
due to the different calculation methods of each feature, the numerical value changes in a wide range.
Therefore, to facilitate calculation, all data are normalized to [0, 1] based on their respective dimensions,
the normalized Eq. (1) is as follows:

X*  = (X  MIN) / (MAX  MIN)

Where X is the original data of the Nth dimension, MIN is the minimum value in the Nth dimension, MAX is

the maximum value in the Nth dimension, X* is the normalized feature.

Feature selection & Classi�cation
Feature selection can usually improve classi�cation performance and reduce over�tting, especially for
problems of small sample size. T-test, also known as Student's T-test, is mainly used for normal
distribution data with a small sample size and unknown population standard deviation σ. It uses the T-
distribution theory to infer the probability of the difference [26], to determine whether the difference
between the two samples is signi�cant. Feature with p < 0.05 indicates that it has a signi�cant difference,
which matches the inclusion criteria.

Ensemble of bagged tree (EBT) algorithm adopts the idea of self-help method while it forms multiple
training samples and generates numerous tree models [27]. Besides, the result was predicted by majority
voting. EBT uses the same algorithm to train the samples multiple times with various independent
classi�ers. As for classi�cation, the �nal output is the voting result of each classi�er [28, 29]. It improves
the generalization ability, and each prediction function of EBT can be generated in parallel, thereby saving
a lot of time.
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Different feature classi�cation algorithms have their advantages. For comparison with the performance
of the EBT algorithm, support vector machine (SVM), logistic regression (LR), decision tree (DT), K-nearest
neighbor with Minkowski distance equal weight (KNN) are implemented with the same texture feature
extraction methods and the same feature selection method. To superiorly identify the differences of the
results, a 10-fold cross-validation method is adopted. All image data are divided into ten equal parts. Nine
of them are employed as the training set, and the remaining one is applied as the validation set to
calculate the corresponding accuracy. Take turns until every part is utilized as the validation set. The
average value of 10 accuracies is taken as the �nal accuracy of the classi�cation algorithm.

Statistics
The classi�cation metrics used included area under the receiver operating characteristic curve (AUC),
sensitivity, speci�city, accuracy, precision, and F1 score. Let TP (true positive) denote the number of
samples belonging to class positive and correctly classi�ed; FN (false negative) denote the number of
samples belonging to class negative but misclassi�ed; FP (false positive) denote the number of samples
not belonging to class positive but misclassi�ed as class positive; FN (false negative) denote the number
of samples not belonging to class negative but misclassi�ed as class negative [30]. Classi�cation
accuracies are reported in terms of accuracy, sensitivity, speci�city, precision and F1 score as

Accuracy = (TP+TN) ⁄ (TP + TN + FP + FN)
Sensitivity = Recall = TP ⁄ (TP+FN)
Precision=TP ⁄ (TP+FP)
Speci�city = TN ⁄ (TN+FP)
F1score = 2 × Precision × Recall / (Precision + Recall)

Abbreviations
CT: Computed Tomography; COVID-19: novel coronavirus pneumonia; CP: common pneumonia; EBT:
ensemble of bagged tree; DICOM: digital imaging and communications in medicine; kV: kilovolt; GLCM:
gray level co-occurrence matrix; GLGCM: gray level-gradient co-occurrence matrix; SVM: support vector
machine; LR: logistic regression; DT: decision tree; KNN: K-nearest neighbor with Minkowski distance
equal weight; ROC: receiver operating characteristic curve; AUC: the receiver operating characteristic curve;
GPU: Graphics Processing Unit; CPU: central processing units; SSD: solid state disk; RAM: random-access
memory.
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Figures

Figure 1

ROCs of �ve classi�ers.
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Figure 2

The �owchart of this study
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Figure 3

The �owchart of ROI Delineation
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Figure 4

The ROI of COVID-19 and CP.


