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Abstract

(2)

Background: The current coronavirus disease-19 (COVID-19) pandemic call attention to the key role informatics play in healthcare. The present study discovers an independent role of computerised tomography chest (CT) scans in prognosis of COVID-19 using classification learning algorithms.
Methods: In this retrospective study, 57 RT PCR positive COVID-19 patients
were enrolled from SMS Medical College, Jaipur (Rajasthan, India) after approval from the Institutional Ethics Committee. A set of 21 features including clinical findings and laboratory parameters and chest CT severity score were recorded. The CT score with mild, moderate and severe categories was chosen as
response variable. The dimensionality reduction of feature space was performed and classifiers including, decision trees, K-nearest neighbours, support
vector machine and ensemble learning were trained with principal components. The model with highest accuracy and area under the ROC curve (AUC)
was selected.
Results: The median age of patients was 55 years (range: 20-99 years) with 37
males. The feature space was reduced from 21 to 7 predictors, that included
fever, cough, fibrin degradation products, haemoglobin, neutrophil-lymphocyte
ratio, ferritin and procalcitonin. The linear support vector machine was chosen
as the best classifier with 73.7 % and 0.69 accuracy and AUC for severe CT chest
score, respectively. The variance contributed by first three principal components were 97.5 %, 2.4 % and 0.0 %, respectively.
Conclusion: In view of low degree of relationships between predictors and
chest CT scan severity score category as interpreted from accuracy and AUC it
can be concluded that chest CT scan has an independent role in the prognosis of
COVID-19 patients.
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Introduction
Globally, there have been 76,023,488 confirmed
cases and 1,694,128 deaths due to COVID-19 as
on 22 December 2020.1 A large number of mathematical models and machine learning methods
have been proposed to characterise the various
aspects of pandemic.2 The machine learning algorithms have been used in automated analysis of

CT images during COVID-19 pandemic to reduce
the effort of clinicians.3-5 The World Health Organization recommends RT PCR test for the diagnosis of COVID-19.1 The low sensitivity of RT PCR
and high sensitivity of chest computerised tomography (CT) for COVID-19 make chest CT a useful
tool in the diagnosis.6 A number of studies showed
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relationship between disease severity and chest
CT severity score in COVID-19. Similarly, studies
showed relationship of clinical and laboratory parameters with disease severity.
In addition to usefulness of CT chest in diagnosis,
its key role in prognostication and further management of COVID-19 patients has been proposed.
Furthermore, CT scan is important in the patient
triage and from logistics point of view. The objective of the present study was to evaluate independent role of CT chest in the prognosis of COVID-19
patients utilising various machine learning classifiers.

Methods
A retrospective cross-sectional study was
planned to discover independent role of CT chest
in COVID-19 prognosis. A total of 57 RT-PCR SARS
CoV-2 positive patients were enrolled from SMS
Medical College, Jaipur (Rajasthan, India) after
obtaining approval from the institutional Ethics Committee. The clinical findings and laboratory parameters along with CT chest score of
COVID-19 patients were recorded. The relationship between CT score category with clinical and
laboratory parameters was evaluated using classifiers while selecting CT score category as response variable. The CT chest has definite role in
prognosis of COVID-19, but this study was undertaken to assess the independent role of CT chest
in prognosis of COVID-19 as compared to clinical
and laboratory parameters.

3 for 26 % to 49 % involvement, score 4 for 50 %
to 75 % involvement and score 5 for greater than
75 % involvement. There was a score of 0 to 5 for
each lobe, with a total possible score lie between
0 to 25.7 The CT score was converted from ordinal to categorical response variable so machine
learning classification can be applied. The CT
score from 0 to 11 was considered as mild, from
12 to 17 as moderate and from 18 to 25 as severe.

Dimensionality reduction

The features and response variable were imported in the classification leaner app.8 The classifiers were trained with individual predictors and
accuracy and area under the ROC curve (AUC) of
each model was recorded. Among them, 10 most
accurate predictors were selected. Correlation
analysis and parallel coordinate plot (PCP) was
used for further feature selection and visualisation. A total of 7 features were selected from 10
features (Figure 1). To further reduce the dimensionality of feature space, principal component
analysis (PCA) was performed. In view of 57 observations, considering 10 observations per feature, 5 features were used to train the classifiers
with 5-fold cross validation.9
Train classifiers with predictors individually,
accuracy and AUC recorded
Feature selection using Parallel Coordinates
Plot
Dimensionality raduction using Principal
Component Analysis

Feature selection

A set of 21 features included age, sex, history of
diabetes mellitus, history of hypertension, complaints of fever, cough, shortness of breath, sore
throat, haemoglobin (Hb) in grams %, total leukocyte count (TLC) in 1,000 cells per mm3, platelet count (PC) in 100,000 per mm3, Differential
Neutrophil Count (DNC) in percent, Differential
Lymphocyte Count (DLC) in percent, neutrophil-lymphocyte count ratio (NLR), fibrin degradation products (FDP) in mg/mL, D-dimer in ng/
mL FEU, activated partial thromboplastin time
(APTT) in seconds, prothrombin time (PT) in seconds, international normalised ratio (INR), procalcitonin in ng/mL and ferritin in ng/mL. The CT
scoring was based on lobe involvement, as suggested by Li et al.14 A score was assigned for each
lobe on the basis of its involvement: score 0 for 0
% involvement, score 1 for less than 5 % involvement, score 2 for 5 % to 25 % involvement, score

Train classifiers with Principal Components
with 5 % cross validation
Figure 1: Flowchart showing steps performed to reduce dimensionality
of feature space

Classifiers and training

The classifiers used in the application include
decision trees, support vector machine (SVM), K
nearest neighbours and ensemble learning classifiers. These classifiers used different methodology for classification.10 The decision trees include
complex tree, medium tree and simple tree classifiers. The SVM include linear SVM, quadratic
SVM, cubic SVM, fine Gaussian SVM, medium
Gaussian SVM and coarse Gaussian SVM classifiers. The ensemble classifiers include boosted
trees, bagged trees and RUS boosted trees classifiers.
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Statistical analysis

The accuracy and AUC for various classification models were calculated using classification
learner app in MATLAB 2016a (MATLAB Team,
2020).9 A low degree of relationship between CT
score and predictors can be interpreted as more
likelihood of independent role of CT scan and
vice-versa.

Results
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Table 1: The decision tree, support vector machines (SMV),
K-nearest neighbour (KNN) and ensemble classifiers were trained
with individual features. The classifier model with highest accuracy and area under the curve (AUC) for each feature is shown
Variable

Classifier

AUC Accuracy
(%)

NLR

Ensemble Bagged Trees
Fine KNN and Ensemble
Subspace KNN
Fine Gaussian SVM
Fine Gaussian SVM
Fine KNN and Ensemble
Subspace KNN
Medium Gaussian SVM
Ensemble Boosted Trees
Complex and Medium
Tree
Ensemble Bagged Trees
Complex and Medium
Tree
Cubic and Medium KNN
Simple Tree
Quadratic SVM

0.87

75.40

0.50

64.90

0.80
0.74

64.90
64.90

0.50

63.20

0.64
0.58

63.20
63.20

0.61

63.20

0.70

63.20

0.69

63.20

0.63
0.68

61.40
61.40

0.70
0.47

61.40
61.40

0.72

59.60

0.60

59.60

0.56
0.70
0.63

57.90
57.90
57.90

0.51

57.90

0.44

57.90

Fever
PT
Procalcitonin
Cough
FDP

The individual features (number of features = 21)
of 57 patients (median: 55 years, range 20-99
years; 37 males) with COVID-19 were trained
with CT score as response variable. The top ten
predictors with highest accuracy were selected.
These include NLR, fever, PT, procalcitonin,
cough, FDP, Hb, DNC, DLC and ferritin (Table 1).
Correlation analysis showed that PT was highly
correlated with FDP (r = 0.78; p < 0.001); DNC was
highly correlated with NLR (r = 0.85; p < 0.001)
and, DLC (r = - 0.85; p < 0.001) showed high correlation with NLR and DNC (r = - 0.98; p < 0.001).
From the above features PT, DNC and DLC were
removed. The relationships can be visualised in
parallel coordinate plots (Figure 2 and 3). Thus,
two qualitative features, fever and cough and five
quantitative features including FDP, Hb, NLR, ferritin and procalcitonin were selected. As there
were 2 categorical features (as PCA is not applicable to categorical variables), 3 principal components were chosen manually to get a total of 5

DNC
DLC
Ferritin
Age
APPT
INR
TLC
Shortness of Breath

Fine Gaussian SVM
Ensemble RUS Boosted
Trees

PC
Sex

Fine KNN
Cubic SVM
Cubic SVM
Sore Throat
History of Hypertension Coarse Gaussian SVM
History of Diabetes
Cubic SVM
Mellitus
d-Dimer

Coarse KNN

PCT: procalcitonin; FDP: fibrin degradation products; PT: prothrombin time; Hb:
haemoglobin; DNC: differential neutrophil count; NLR: neutrophil-lymphocyte
ratio; DLC: differential lymphocyte count.

Figure 2: Correlation analysis (a) Heat map shows positive correlation between FDP and PT; DNC and NLR; negative correlation between DLC and
NLR; DLC and DNC (b) scatter map shows correlation among selected features.
PCT: procalcitonin; FDP: fibrin degradation products; PT: prothrombin time; Hb: haemoglobin; DNC: differential neutrophil count; NLR: neutrophil-lymphocyte ratio; DLC: differential lymphocyte count.
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Figure 3: Shows parallel coordinate plots to visualise relationship among various features. NLR and DLC features has shown inverse
relationship. PCT: procalcitonin; FDP: fibrin degradation products; PT: prothrombin time; Hb: haemoglobin; DNC: differential neutrophil
count; NLR: neutrophil-lymphocyte ratio; DLC: differential lymphocyte count.

features to train the models. The best model was
linear support vector machine with 73.7 % and
0.69 accuracy and AUC for severe CT chest level
respectively. The variance contributed by three
principal components were 97.5 %, 2.4 % and
0.0 %, respectively.

Discussion
As per World Health Organization, a confirmed
case of COVID-19 is defined as a patient with RTPCR test–positive for SARS CoV-2, irrespective of
clinical signs and symptoms. The pooled estimate of sensitivity of RT-PCR tests for SARS CoV2 is 89 % (95 % CI: 81 - 94 %). Thus, one or more
negative results do not rule out COVID-19.11 To
compensate the shortcomings of the low sensitivity and time-consuming process of RT-PCR,
chest CT examination has an auxiliary and key
role in the diagnosis and subsequent management of COVID-19 patients.
First, CT chest is more sensitive than RT-PCR test
as concluded from various studies. A meta-analysis included six studies comprising a total of
1431 patients who were mainly symptomatic
and at high risk for COVID-19, reported a chest
CT pooled sensitivity of 94.6 % (95 % CI: 91.9 96.4 %) and a pooled specificity of 46.0 % (95 %

CI: 31.9 - 60.7 %) in the detection of COVID-19.6, 12
Similarly, Caruso showed sensitivity, specificity
and accuracy of CT were 97 % (95 % CI: 88 - 99
%), 56 % (95 % CI: 45 - 66 %) and 72 % (95 % CI:
64 - 78 %), respectively.13 The misdiagnosis rate
of CT chest scan to diagnose COVID-19 is quite
low when taking reverse transcriptase polymerase chain reaction as gold standard (3.9 %).14
The CT chest scan has a key role in diagnosis of
COVID-19.15, 16 In more than 70 % of RT-PCR test
positive cases of SARS CoV-2, CT chest findings
include ground-glass opacities, vascular enlargement, bilateral abnormalities, lower lobe involvement and posterior predilection. However, about
10 % to 70 % patients revealed consolidation
(51.5 %), linear opacity (40.7 %), septal thickening and/ or reticulation (49.6 %), crazy-paving
pattern (34.9 %), air bronchogram (40.2 %), pleural thickening (34.7 %), halo sign (34.5 %), bronchiectasis (24.2 %), nodules (19.8 %), bronchial
wall thickening (14.3 %) and reversed halo sign
(11.1 %). The uncommon findings include pleural
effusion (5.2 %), lymphadenopathy (5.1 %), treein-bud sign (4.1 %), central lesion distribution
(3.6 %), pericardial effusion (2.7 %) and cavitating lung lesions (0.7 %).17
Second, CT chest can be used as a follow-up tool
to monitor the disease evolution and evaluate the
severity of COVID-19 patients for its invasiveness
and objectivity. Furthermore, CT can predict the
prognosis.18 The present study emphasises the in-
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dependent role of CT in prognosis of COVID-19 patients. The use of a chest CT severity score may be
useful for standardised assessment of the degree
of pulmonary involvement in COVID-19 for prognostication purposes.19 Based on the CT chest
score, disease severity can be classified into mild,
moderate and severe. Though fever (80 %, 74 87 %) and cough (53 %, 33 - 72 %) are prevalent
symptoms in COVID-19, there was no correlation
with disease severity as evaluated in the present
study.20 In case of laboratory parameters, except
NLR no other parameter was significantly related to CT chest score. However, Xiong showed relationship between CT severity and C-reactive protein, erythrocyte sedimentation rate and lactate
dehydrogenase.21 In his study, Durhan found no
relationship between COVID-19 disease severity
and fever (p = 0.82), dry cough (p = 0.46), diabetes (p = 0.60), hypertension (p = 0.29), haemoglobin (p = 0.92). Though he showed significant correlation between CT severity score and age (p =
0.001), sex (p = 0.002), neutrophil count (p = 0.03),
lymphocyte count (p = 0.01), NLR (p = 0.004),
platelet count (p = 0.03), ferritin (p < 0.001), CRP
(p < 0.001), procalcitonin (p < 0.001) and D-dimer
(p < 0.001).22 Hana et al found platelet count is not
associated with COVID-19 severity.23 In a retrospective study of 313 patients, ferritin and CRP
levels were significantly higher in patients with
severe CT findings compared to the patients with
mild and moderate CT findings (p < 0.05).24 The
chest CT score had positive associations with total leukocyte count, CRP, ESR, procalcitonin and a
negative association with lymphocyte count.25 In
a similar study, correlation analysis showed that
the CT chest score was significantly correlated
with lymphocyte count, monocyte count, C-reactive protein, procalcitonin, days from illness onset and body temperature (p < 0.05).26 In view of
low degree of relationships between predictors
and CT score category it can be concluded that
chest CT scan has independent role in prognosis
of COVID-19.
In addition to above, the Fleischner Society recommends CT imaging: (a) to establish a baseline
pulmonary status; (b) to facilitate risk stratification in patients with comorbidities and (c) in
patients with moderate to severe symptoms of
COVID-19.27 The current COVID-19 pandemic has
highlighted the essential role of chest CT examination in patient triage in the emergency departments, allowing them to be referred to “COVID”
or “non-COVID” wards.28 Rubin et al emphasised
the use of CT chest in diagnosis of COVID-19 from
logistic point of view.27
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Conclusion
Despite inconsistencies in relationships between CT chest score and other parameters,
most of the relationships are not clinically significant and an independent role of CT chest
in the prognosis and further management of
COVID-19 patients is proposed. Furthermore,
due to the low sensitivity of RT PCR, CT chest
scan is recommended for disease management.

Limitations of the study
The sample size of the study is low. The study includes the routine clinical and laboratory parameters, however, independence of CT chest scan with
other laboratory parameters needs to be tested.
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