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Abstract 

Background: Diagnostic imaging is regarded as funda-
mental in the clinical work-up of patients with a suspected or 
confirmed COVID-19 infection. Recent progress has been 
made in diagnostic imaging with the integration of artificial 
intelligence (AI) and machine learning (ML) algorisms leading 
to an increase in the accuracy of exam interpretation and to 
the extraction of prognostic information useful in the decision-
making process. 

Aim of Study: To evaluate diagnostic accuracy of conven-
tional radiography (CXR) using deep learning (DL) algorithms 
for the detection of pneumonia in COVID-19 patients and 
comparing findings with CT chest. 

Subjects and Methods: This study was retrospective study 
conducted at Radiology Department, Ain Shams University 
from November 2020 till the end of the study. 

Results: There was significant direct proportional between 
both grades of CT and AI score as p-value was (<0.05). The 
sensitivity was more in AI, while specificity was more in x-
ray using CT consolidations as a reference to assess. 

Conclusion: AI, applied to the interpretation of radiological 
images, allows to streamline and improve diagnosis while 
optimising the workflow of radiologists. Despite its low 
sensitivity compared to CT, efforts to improve the diagnostic 
yield of CXR are of the utmost interest, since it is the most 
common and widely used imaging method. Used as support 
in clinical practice and, in conjunction with other diagnostic 
techniques, it could help increase efficiency in the management 
of the COVID-19 infection. 

Key Words: Chest X-ray – Computed tomography – Covid-
19 – Artificial intelligence – Deep learning. 

Introduction 

AS the COVID-19 pandemic caused by SARS-
CoV-2 spreads in the world, there is growing in-
terest in the role and appropriateness of conven-
tional chest radiographs (CXR) and computed 
tomography (CT) for management of patients with 
suspected or known COVID-19 infection. As the 
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chest CT and CXR imaging pattern is non-specific 
and overlaps with other infections, the diagnostic 
value of imaging for COVID-19 is low and depend-
ents upon radiographic interpretation. One study 
found that 56% of patients who presented within 
two days of diagnosis had a normal CT [1]. Con-
versely, other studies have identified chest CT 
abnormalities in patients prior to the detection of 
SARS-CoV-2 RNA. Given the variability in chest 
imaging findings, the American College of Radi-
ology (ACR) does not recommend chest radio-
graphs or CT alone for the diagnosis of or screening 
for COVID-19 [2]. Generally, the findings on chest 
imaging in COVID-19 are non-specific and overlap 
with other infections, including influenza, H1N1, 
severe acute respiratory syndrome (SARS) and 
Middle East respiratory syndrome (MERS) [3,4]. 
Therefore, detection of SARS-CoV-2 RNA is re-
quired, even if radiologic findings are suggestive 
of COVID-19 on CXR or CT [2]. 

Conventional radiography, however, plays a 
role in the detection and follow-up of lung changes 
in patients with COVID-19, and CT should be 
reserved for hospitalized, symptomatic patients 
with specific clinical indications such as the inves-
tigation for pulmonary embolism or other compli-
cations [1]. 

The recent medical applications of deep learning 
(DL) algorithms have been attracting increasing 
attention. In particular, the performances of DL 
algorithms have attracted attention for the detection 
of pulmonary malignancy, active tuberculosis, 
pneumothorax, and pneumonia in CXR images [5-
9]. Previous research has demonstrated the clinical 
efficacy of the DL algorithm in terms of its ability 
to improve speed and accuracy in image reading 
[7,10]. If the DL algorithm achieves a performance 
that is equivalent to that achieved by physicians 
in the detection of radiological changes in CXR 
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with COVID-19 pneumonia, the automatic inter-
pretation of the CXR with DL algorithms can 
significantly reduce the burden on clinicians and 
radiologists in a sudden surge of suspected COVID-
19 patients. The aim of this study was to evaluate 
the efficacy of DL algorithms for detecting COVID-
19 pneumonia on CXR compared with radiological 
reports. 

This study demonstrates the automatic interpre-
tation of the CXR in detecting consolidation, which 
is a major finding that indicates pneumonia in 
corona virus patients [11]. 

In this retrospective analysis of CXR images 
and CT images in COVID-19 patients, our goal is 
to compare the detection performance of human 
radiologist and Artificial intelligence (AI), to see 
if AI would be capable of detecting at human 
expert-level or more, correctly finding lesions from 
a chest X-ray of a corona virus infected patient 
and comparing it to CT findings. 

Patients and Methods 

This was a retrospective study which conducted 
at Ain Shams University Hospitals from November 
2020 to May 2021. The study was performed on 
convenient sample consists of 33 patients done 
during the study period at the Ain Shams hospital 
and meeting the study inclusion criteria. An accept-
ance from the ethical committee of the Radiology 
Department and The Ethical Committee of Faculty 
of Medicine, Ain Shams University was obtained 
to use the data stared on PACS system with the 
patients consent waived being a retrospective study. 
The privacy of participants and confidentiality of 
data was guaranteed during the various phases of 
the study. 

Inclusion criteria: 

- Known COVID-19 patients with positive PCR 
test. 

- Patients having chest symptoms with no age 
predilection. 

- Patients underwent both CXR and CT chest, 
within short period (less than one week). 

Exclusion criteria: 

- Patients with contraindication to radiation as 
pregnant females. 

- Patients with chest symptoms having PCR nega-
tive test. 

- Patients underwent both CXR and CT chest within 
period more than one week. 

Method of CXR examination: 
Patient's preparation: No specific preparation 

needed and no fasting was required. Positioning: 
in poster anterior projection or anteroposterior 
projection by different ranges of both KV and 
MA/S according to the age and weight of the patient 
especially if a child. 

Method of HRCT examination: 
Patient’s preparation: No specific preparation 

needed and no fasting was required. The patients 
were asked to lie supine on the CT table and asked 
to hold their breathing as long as they can until 
the end of the study to avoid breathing motion 
artifacts. 

Fundamental technical protocols: 

Slice thickness: 5-1.25mm, scan time: 0.5-1 
second, KV: 120, mAs: 250, collimation: 1.5-3mm, 
matrix size: 768 x 768 or the largest available, 
FOV: 40cm, reconstruction algorithm: high spatial 
frequency, window: Lung window, patient position: 
Supine (routinely) and level of inspiration: Full 
inspiration (routinely recommended). 

Image interpretation: 

The study demonstrates the automatic interpre-
tation of the CXR with Lunit INSIGHT software 
that can assist radiologists in the interpretation of 
CXR. The software, Lunit INSIGHT CXR, can 
discover multiple radiologic findings including 
lung consolidation, which indicates possible coro-
navirus (COVID-19) infected pneumonia. Analyses 
were performed using the picture archiving and 
communication system (PACS) of our hospital. 
We will assess the images of CXR of known COV-
ID-19 patients having chest symptoms for the 
presence of lung consolidation (yes/no) and disease 
extent (i.e., percentage of affected lung parenchy-
ma) [(I) <25%, (II) 25-50%, (III) >50-75%, (IV) 
>75%] of pneumonia in the conventional images. 
Radiologists read the films and are blinded to the 
results of AI and CT chest. 

The Lunit Insight software interprets the images 
of CXR for the presence of consolidation and its 
percentage of affected lung parenchyma. Results 
are recorded in order to be compared by the results 
from human radiologists in both CXR and CT chest 
findings. CTs (which served as standard of refer-
ence) were read using the same classifications as 
for conventional radiography (presence (yes/no) 
and disease extent (I-IV). Additionally, the reader 
had to state the type of lung changes present on 
CT i.e., classic consolidation versus Ground glass 
opacities (GGOs). If both, classic consolidation 
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and GGOs, were present the reader had to state 
that both types were present. The reader was aware 
of patients’ symptoms but blinded to CXR and AI 
diagnosis. 

Data management and analysis: 
The collected data was revised, coded, tabulated 

and introduced to a PC using Statistical package 
for Social Science (SPSS 23). Data was presented 
and suitable analysis was done according to the 
type of data obtained for each parameter. Mean, 
Standard deviation (±  SD) and range for parametric 
numerical data, while Median and Interquartile 
range (IQR) for non-parametric numerical data. 
Frequency and percentage of non-numerical data. 
p-value: Level of significance: -p>0.05: Non sig-
nificant (NS), p<0.05: Significant (S). 

Results 

Table (1): Demographic data for the study group. 

N/Mean %/SD Median (IQR) Range 

Sex: 
Male 19 57.6% 
Female 14 42.4% 

Age 44.12 29.67 55 (9-70) (0.5-86) 

This study was conducted on 33 patients, 57.6% 
were males and 42.4% were females with mean 
age of the study group was 44.12±29.67 years 
ranged from 0.5 to 86 years. 

Table (2): X-Ray findings for the study group. 

N % 

Left lung on X-ray Consolidation No 11 33.3 
Yes 22 66.7 

Right lung on X-ray Consolidation No 11 33.3 
Yes 22 66.7 

Laterality No 7 21.2 
Unilateral 8 24.2 
Bilateral 18 54.5 

Grade No 7 21.2 
I 6 18.2 
II 6 18.2 
III 7 21.2 
IV 7 21.2 

Regarding X-ray findings, 66.7% of patients 
had consolidations on left and right lungs. 54.5% 
had had bilateral consolidations while 24.2% had 
unilateral consolidations. Most of patients had 
grade III & IV by 21.2% and grade I & II by 18.2% 
for each group. 

Table (3): Artificial intelligence findings for the study group. 

N/ 
Mean 

%/ 
SD 

Median 
(IQR) Range 

Left lung on AI: 
Consolidation: 

No 9 27.3% 
Yes 24 72.7% 

Right lung on AI: 
Consolidation: 

No 6 18.2% 
Yes 27 81.8% 

Score of AI 72% 32% 90% (0%-99%) 
(56%-98%) 

Regarding AI findings, 72.7% of patients had 
consolidations on left lung and 81.8% on right 
lung. Mean score of AI was 72%±32% ranged from 
0% to 99%. 

Table (4): Chest CT findings for the study group. 

N % 

Left lung on AI: 
Consolidation: No 8 24.2 

Yes 25 75.8 

GGO No 8 24.2 
Yes 25 75.8 

Both No 13 39.4 
Yes 20 60.6 

Lobes No 3 9.1 
Upper 1 3.0 
Lower 13 39.4 
All 16 48.5 

Right lung on CT: 
Consolidation: No 4 12.1 

Yes 29 87.9 

GGO No 7 21.2 
Yes 26 78.8 

Both No 10 30.3 
Yes 23 69.7 

Lobes No 1 3.0 
Lower 6 18.2 
All 18 54.5 
Two lobes 8 24.2 

Laterality No 2 6.1 
Unilateral 2 6.1 
Bilateral 29 87.9 

Grade No 1 3.0 
I 5 15.2 
II 8 24.2 
III 8 24.2 
IV 11 33.3 

Probability Low 6 18.2 
Intermediate 4 12.1 
High 23 69.7 

CORADS 1 1 3.0 
2 7 21.2 
3 2 6.1 
4 6 18.2 
5 17 51.5 

Effusion No 21 63.6 
Yes 12 36.4 



No (N=1) 

Grade CT One way 

II (N=8) III (N=8) IV (N=11) ANOVA I (N=5) 
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Regarding CT findings, 75.8% of patients had 
consolidations on left lung and 87.9% on right 
lungs. 87.9% had had bilateral consolidations while 
6.1% had unilateral consolidations. Most of patients 
had grade IV by 33.3%, grade II & III by 24.2% 
and grade I by 15.2%. 69.7% of patients had high 
probability while 18.2% and 12.1 had low and 
intermediate probabilities respectively. 

Most patients had CORADS score 5 by 51.5%, 
grade 2 by 21.2% and 18.2%, 6.1% & 3% CO-
RADS scores 4, 3 & 1 respectively. 36.4% of the 
study group had effusion. 

Table (5): Relation between Age and Grades of X-ray & CT. 

Age One Way ANOVA 

N Mean ±  SD p-value Sig. 

Grade X-ray: 
No 7 28.14±30.9 0.047(AI) S 
I 6 30±25 
II 6 36.33±39.9 
III 7 56.14±19.58 
IV 7 66.86±13.37 

Grade CT: 
No 1 70 0.06 NS 
I 5 37.8±37.33 
II 8 29±28.3 
III 8 33.75±30.54 
IV 11 63.18±17.03 

(A) One Way ANOVA test of significance. 
*Post-hoc test was significant between: 

(A1) 
 between Grade 4 Vs. 

(grade 0 and grade 1). 

Regarding relation between age and grades of 
X-ray and CT, there was significant difference 
between grades of X-ray as p-value was (<0.05) 
post hoc test was done to determine the significance 
between which groups and it was between grade 
4 Vs. grades 0 and 1. There was no significant 
difference between grades of CT as p-value was 
(>0.05). 

Table (6): Correlation between age and AI score. 

Age AI Score 

Pearson correlation (r) 0.508 
p-value 0.003 
Sig. S 

Correlation was done to assess the relation 
between age and AI score, there was moderate 
positive correlation with significant p-value as it 
was (<0.05). 

The relation between grades of X-ray and grades 
of CT, there was significant difference between 
both grades as p-value was (<0.05). The most 
correlated grades was grade IV, 100% of patients 
had grade IV by X-ray also had grade IV by CT. 

The relation between grades of CT and AI score, 
there was significant direct proportional between 
both grades of CT and AI score as p-value was 
(<0.05). 

Table (7): Relation between grade of CT and grade of X-ray. 

Grade CT 

No I II III IV 
Fisher’s exact test 

N (%) N (%) N (%) N (%) N (%) p-value Sig. 

Grade X-ray: 
No (N=7) 
I (N=6) 
II (N=6) 
III (N=7) 
IV (N=7) 

1 
0 
0 
0 
0 

(14.3%) 
(0%) 
(0%) 
(0%) 
(0%) 

3 
0 
1 
1 
0 

(42.8%) 
(0%) 
(16.7%) 
(14.3%) 
(0%) 

2 
3 
2 
1 
0 

(28.6%) 
(50%) 
(33.3%) 
(14.3%) 
(0%) 

0 
3 
3 
2 
0 

(0%) 
(50%) 
(50%) 
(28.6%) 
(0%) 

1 
0 
0 
3 
7 

(14.3%) 
(0%) 
(0%) 
(42.8%) 
(100%) 

0.001 S 

Table (8): Relation between grade of CT and Score of AI. 

Mean ±  SD Mean ±  SD Mean ±  SD Mean ±  SD Mean ±  SD p-value Sig. 

Score AI 30% 42.6%±37.39% 58.75%±36.35% 74.63%±24.37% 97.55%±2.62% 0.002 S 
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We compared the sensitivity and specificity of 
X-ray and AI consolidations on left lung using CT 
consolidations as a reference to assess its predictive 
role to use it instead of CT, the sensitivity was 
more in AI, while specificity was more in than x-
ray with significant difference in both X-ray and 
AI as p-value was (<0.05). AUC for X-ray and AI 
was 0.858 & 0.815 respectively. 

The sensitivity and specificity of X-ray and AI 
consolidations on right lung using CT consolida- 

tions as a reference, the sensitivity was more in 
AI, while specificity was more in than X-ray with 
significant difference in both X-ray and AI as p-
value was (<0.05). AUC for X-ray and AI was 
0.879 & 0.823 respectively. 

Clinical picture: 

A 15 year old young boy, known case of acute 
myloid leukemia presented to the ER with high 
grade fever, cough and blood tinged sputum. 

Table (9): Correlation between left lung consolidation on X-ray & AI using left lung consolidation on CT as a reference. 

Left lung 
consolidation 

CT 

AUC p-value Sensitivity Specificity PPV NPV Yes 
(N=25) 

No 
(N=8) 

X-ray: 
Yes 21 (16%) 1 (12.5%) 0.858 <0.001 84% 87.50% 95.45% 63.64% 
No 4 (16%) 7 (87.5%) 

AI: 
Yes 22 (88%) 2 (25%) 0.815 <0.001 88% 75% 91.7% 66.7% 
No 3 (12%) 6 (75%) 

Table (10): Correlation between right lung consolidation on X-ray & AI using right lung consolidation on CT as a reference. 

Right lung 
consolidation 

CT 

AUC p-value Sensitivity Specificity PPV NPV Yes 
(N=29) 

No 
(N=4) 

X-ray: 
Yes 22 (75.9%) 0 (0%) 0.879 <0.001 75.86% 100% 100% 36.36% 
No 7 (24.1%) 4 (100%) 

AI: 
Yes 26 (89.7%) 1 (25%) 0.823 0.012 89.66% 75% 96.30% 50.0% 
No 3 (10.3%) 3 (75%) 

X-ray & AI findings: 

(A): CXR revealed right lung mid zone opacity (arrowed) 
with grade I severity. 

(B): DL algorithm heatmap overlaid on the image feature 
related to pneumonia in all zones of the right lung with 
score 56%. 
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Chest computed tomography: 

(C,D,E): CT images showing right lung consolidation and ground-glass opacities. The patient was considered grade III severity 
with indeterminate probability of COVID-19 (CORADS 3). 

Representative case of positive PCR COVID-19, which was suitably localized and detected by the 
DL algorithm. In this case the deep learning (DL) algorithm analysis of the localization of COVID-19 
with pneumonia was similar with the findings in CT, better than conventional radiography. 

Clinical picture: 
A 42 year old female patient presented to the ER with dyspnea, tachypnea and decreased air entry 

on the right side. 

X-ray & AI findings: 

(A): CXR of patient with COVID-19 shows opacity in all 
zones of the right lung and left lung mid and lower zones 
denoting consolidation, with severity grade IV. 

(B): DL algorithm classified CXR with probability score about 
97%. the color map reveals affection of all zones of the 
right lung and left mid and lower zones as in conventional 
imaging. 
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Chest computed tomography: 

(C,D,E,F): CT images show diffuse bilateral asymmetrical coalescent opacities, also often demonstrates an anteroposterior 
density gradient within the lung, with dense consolidation in the most dependent regions, merging into a 
background of widespread ground-glass attenuation. The patient was considered to be of grade IV severity. 

This patient was PCR positive for COVID-19, 
this case represents true positive for AI & CXR. 
ARDS was considered to be a complication of 
COVID-19. 

Discussion 

Diagnostic imaging is regarded as fundamental 
in the clinical work-up of patients with a suspected 
or confirmed COVID-19 infection. Recent progress 
has been made in diagnostic imaging with the 
integration of artificial intelligence (AI) and deep 
learning (DL) algorisms leading to an increase in 
the accuracy of exam interpretation and to the 
extraction of prognostic information useful in the 
decisionmaking process. Considering the ever 
expanding imaging data generated amid this pan-
demic, COVID-19 has catalyzed the rapid expan-
sion in the application of AI to combat disease [12]. 

The aim of this study was to evaluate the diag-
nostic accuracy of conventional radiography (CXR) 
using deep learning (DL) algorithms for the detec- 

tion of pneumonia in COVID-19 patients and com-
paring findings with CT chest. 

This was a retrospective study, conducted at 
the radio diagnosis department of Ain Shams Uni-
versity hospitals, in the period from 3-6 months, 
the study was carried out on 33 patients with 
realtime polymerase chain reaction (RT-PCR) con-
firmed COVID-19 patients referred to Ain Shams 
University Radiology Unit underwent CXR and 
CT chest. 

The study involved 33 patients, 57.6% were 
males and 42.4% were females with mean age of 
the study group was 44.12±29.67 years ranged 
from 0.5 to 86 years. 

Similar to our study, a retrospective study of 
Yasin and Gouda [13] with the plain radiography 
done for 350 patients who tested positive for coro-
navirus by nasopharyngeal swap. Age of the pa-
tients ranged from 12 to 85 years old with mean 
age was 41.68±14.12 years. There were 261 males 
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and 89 females with male to female distribution 
of 2.9:1. 

The CXR scoring system provides a semi-
quantitative tool to assess lung abnormalities and 
help clinicians stratify the disease risk. A score, 
ranging from 0 to 4, was given to each lung in our 
study according to the extent of lung involvement 
[14]. 

Regarding X-ray findings, 66.7% of patients 
had consolidations on left and right lungs. 54.5% 
had had bilateral consolidations while 24.2% had 
unilateral consolidations. Most of patients had 
grade of severity III & IV by 21.2% and grade I 
& II by 18.2% for each group. 

Similar to our study, In Yasin, and Gouda [13] 
study,the chest X-ray consolidation opacities were 
the most common finding seen in 218 patients 
(81.3%), followed by reticular interstitial thickening 
seen in 107 patients (39.9%) and GGO seen in 87 
patients (32.5%). Pulmonary nodules were found 
25 patients (9.3%) and pleural effusion was seen 
in 20 patients (7.5%). Most of the patients showed 
bilateral lung affection (181 patients, 67.5%) with 
peripheral distribution (156 patients, 58.2%) and 
lower zone affection (196 patients, 73.1%). 

In concordance to our study, Sathi et al. [15] 
reported that in CXR the most common scores 
were mild (85.6%). Moderate severity scores were 
found in 13.5% of cases, while severe cases were 
found in 0.9% of cases. This was incorcordance 
to our study, as our study involves smaller number 
of cases that represented to the ER unit. 

In recent years, medical diagnosis using AI-
driven systems have demonstrated remarkable 
progress in assisting radiologists and clinicians for 
disease detection, characterization, and monitoring. 
The automated nature of AI to recognize intricate 
patterns in radiologic images and its ability to 
provide quantitative assessment offer an efficient 
and scalable mechanism to augment the current 
diagnostic workflow in the hospitals and ambula-
tory testing centers. There were preliminary works 
that utilized AIdriven methodologies to assist 
radiographic examinations in identifying the visual 
indicators highly associated with COVID-19 [16]. 

In the current study, Regarding AI findings, 
72.7% of patients had consolidations on left lung 
and 81.8% on right lung. Mean score of AI was 
72%±32% ranged from 0% to 99%. 

Previous studies of Apostolopoulos and Mpe-
siana [17]; Asif et al. [18] focused on the automatic  

classification of COVID-19 from CXR images, 
considering how useful it could be in emergency 
departments, urgent care, and resource-limited 
settings. Moreover, by matching CXR findings to 
clinical data prognostic models can be developed, 
to predict disease gravity, and stratify patients on 
the basis of their risk of developing severe disease 
and or complications. 

Regarding CT findings, 60.6% of patients had 
both GGO and consolidation in left lung and 69.7% 
of patients had both GGO and consolidation in 
right lung.75.8% of patients had consolidations on 
left lung and 87.9% on right lungs.78.8% had GGO 
in right lung and 75.8% had GGO in left lung. 
87.9% had had bilateral lung affection while 6.1% 
had unilateral lung affection. 

Furthermore, the study of Farghaly and Makboul 
[19] reported that there was no lung affection was 
observed at chest CT in 47 (8.2%), while 461 
(80.3%) patients had bilateral lung affection and 
only 66 (11.5%) patients had unilateral affection. 

Regarding lobar affection in CT, we found that 
48.5% of cases had affection of both lobes of left 
lung & 54.5% of cases had affection of all lobes 
of right lung. 24.2% of cases had affection of two 
lobes of right lung. Regarding one lobe affection, 
the lower lobe was the commonest lobe involved 
in both lungs (87.9% in left lung and 96.6% in 
right lung). 

In comparison with our findings, the study of 
Bernheim et al. [20] reported 94 patients out of 121 
(77.6%) had ground-glass opacities, consolidation, 
or both, 41 (34%) had only ground-glass opacities 
(with no consolidation) and two (2%) had consol-
idation in the absence of ground-glass opacities. 
Eighteen patients (15%) had opacities in one lobe, 
14 (12%) had two affected lobes, 11 (9%) had 
three affected lobes, 18 (15%) had four affected 
lobes and 33 (27%) had disease affecting all five 
lobes. Seventy-three of the 121 patients (60%) had 
bilateral lung disease. Twenty patients (17%) had 
exclusively unilateral lung involvement, including 
13 patients with only right lung involvement and 
seven with only left lung involvement. 

Regarding severity score, most of patients had 
grade IV by 33.3%, grade II & III by 24.2% and 
grade I by 15.2%. 69.7% of patients had high 
probability while 18.2% and 12.1 had low and 
intermediate probabilities respectively. Most pa-
tients had CORADS score 5 by 51.5%. 36.4% of 
the study group had pleural effusion. 
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The study of Farghaly and Makboul [19] reported 
that CORADS-3 was presented in 442 (77%) pa-
tients, followed by COVID-RADS-0 in 47 (8.2%) 
patients, while CORADS-2 was presented in 85 
patients (14.8%). Of the included patients, 156 
(24.7%), 159 (27.7%), 136 (23.7%), and 76 (13.2%) 
patients had minimal, mild, moderate, and severe 
grades of affection respectively based on CT se-
verity score. 

Regarding relation between age and grades of 
X-ray and CT, we found that there was significant 
difference between grades of X-ray as p-value was 
(<0.05). There was no significant difference be-
tween grades of CT as p-value was (>0.05). 

In our study, we assessed the relation between 
age and AI score, there was moderate positive 
correlation with significant p-value as it was 
(<0.05). 

In a study of Borghesi et al. [21], 783 Italian 
patients (532 males and 251 females) with SARS-
CoV-2 infection were enrolled. Similar to our study, 
a significant correlation was observed between the 
CXR score and age in both males and females. 
Males aged 50 years or older and females aged 80 
years or older with coronavirus disease 2019 
showed the highest CXR score. 

Unlike to our study, Farghaly and Makboul [19] 
reported that regarding the relationship between 
age and severity of COVID-19, they found that 
there was a highly statistically significant difference 
between age and total CT severity lung score with 
(p-value <0.001), where young age (<30 year old) 
had the lowest total CT lung score, while the highest 
score was observed in old patients (≥70 years). 

In our study, relation between grades of X-ray 
and grades of CT, there was significant difference 
between both grades as p-value was (<0.05). The 
most correlated grades was grade IV, 100% of 
patients had grade IV by X-ray also had grade IV 
by CT. Furthermore, the relation between grades 
of CT and AI score, there was significant direct 
proportional between both grades of CT and AI 
score as p-value was (<0.05). 

In agreement with our findings, Çinkoog˘lu et 
al. [22] found a high positive correlation between 
total CTSs and XRSs (rs=0.70, p<0.001). Also, 
there were low to moderate positive correlations 
between CTSs and XRSs of each zone. 

We compared the sensitivity and specificity of 
X-ray and AI consolidations on the lungs using 
CT consolidations as a reference to assess its  

predictive role to use it instead of CT, the sensitivity 
was more in AI, while specificity was more in X-
ray with significant difference in both X-ray and 
AI as p-value was (<0.05). In left lung, AUC for 
X-ray and AI was 0.858 & 0.815 respectively. In 
right lung, AUC for X-ray and AI was 0.879 & 
0.823 respectively. 

A retrospective study of Li et al. [23] employed 
AI model that achieved AUC of 0.95 yielding 
higher accuracy (90%), sensitivity (88%), and 
specificity (91%) compared to manual interpretatin. 

Hwang et al. [24] reported that for the identifi-
cation of pneumonia with the reference standard 
of CT, AUC (0.789), sensitivity (74.0%), and spe-
cificity (72.4) of the radiologist in the CAD-assisted 
interpretation which did not significantly differ 
from those in the reader-alone interpretation. 

The use of AI seeks to at least match the diag-
nostic performance of radiologists. Narin et al. [25] 
thus, demonstrated that the performance of an AI 
system to detect COVID-19 pneumonia was com-
parable to that of six independent radiologists, 
with an operating point of 85% sensitivity and 
61% specificity in comparison to RT-PCR as the 
reference standard for the presence or absence of 
SARS-CoV-2 viral infection. The AI system cor-
rectly classified CXR images as COVID-19 pneu-
monia with an AUC of 0.81, significantly outper-
forming each reader (p<0.001) at their highest 
possible sensitivities. 

Conclusion: 
AI, applied to the interpretation of radiological 

images, allows to streamline and improve diagnosis 
while optimising the workflow of radiologists. 
Despite its low sensitivity compared to CT, efforts 
to improve the diagnostic yield of CXR are of the 
utmost interest, since it is the most common and 
widely used imaging method. Its use allows to 
monitor disease progression, provides an objective 
assessment based on quantitative information, 
reduces subjectivity and variability and allow the 
optimisation of resources due to its potential ability 
to predict the length of hospital stays. Used as 
support in clinical practice and, in conjunction 
with other diagnostic techniques, it could help 
increase efficiency in the management of the COV-
ID-19 infection. 
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