
 
Medical Research Archives |https://esmed.org/MRA/index.php/mra/article/view/3145  1 

 
 

 
 

   OPEN ACCESS 
 
Published: October 31, 2022 
 
Citation: Subramanian R, Rubi 
RD, et al., 2022. Quantitative 
Progression analysis of Post-
Acute Sequelae of   COVID-19, 
Pulmonary Fibrosis (PASC-PF) 
and Artificial Intelligence driven 
CT scoring of Lung involvement 
in Covid-19 infection using 
HRCT-Chest images, Medical 
Research Archives, [online] 
10(10).  
https://doi.org/10.18103/mra.
v10i10.3145   
    
Copyright: © 2022 European 
Society of Medicine. This is an 
open-access article distributed 
under the terms of the Creative 
Commons Attribution License, 
which permits unrestricted use, 
distribution, and reproduction in 
any medium, provided the 
original author and source are 
credited.  
DOI  
https://doi.org/10.18103/mra.
v10i10.3145   
 
ISSN: 2375-1924 
 
 
 
 
 
 

RESEARCH ARTICLE 
 

Quantitative Progression analysis of Post-Acute Sequelae of   
COVID-19, Pulmonary Fibrosis (PASC-PF) and Artificial Intelligence 
driven CT scoring of Lung involvement in Covid-19 infection using 
HRCT-Chest images 
 
Dr. Rajasekaran Subramanian1*, Dr. R. Devika Rubi1, Dr. C. Vaishnavi2, 
Mogilisetti Dedeepya3, Sravan Kumar V M Gorugantu3   
 
1*. Associate Professor, Keshav Memorial Institute of Technology, Hyderabad, 
Telangana State, India 
2. PG Resident, Shadan Institute of Medical Sciences and Research Centre, 
Hyderabad, India 
3. Research Intern, Neil Gogte Institute of Technology, Hyderabad, Telangana 
State, India  

 
* rajasekarans@kmit.in 
 
ABSTRACT 
Covid-19 is a contagious respiratory disease caused by SARS-COV-2 coronavirus, 
continue to spread across the world since Jan'2020. Covid-19 can be diagnosed 
by Nucleic Acid Testing, Antigens Test and Serology Tests or by Digitized Medical 
Imaging tools like X-ray and High-Resolution Computed Tomography (HRCT)-Chest 
images.  Advanced computational technologies like Artificial Intelligence (AI) - 
Deep Learning models can assist the radiologist in quantitative, accurate, infection 
severity and consistent diagnosis, by training the computational system to learn the 
features of Covid-19 by feeding practitioner's annotated CT images.  Quantitative 
HRCT assessment of severity of COVID-19 infection was widely appreciated by 
medical fraternity, various government administrations across the world during the 
early phase of infection.  During digitized HRCT-Chest images analysis, the typical 
features of COVID-19 like bilateral peripheral Ground Glass Opacities (GGO) 
and/or consolidation, predominantly involving the lower lobes of lung are 
analyzed. Bilateral peripheral rounded patchy ground glass opacities have been 
analyzed.   HRCT images analysis helps to identify pre-dominant patterns of lung 
abnormalities like unilateral, multifocal and peripherally GGOs.   Most patients 
make a complete recovery, few of them continue to experience sequalae long 
after they recover from the acute infection. The most common sequalae symptoms 
reported were lost of taste or smell, fatigue, and shortness of breath. This 
constellation of sequalae symptoms, is called Post-Acute Sequelae of     COVID-
19 (PASC).  A subset of patients recovering from infection continue to have 
persistent respiratory symptoms and chest imaging abnormalities.  Our AI-Deep 
Learning Model is calculating the extent of lung involvement (% of involvement) 
which is common in the acute phase of infection, was recognized early in the 
pandemic.   While the GGOs and consolidations slowly improved after Covid-19 
recovery, fibrosis was seen considerable percentage of patients on follow-up scans 
after discharge. Results arriving out from our AI model is very much helpful to focus 
on the post-acute lung disease in COVID-19. Our Deep Learning model analytics 
on quantitative HRCT metrics of fibrotic lung disease quickly facilitate a role in the 
evaluation of post covid symptoms, lung fibrotic changes or pulmonary fibrosis. 
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Introduction 
Covid-19 is an infectious respiratory disease 
caused by a new corona virus called SARS-COV-2. 
This SARS-COV-2 virus is an RNA virus like flu and 
measles which prone to changes and mutations 
similar herpes, small box and Human 
PapillomaVirus (HPV) DNA viruses.1 The Covid-19 
disease diagnostics is broadly done under two 
categories, either through laboratory base 
approaches such as nucleic acid testing, antigens 
test and serology (antibody) tests or through 
medical imaging tools such as X-ray and computed 
tomography.2 
As, this disease is fast spreadable, early 
identification of Covid-19 helps to isolate people 
from the infected and to reduce the disease spread. 
Despite RT-PCR remains the primary and gold 
standard for Covid-19 diagnosing, diagnostics 
using chest CT scans as a simpler, quicker and more 
reliable way in Covid-19 diagnostics. Thus, CT scan 
will help the early detection of Covid-19 quickly. In 
the place of RT-PCR test kits shortage, CT-Scan can 
be used as an alternative for screening and 
diagnosing of Covid-19. Covid-19 disease affects 
many organs like heart, blood vessels and lungs. 
The ACE2 (Angio tension-Converting Enzyme2) 
surface receptor are found in alveoli (Tiny air sacs 
which takes oxygen from our breath) of human 
lungs. Covid-19 virus binds with this ACE2 and 
makes breathing difficult. CT scan helps to identify 
this kind of abnormality. Various study findings 
shown that circulating miRNA-21 quantification 
provides critical insights for elucidating 

Transforming Growth Factor Beta (TGF-β) proteins 

mediated pulmonary remodeling which involved in 
fibrosis developments.3 These measures will help us 
to achieve better clinical outcome in real-time with 
high diagnostic accuracy. Hence, by modulating 
miRNA-21 and their targets, it may be possible to 
explore better diagnostic, prognostic and 
therapeutic approaches that 
may influence post-COVID complications in the 
future. 
Various research studies show that the patients who 
recovered after acute COVID-19 illness continue to 
experience various signs and symptoms at variable 
timeframes. The most commonly reported sequalae 
symptoms were lost of taste or smell, fatigue, and 
shortness of breath. This post covid, constellation of 
sequalae symptoms, is called Post-Acute Sequelae 
of COVID-19 (PASC).   
Digitized HRCT-scan images analysis helps us to 
identify Unilateral, Multifocal and Peripherally 
Ground Glass Opacities (GGO), which are 
predominant patterns of lung abnormalities.  GGOs 

are Covid-19’s early infection sign while it is 
pulmonary consolidation for later stage. Due to 
disease load in the vast population, radiologists 
find manual annotations of lung infections is very 
tedious and time-consuming task, which is getting 
influenced by their bias decision and clinical 
experiences.   
Technological advancements in the computational 
field, especially in Artificial Intelligence (AI)-Deep 
Learning (DL) models will assist the radiologist in 
quantitative, accurate, infection severity and 
consistent diagnosis. These technologies facilitate a 
faster and accurate identification of Covid-19’s 
typical features like Bilateral Peripheral GGO 
and/or consolidation, which are predominantly 
involving the lower lobes of lung. DL models learns 
these Covid-19 imaging features from the expert 
(radiologist) marked Covid-19 CT images and 
automatically predicts the Covid-19 regions by 
using their learnings. 
Narhes and Shervin et.al.4 proposed a U-Net DL 
model for Covid-19 segmentation. They used 929 
images from medseg.si of size 630*630 and the 
model produces a dice score of 86% and average 
precision of .94. Athanasis and Eftychios et.al.5 
proposed another CT segmentation customized U-
Net DL which is completely built with convolutional 
layers, dense layers and a FCN8 network. The 
authors’ model consists of used 939 cross sectional 
CT-images of size 630*630 from Radiopaedia.6 
The authors stated that their custom U-Net DL model 
produced more coarse boundaries than regular U-
net which produces smoother and smaller than that 
of the original annotated area. 
Arnab kumar Mishra,Sujit kumar Das et.al7 
explored number of popularly used DL models like 
VGG16, Inception V3, Resnet 50 and Densenet 
using publicly available datasets.8 The authors 
model improved predictions efficiency of the 
baseline model with decision fusion approach with 
a F1 accuracy of .883. 
Qingsen Yan,BO Wang et.al9 designed the Covid-
segNet DL model has a Feature variation (FV) 
method automatically adjusts the confusing 
boundaries of Covid-19 region and thus enhances 
the annotated images features. 
Amine Amyar,Romain modzelewski et.al10 
proposed an automatic CT screening tool with 
multitask learning model having three tasks 
classification, segmentation and image feature 
reconstruction. The proposed CT screening model 
produces .88 dice coefficient for segmentation task 
and higher than 97% area under the ROC curve for 
the classification task.  
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As Dilibag singh,vijay kumar et.al11 reported that 
among various chest CT Covid-19 images 
classifications like CNN, ANN, ANFIS 
methodologies, CNN is the best except hyper 
parameters tuning parameter.  Deng-pingfan, Tao 
Zhou et.al12 developed, Inf-Net, an automatic 
Covid-19 regions detection model. This model used 
a semi-supervised framework, which requires 
minimum number of annotated images for training. 
This model aggregates high level features by using 
parallel partial decoders.  
As Han X et.al13 reported that approximately one 
third of participants who recovered from severe 
Covid-19 developed lung fibrotic-like changes 
within 6 months of their recovery. The authors also 
reported those older than 50 years have acute 
respiratory distress syndrome and higher baseline 
CT lung involvement score. 
This paper discusses about AI-DL Model to calculate 
the extent of lung involvement (% of involvement).  
This paper discusses about the role of AI-DL model 
analytics on quantitative HRCT metrics of fibrotic 
lung disease to facilitate the evaluation Post-
Sequelae of Covid-19 (PASC) symptoms, lung 
fibrotic changes or pulmonary fibrosis. This paper 
proposes a DL with multi-diagnostic tasks namely 1. 
Binary Classification of Covid-19 2. Automatic CT 
Lung Segmentation and 3. Covid-19 region 
segmentation on CT images with lung involvement 
score.  
 
Methods 
This paper proposes a DL model with three multi-
diagnostic tasks, namely 1. Binary classification of 
Covid-19 2. Automatic lung segmentation and 3. 
Covid-19 region segmentation with lung 
involvement scoring. 
For the proposed DL model, the chest CT images are 
collected from medical segmentation created by 
Medseg14 which contains two volumetric CTS with 
100 axial CT images from >40 patients with 

COVID-19. One CTS one with 10 axial volumetric 
CTS, each volumetric CT axial contains 100 slices of 
Covid-19 images with masks of size 512*512. 
Other 9 axial volumetric CTs contains 829 images 
and masks of size 630*630. All these images are 
of NIfTI format can be used with python Nibabel 
packge.15  
 

1. Binary classification Task 
This diagnostic model predicts positivity of Covid-
19 from the CT images. All the given CT images are 
resized into the same size of 630*630 by using 
nearest neighbor interpolation the CT images. All 
the images in the dataset are divided into 585, 65 
and 275 for training, validation and testing.   
This diagnostic model used VGG1616 and Resnet-
5017 deep learning architecture, Convolutional 
Neural Networks (CNNs) to classify Positivity and 
Negativity of Covid-19 on the CT image. VGG16 
is a CNN consisting of different blocks with 
convolutional layer forward by max pooling and 
fully connected layers (dense layers) at the 
backend with output layer at the end. During initial 
stage convolutional layers learn the high-level 
features and the backend dense layers learn low 
level features. Model size is around 528 MB and 
has 138,359,544 parameters. The architecture of 
the VGG-16 model is illustrated in Figure 1. 
 

 
Fig. 1. Architecture of VGG16 

 
Another CNN Resnet-50 uses 50 layers deep with 
skip connections to learn low level features. Resnet-
50 architecture and its skip connections are 
illustrated in Figure 2. 

 
 

 
 
Fig. 2. Resnet Architecture and Skip connections 
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2. Lung Detection Model 
This diagnostics model automatically identifies the 
lung region in the CT-images. The           U-net18-19 
DL model is used for semantic segmentation. In U-
net model the input images pass through multiple 
stages of convolutional and pooling to reduces the 
height and width of image while passing in deep h 
after each convolution in down sampling. 
Subsequently model fully convoluted and produce 
image mask through multiple stages of up sampling. 
The architecture of the U-Net CNN is illustrated in 
Figure 3. 

 

Fig. 3. Architecture of U-Net Model 

3. Covid-19 Region Segmentation 
This diagnostics model segments and identifies the 
Covid-19 region in the lung CT image. This 
diagnostic model is implemented using U-Net CNN 
with the same modified loss function which segments 
the Covid-19 region in CT images. This diagnostics 
model uses 373    resized (624*624) Covid-19 
positive marked images with the training, testing 
and validation ratio of 240:75:58 respectively. 
Publicly available dataset collections medRxvv20, 
bioRxiv21 and pyMuPDF22 are used by this model to 
predict Covid-19 region.  
 
Results 
The results section details out results obtained from 
all three diagnostics tasks as proposed in the model. 
A. Binary Classification Model 
The classification diagnostic task was performed 
using two CNN models namely, VGG16, RESNET50 
models and each model with two different learning 
rates. The evaluation metrics like Learning Rate, 
Accuracy, Precision, Recall and F1 Score are listed 
out in the table 1.

 
Table 1.  Evaluation Metrics of various CNN Models 

Model Learning Rate 
(Adam) 

Accuracy Precision Recall F1 Score 

VGG16 0.001 45.87 45.8 1.00 62.8 

RESNET50 0.001 94.24 92.42 95.31 93.85 

VGG16 0.0001 97.132 96.15 97.66 96.90 

RESNET50 0.0001 97.132 96.88 96.88 96.88 

 
The confusion matrix for the diagnostics CNN models are listed out in Table 2 and their training times are 
reported in Table 3. 
 
Table 2. Confusion Matrix 

Model Learning Rate TN FP FN RP 

VGG16 0.001 0 0 151 128 

RESNET50 0.001 141 10 6 122 

VGG16 0.0001 146 5 3 125 

RESNET50 0.0001 145 6 4 124 
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Table 3. Training Time 

Model Time (Approx) Epochs 

VGG16 1 Hour 30 Mins 100 

RESNET50 2 Hour 30 Mins 100 

 
All the models were trained using NVidia DGX 
Station, having 4xTesla V100 cores with 4x80GB 
GPU RAM, 512 GB CPU RAM with 12 TB hard disk.  

Actual predicted results against the practitioners 
ground truth were given using VGG-16 Model, are 
illustrated in the Figure 4. 

 

 

 
Fig.4. Classification prediction results against ground truth using VGG-16 
 
Actual, predicted results against the practitioners ground truth were given using the Resnet50 Model, are 
illustrated in Figure 5. 
 

 

 
 

Fig.5. Classification prediction results against 
ground truth using Resnet50 
In the Binary Classification diagnostics task has 
achieved F1 scores 96.90, 96.88 for VGG-16 
network and Resnet50 network respectively. 
A. Lung Detection Model 
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With the ratio of 450:214:49 images in Training, 
Testing and Validation respectively, the lung 
detection model used a modified loss function, 
combined the dice loss and binary cross entropy. 
This model produces an accuracy of 98.2, specificity 

99.83, sensitivity 98.3, dice coefficient 97.21 and 
IOU 95.44. Lung segmentation predicted results 
with practitioners ground truth mask as illustrated in 
Figure 6. 

 

 
Fig.6. Lung segmentation prediction results against the ground truth mask. 
c. Covid-19 Region Segmentation 

 
This diagnostic model, which segment and predict 
the actual Covid-19 infected region in the lung. This 
model produced evaluation parameters: accuracy 
99.4, specificity 99.5, sensitivity 80.83, dice 

coefficient 72.4 and IOU 61.59. The actual 
detected Covid-19 region using this model as 
illustrated in the figure 7. 

 

 

 
Fig.7. Covid region segmentation prediction results against the ground truth mask using the U-Net. 
 

Discussion 
The infectious disease Covid-19 spreads globally 
for the last three years and the death rate increases 
at an exponential rate. Shortage of the RT-PCR 
toolkit forcing us to use digitized HRCT images 
analysis as an alternative diagnosing model for 
detecting early detection of Covid-19. The 
radiologists workload has been substantially 
increased due to increase in CT images bandwidth 
and also the new Covid-19 virus diagnostics 
consumes a lot of time.       This paper proposes an 
AI-DL driven diagnostics model having three 

automatic DL diagnostics tasks such as binary 
classification of Covid-19 images, detection of lungs 
region on HRCT images and Covid-19 region 
identification on HRCT images. Subsequently, 
calculate the visual CT severity scores, based on 
degree of lung involvement in Covid-19 infection. 
As Francone M, et.al23 stated that the main hallmark 
of COVID-19 pneumonia, is the presence of 
bilateral GGOs with or without consolidative areas, 
with a predominant peripheral, lower lobes, and 
posterior anatomic distribution.  
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As Joshua J, et.al24 reported that in the Covid-19 
infection’s acute phase, lung involvement is common. 
In the acute phase, lung involvement extent 
associated with underlying systemic inflammation 
and showing signs of worse outcome.  
The constellation of symptoms which are initially 
referred as “long COVID,” is now stated as Post-
Acute Sequelae of COVID-19 (PASC). Recovery 
period from Covid-19 infection varies across the 
patients, globally.  Most of them make complete 
recovery, remaining continue to experience 
sequalae even after their recovery with mild to 
severe symptoms. Havervall S, et.al25 reported in 
their study that 26% of health care workers 
experienced to have moderate to severe symptoms 
for 2 months and around 15% experienced to have 
moderate to severe symptoms for 8 months. And the 
most common symptoms experienced were loss of 
taste or smell, fatigue, and shortness of breath. 
In their study, Ooi GCKP, et.al26 reported that in 
they noticed reticular abnormalities in 2 weeks, 
wherein CT abnormalities were most severe in their 
SARS-CoV patients outbreak dataset. The authors 
have used the dataset from Cherry JD and 
Krogstad P’s27               2003-SARS-CoV outbreak 
study which has 8000 confirmed cases with 
mortality rate of 9%. 
Antonio GE, et.al28 found that fibrosis was seen with 
50-60% of patients during follow-yp scans after 
their recovery and discharge. Whereas, the GGOs 
and consolidations in their scans were slowly 
improved. In another study, Antonio GW, et.al29 

found that fibrosis was more common with the 
elderly population, patients with a longer length of 
stay and those with a higher lactate 
dehydrogenase in the acute phase. Chan KSZJ, 
et.al30 reported that fibrosis was found with 
patients who has notable exercise intolerance after 
recovery. 
Along with radiographic imaging abnormalities, 
most of the patients tend to have accompanying 
symptoms like breathlessness with or without cough 
and abnormalities on lung physiology. However, it 
is reported that a quite a few of patients 
experienced to have symptoms with lung 
involvement and without imaging abnormalities. 
Also, quite a few patients experienced to have 
substantial imaging abnormalities without these 
accompanying symptoms. 
However, for the ideal role of quantitative CT to 
assess PASC-PF can be established by developing 
distinct metrics to differentiate GGO and fibrotic 
appearing abnormality. Humphries SM, et.al31-33 
have reported that well known data-driven deep 
learning technique textural analysis for chronic 
fibrotic lung disease found a correlation with 

visually estimated fibrosis and with physiologic 
impairment. In another study, Humphries SM, et.al34-

35 stated that these deep learning based textural 
analysis can help us disease progression prediction.   
A subset of patients who recovered with this acute 
infection tend to have persistent respiratory 
symptoms and chest imaging abnormalities.  And 
there is no widely accepted Covid-19 prognostic 
biomarker to identify patients needing immediate 
medical attention and to estimate their associated 
mortality rate. So clinical CT imaging findings, 
prediction of disease progression and its clinical-lab 
findings may facilitate practitioners in triaging 
patients and to timely establish treatment. A 
quantitative metrics, a measure like CT scoring may 
help to stratify patient's risk and disease predict 
and progression. 
Globally, pulmonary Fibrosis (PF) is a frequently 
reported COVID-19 sequela in which the exact 
prevalence and risk factors are need to 
ascertained. Currently there is no systematic 
literature review on Post-Acute Sequelae of 
COVID-19 (PASC), Pulmonary Fibrosis     (PASC-PF). 
The most frequent CT findings within the lung 
abnormalities are Parenchymal Bands, Interlobular 
Septal Thickening and Coarse Reticulations. As Bnar 
J, et.al36 reported that around 44.9% of COVID-
19 survivors appear to have developed PF and the 
COVID-19 severity factors were considerably 
associated with PASC-PF development. Authors 
reported that PF was 2.88 times more prevalent in 
patients with Chronic Obstructive Pulmonary 
Disease (COPD) and PF was 0.51, 0.69 times less 
prevalent with diabetes and hypertension patients 
respectively. 
The most frequent CT findings in Covid-19 are 
GGO, Crazy-Paving Pattern (GGOs with 
superimposed inter- and intralobular Septal 
Thickening) and consolidation. Feng Pan et.al37 have 
worked out a Covid-19 staging system, Stage-1 to 
Stage-4 based on chest CT scans and the degree 
of lung involvement. In each stage group, the lower 
lobes were more inclined to be involved higher CT 
scores. The authors reported that the CT scores of 
bilateral lower lobes had significant differences 
than with corresponding upper and middle lobes in 
stage 3 and 4.  
In their quantitative metrics analysis of degree of 
lung involvement Ali, R.M.M. and Ghonimy, M.B.I26 
have worked out on a visually scored scale for the 
degree of lung infection. The authors divided the 
lung into five lung lobes and each lobe infection was 
visually scored based on involvement, starting with 
scale-0 showing no involvement, stage-1 with 5% 
involvement, stage-2 with 25%, stage-3 with 26-
49%, stage-4 with 50-75% and stage-5 showing 
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more than 75% involvement. The aggregated CT 
score was the addition of all individual lobar scores 
ranging from 0 (no involvement) and to 25 
(maximum involvement) 
The proposed model in this paper does an 
automatic calculation of these CT scores based on 
degree of lung involvement, after performing all 
the three diagnostic tasks and validated by 
practitioners, subsequently, practitioners deduce a 
quantitative measure and metrics of degree of lung 
involvement on the arrived digitized HRCT image 
findings. 
 
Conclusion  
A number of literature studies show that progressive 
fibrotic lung disease is one of the potential COVID-
19 pulmonary pneumonia consequences. And 
PASC-PF is one of the most worrying long-term 
complications over next few years. Also, PF is 
closely associated with non-reversible lung 
dysfunction. The PASC-PF, long-term lung changes 
are still not completely understood. With the 
technological advancements like AI-DL analysis on 
clinical HRCT images will facilitate and enhance our 
disease prediction systems. Also the early detection 
of serious complication for the patients giving a 
chance for early introduction of anti-fibrotic drugs. 

Having quantitative measure, metrics like CT 
Scoring system will provide a logical reasoning and 
improves the practitioner’s confidence in analytics. 
AI-DL driven automatic CT scoring systems leverage 
the computers' non-tiring behaviour to deduce 
consistent, accurate quantitative measure, metrics 
will encourage the research fraternity to do more 
concrete research with quantitative measures in 
precious life-saving field. 
 
Acknowledgement:  
Dr.Rohit Tapadia, MBBS, MD, Director, Tapadia 
Diagnostic Centre for the Clinical and Biomedical 
Advisory and Evaluation. 
Prof. Neil Gogte, Director, Keshav Memorial 
Institute of Technology for the Project Guidance, 
Finance and Material support. 
 
Source(s) of support: None 
  
Conflicting Interest (If present, give more details): 
None 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://esmed.org/MRA/index.php/mra/article/view/3145
https://esmed.org/MRA/mra


                                                      
 
                           CNN based automatic scoring of Post-Acute Sequelae of COVID-19 (PASC) Lung 

Involvement in Covid-19 infection on HRCT-images

 

 
Medical Research Archives |https://esmed.org/MRA/index.php/mra/article/view/3145  9 

References 
1. Richmen DD, Whitley RJ & Hayden FG. Clinical 
virology. 4th Edition, ASM Press. 2016.  
2. F.Shi, J.Wang, J.Shi et al. Review of Artificial 
Intelligence in imaging data acquisition, 
segmentation and diagnosis for Covid-19. IEEE 
reviews in Biomedical Engineering, 2020.        
3. Mohammad Ali, Fahed Abdullah, Aleemuddin 
Naveed, Syed Mahmood Ahmed, Aleem Ahmed 
Khan, Ashfaq Hasan. Role of circulatory miRNA-21 
and associated signaling pathways in the 
pathogenesis of pulmonary fibrosis among 
individuals recovered after COVID-19 infection, 
Human Gene, Volume 34, 2022, 201093, ISSN 
2773-0441. 
https://doi.org/10.1016/j.humgen.2022.201093. 
4. Narges Saeedizadeh, Shervin Minaee et al. 
Covid TV-U-Net: Segmenting Covid-19 chest CT 
Images Using Connectivity Imposed U-net. 
arXiv:2007.12303v3. Aug 2020. Available from:  
https://arxiv.org/abs/2007.12303v2. 
5.  Athanasias, Eftychios et al. Deep learning 
models for Covid-19 infected area segmentation in 
CT images. MedRxiv, 2020. Available from: 
https://www.medrxiv.org/content/10.1101/2020
.05.08.20094664v2. 
6. Radiopaedia. https://radiopaedia.org/.  
(Accessed May 04, 2020). 
7. Arnab Kumar Mishra, Sujit kumar Das et al. 
Identifying Covid-19 from chest CT images: A Deep 
Convolutional Neural Networks based approach. 
Journal of Healthcare Engineering. Hindawi, Volume 
2020. 
8. Xiaowei Xu, Xiangao Jiang, Chunlian Ma, et al. 
A Deep Learning System to Screen Novel 
Coronavirus Disease 2019 Pneumonia. 
https://doi.org/10.1016/j.eng.2020.04.010. 
9. Qingsen Yan, Bo.Wang et al.  Covid-19 Chest CT 
image segmentation - A deep convolutional neural 
network solution. arXiv:2004.10987v2,EESS IV, 
2020. Available from: 
https://arxiv.org/abs/2004.10987. 
10. Amine Amyar, Romain Modzelecoski et al. Multi 
task Deep learning based CT imaging analysis for 
classification and segmentation. Computers in 
Biology and Medicine, Elsevier, Volume:126, Nov 
2020. 
11. Dilibag Singh, Vijay Kumar et al. Classification 
of covid-19 patients from chest CT images using 
multi objective differential evolution based 
convolutional neural networks. Eur J Clin Microbiol 
Infect Dis, Apr 2020. 
12. Deng-Ping Fan, Tao Zhou et al. Inf-Net: 
Automatic covid-19 lung infection segmentation 
from CT images. arXiv:2004.14133v4 (EESS.IV), 
May 2020. 

13. Han X, Fan Y, Alwalid O, Li N, Jia X, Yuan M, Li 
Y, Cao Y, Gu J, Wu H, Shi H. Six-month Follow-up 
Chest CT Findings after Severe COVID-19 
Pneumonia. Radiology. 2021 Apr;299(1):E177-
E186. doi: 10.1148/radiol.2021203153. Epub 
2021 Jan 26. PMID: 33497317; PMCID: 
PMC7841877. 
14.  Covid-19 CT Segmentation dataset. Available 
from:http://medicalsegmentation.com/covid19/. 
(Accessed July 04,2022). 
15. NiBabel Package. Available from: 
https://nipy.org/nibabel/.  
16. X. Zhang, J. Zou, K. He and J. Sun. Accelerating 
Very Deep Convolutional Networks for 
Classification and Detection. IEEE Transactions on 
Pattern Analysis and Machine Intelligence. Vol. 38, 
No. 10, pp. 1943-1955, 1 Oct. 2016. doi: 
10.1109/TPAMI.2015.2502579. 
17. Kaiming He, Xiangyu Zhang et al. Deep 
residual learning for Image Recognition. 
arXiv:1512.03385v1[cs.cv], 2015. Available from: 
https://arxiv.org/abs/1512.03385.  
18. Uni-freiburg. U-Net: Convolutional Networks for 
Biomedical Image Segmentation. Available from: 
https://lmb.informatik.uni-
freiburg.de/people/ronneber/u-net/. 
19. Olaf Ronneberger, phillipp Fischer et al. U-net: 
convolutional networks for biomedical image 
segmentation. MICCAI, Springer, vol:9351:234-
241,2015. 
20. medRxiv. The Preprint server for Health Sciences. 
https://www.medrxiv.org/.  
21. bioRxiv. The Preprint server for Biology. 
https://www.biorxiv.org/.  
22. Python bindings for MuPDF’s rendering library. 
https://github.com/pymupdf/PyMuPDF 
23. Francone, M., Iafrate, F., Masci, G.M. et al. 
Chest CT score in COVID-19 patients: correlation 
with disease severity and short-term prognosis. 
European Radiology. Vol 30, 6808–6817 (2020). 
https://doi.org/10.1007/s00330-020-07033-y 
24. Joshua J. Solomon, Brooke Heyman, Jane P. Ko, 
Rany Condos, and David A. Lynch. CT of Post-Acute 
Lung Complications of COVID-19. Radiology 2021; 
301:2, E383-E395. 
25. Havervall S, Rosell A, Phillipson M, et al. 
Symptoms and Functional Impairment Assessed 8 
Months After Mild COVID-19 Among Health Care 
Workers. JAMA 2021;325(19):2015–2016. 
26. Ooi GCKP, Khong PL, Müller NL, et.al. Severe 
acute respiratory syndrome: temporal lung changes 
at thin-section CT in 30 patients. Radiology 
2004;230(3):836–844. 
27. Cherry JD, Krogstad P. SARS: the first pandemic 
of the 21st century. Pediatr Res 2004;56(1):1–5. 

https://esmed.org/MRA/index.php/mra/article/view/3145
https://esmed.org/MRA/mra


                                                      
 
                           CNN based automatic scoring of Post-Acute Sequelae of COVID-19 (PASC) Lung 

Involvement in Covid-19 infection on HRCT-images

 

 
Medical Research Archives |https://esmed.org/MRA/index.php/mra/article/view/3145  10 

28. Antonio GE, Wong KT, Chu WC, et al. Imaging 
in severe acute respiratory syndrome (SARS). Clin 
Radiol 2003;58(11):825–832. 
29. Antonio GE, Wong KT, Hui DS, et al. Thin-section 
CT in patients with severe acute respiratory 
syndrome following hospital discharge: preliminary 
experience. Radiology 2003;228(3):810–815. 
30.Chan KSZJ, Zheng JP, Mok YW, et al. SARS: 
prognosis, outcome and sequelae. Respirology 
2003;8(Suppl 1):S36–S40. 
31. Humphries SM, Swigris JJ, Brown KK, et al. 
Quantitative high-resolution computed tomography 
fibrosis score: performance characteristics in 
idiopathic pulmonary fibrosis. European Respiratory 
Journal 2018;52(3):1801384. 
32.Mathai SK, Humphries S, Kropski JA, et al. 
MUC5B variant is associated with visually and 
quantitatively detected preclinical pulmonary 
fibrosis. Thorax 2019;74(12):1131–1139. 
33. Salisbury ML, Hewlett JC, Ding G, Markin CR, 
Douglas K, Mason W, Guttentag A, Phillips JA 3rd, 
Cogan JD, Reiss S, Mitchell DB, Wu P, Young LR, 
Lancaster LH, Loyd JE, Humphries SM, Lynch DA, 
Kropski JA, Blackwell TS. Development and 
Progression of Radiologic Abnormalities in 
Individuals at Risk for Familial Interstitial Lung 
Disease. Am J Respir Crit Care Med. 2020; May 
15;201(10):1230-1239. doi: 
10.1164/rccm.201909-1834OC. PMID: 
32011901; PMCID: PMC7233345. 

34. Humphries SM, Yagihashi K, Huckleberry J, et  
al. Idiopathic Pulmonary Fibrosis: Data-driven 
Textural Analysis of Extent of Fibrosis at Baseline 
and 15-Month Follow-up. Radiology 2017; 
285(1):270–278. 
35.Raghu G, Wilson KC. COVID-19 interstitial 
pneumonia: monitoring the clinical course i survivors. 
Lancet Respir Med 2020; 8(9):839–842. 
36. Bnar J. Hama Amin, Fahmi H. Kakamad, Gasha 
S. Ahmed, Shaho F. Ahmed, Berwn A. Abdulla, 
Shvan H. mohammed, Tomas M. Mikael, Rawezh Q. 
Salih, Razhan k. Ali, Abdulwahid M. Salh, Dahat A. 
Hussein. Post COVID-19 pulmonary fibrosis; a 
meta-analysis study. Annals of Medicine and 
Surgery, Volume 77,2022,103590. ISSN 2049-
0801. 
https://doi.org/10.1016/j.amsu.2022.103590. 
37. Pan F, Ye T, Sun P, Gui S, Liang B, Li L, Zheng D, 
Wang J, Hesketh RL, Yang L, Zheng C (2020) Time 
course of lung changes at chest CT during recovery 
from coronavirus disease 2019 (COVID-19). 
Radiology. 295(3):715–721. 
https://doi.org/10.1148/radiol.2020200370 
38. Ali, R.M.M., Ghonimy, M.B.I. Post-COVID-19 
pneumonia lung fibrosis: a worrisome sequelae in 
surviving patients. Egypt J Radiol Nucl Med; Vol 52, 
101 (2021).  
https://doi.org/10.1186/s43055-021-00484-3 
 

 
 

https://esmed.org/MRA/index.php/mra/article/view/3145
https://esmed.org/MRA/mra

