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Abstract
Background  Computed tomography (CT) imaging and artificial intelligence (AI)-based analyses have aided in 
the diagnosis and prediction of the severity of COVID-19. However, the potential of AI-based CT quantification of 
pneumonia in assessing patients with COVID-19 has not yet been fully explored. This study aimed to investigate 
the potential of AI-based CT quantification of COVID-19 pneumonia to predict the critical outcomes and clinical 
characteristics of patients with residual lung lesions.

Methods  This retrospective cohort study included 1,200 hospitalized patients with COVID-19 from four hospitals. 
The incidence of critical outcomes (requiring the support of high-flow oxygen or invasive mechanical ventilation or 
death) and complications during hospitalization (bacterial infection, renal failure, heart failure, thromboembolism, and 
liver dysfunction) was compared between the groups of pneumonia with high/low-percentage lung lesions, based 
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Background
Since the emergence of the first case of coronavirus dis-
ease (COVID-19) in 2019, more than 676  million cases 
have been reported worldwide [1, 2]. Significant efforts 
have been made to develop vaccines and treatments, 
such as systemic corticosteroids and remdesivir [3, 4], 
to improve disease prognosis. However, there have been 
recurring outbreaks in Japan [5] and may acquire stron-
ger virulence in the future, forcing us to prepare for the 
next pandemic. Because there are heterogeneous disease 
courses of COVID-19, early identification of patients at 
risk of severe disease is important for the appropriate use 
of medical resources.

Chest computed tomography (CT) is extensively used 
to diagnose COVID-19 and to predict its severity [6, 7]. 
In the early years of the COVID-19 pandemic, qualita-
tive assessments of pneumonia by radiologists were use-
ful for predicting disease severity [8–10]; however, the 
reproducibility of evaluation by radiologists is problem-
atic [11]. In fact, semi-quantitative analysis of pneumo-
nia and well-aerated lung volumes using CT density has 
shown a better prediction of severity than qualitative 
assessments by radiologists [12, 13]. Furthermore, arti-
ficial intelligence (AI) -based CT analyses have recently 
become useful in diagnosing and predicting the sever-
ity of COVID-19 [14–16]. The advantage of AI-based 
analysis is that it can quickly, easily, and reproducibly 
quantify pneumonia without intra- or interobserver vari-
ability. However, reports on the usefulness of AI-based 
CT analysis in predicting COVID-19 severity are limited 
to a small number of cases at a single center over a short 
duration [15, 17]. Only a few studies have compared the 
detailed clinical characteristics or complications during 
hospitalization of patients based on the volume of pneu-
monia quantified using AI-based analyses [6].

Since the latter half of 2020, various systemic symp-
toms have been reported to persist after the acute phase 
of COVID-19 [18] and to cause long-term lung sequelae 
[19]. The pathogenesis of the sequelae is not well under-
stood, and the analysis of structural changes using CT 
may be important for understanding them. Qualita-
tive CT evaluation by radiologists has shown that lung 
sequelae are frequently accompanied by residual shad-
ows three months after COVID-19 [20]; however, only 
a few studies have performed AI-based CT quantifica-
tion of residual lesions [21, 22]. Moreover, no study has 
examined the clinical characteristics of patients with 
residual lesions using AI-based CT quantification. As 
there is no established management strategy to improve 
lung sequelae, further understanding of the underlying 
structural changes in relation to the clinical features is 
warranted.

It was hypothesized that AI-based CT quantification 
of pneumonia would not only be useful for predicting 
outcomes in the acute phase but also for the objective 
assessment of lung sequelae. This study aimed to inves-
tigate (1) the usefulness of AI-based CT quantification of 
COVID-19 pneumonia in predicting critical outcomes 
using a multicenter database with long-term duration, 
and (2) the longitudinal change in AI-based CT quanti-
fication of residual lesions and the clinical characteris-
tics of patients with persistent pneumonia after the acute 
phase of infection.

Methods
Study population
This retrospective cohort study utilized the clinical data 
collected by the Japan COVID-19 Task Force, a nation-
wide multicenter consortium in Japan [23, 24]. Informed 
or oral consent was obtained from all patients, and the 
study was approved by the Ethics Committee of Keio 

on AI-based CT quantification. Additionally, 198 patients underwent CT scans 3 months after admission to analyze 
prognostic factors for residual lung lesions.

Results  The pneumonia group with a high percentage of lung lesions (N = 400) had a higher incidence of critical 
outcomes and complications during hospitalization than the low percentage group (N = 800). Multivariable analysis 
demonstrated that AI-based CT quantification of pneumonia was independently associated with critical outcomes 
(adjusted odds ratio [aOR] 10.5, 95% confidence interval [CI] 5.59–19.7), as well as with oxygen requirement (aOR 
6.35, 95% CI 4.60–8.76), IMV requirement (aOR 7.73, 95% CI 2.52–23.7), and mortality rate (aOR 6.46, 95% CI 1.87–22.3). 
Among patients with follow-up CT scans (N = 198), the multivariable analysis revealed that the pneumonia group 
with a high percentage of lung lesions on admission (aOR 4.74, 95% CI 2.36–9.52), older age (aOR 2.53, 95% CI 
1.16–5.51), female sex (aOR 2.41, 95% CI 1.13–5.11), and medical history of hypertension (aOR 2.22, 95% CI 1.09–4.50) 
independently predicted persistent residual lung lesions.

Conclusions  AI-based CT quantification of pneumonia provides valuable information beyond qualitative evaluation 
by physicians, enabling the prediction of critical outcomes and residual lung lesions in patients with COVID-19.

Keywords  Artificial intelligence (AI)-based analysis, Computer Vision System, Pneumonia, Post-acute COVID-19 
syndrome, SARS-CoV-2 infection
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University School of Medicine (20,200,061) and related 
institutions. A flowchart of the study is presented in 
Figure E1 in the Online Supplement. A total of 1,410 
patients with COVID-19 were recruited from four insti-
tutions (Keio University Hospital, Juntendo University 
Hospital, Saitama Medical Center, and Saitama City 
Hospital) between February 2020 and July 2022. Among 
these patients, 210 were excluded based on the following 
criteria: unavailable chest CT images (N = 193) and CT 
images inappropriate for analysis (N = 17). Therefore, the 
baseline chest CT analysis included 1,200 patients. Addi-
tionally, chest CT scans at 3 months after admission were 
analyzed in 198 patients, after excluding 1,002 patients 
based on the following criteria: unavailable for 3-month 
chest CT (N = 993) and CT images inappropriate for anal-
ysis (N = 9).

Clinical data
The following clinical data were collected from patients 
with COVID-19: demographics, medical history, clinical 
signs and symptoms, laboratory test data, radiographic 
observations, need for oxygen support, treatment, com-
plications, and outcomes. Laboratory and radiographic 
data were collected within 48  h of the initial visit or 
admission. Complications were collected as they arose 
during hospitalization. The attending physicians at each 
facility reviewed and evaluated the chest CT images for 
qualitative pneumonia. The critical outcomes included 
[25, 26] conditions requiring the support of a high-flow 
oxygen device, invasive mechanical ventilation (IMV), 
or death, corresponding to an ordinal scale of 6–8 in the 
ACTT-1 clinical trial [4].

CT acquisition
All the CT images were obtained after full inspira-
tion. Images of the entire lung with a slice thickness of 
1–5 mm were reconstructed using standard kernels. The 
CT scanners used were the SOMATOM series (Siemens 
Healthineers), Aquilion series (Canon Medical Systems), 
Revolution series (GE Healthcare), Discovery series (GE 
Healthcare), and BrightSpeed (GE Healthcare).

AI-Based image analysis
Segmentation of pneumonia and the total lung was per-
formed using SYNAPSE VINCENT software (FUJIFILM, 
Tokyo, Japan). This software was developed to quantify 
abnormal CT patterns in idiopathic pulmonary fibrosis, 
and we measured the volume of these abnormal CT pat-
terns as pneumonia shadows in patients with COVID-19. 
The abnormal CT patterns were automatically segmented 
by the pre-trained lung disease segmentation model, 
which classified each voxel in the lungs into nine paren-
chymal patterns: normal lungs, bronchi, vessels, reticu-
lation, ground-glass opacities (GGO), honeycombing, 

consolidation, hyperlucency, and nodules. The architec-
ture of the lung disease segmentation is a simple 2D con-
volutional neural network consisting of six consecutive 
convolutional layers and two pooling layers. The input is 
a fixed 32 × 32 pixels image. The output is a single pixel 
that predicts the class probabilities of the center pixel 
in the input image. This network was trained with 304 
HRCT scans from patients with diffuse lung diseases 
with manually annotated ground truth labels. Therefore, 
the model was able to learn local features such as the 
Hounsfield unit (HU) value distributions and texture pat-
terns for each parenchymal pattern. The three patterns of 
GGO, consolidation, and reticulation of the nine paren-
chymal patterns were quantified as abnormal CT pat-
terns in SYNAPSE VINCENT software since these were 
relevant image findings of COVID-19. The details of the 
lung disease segmentation model have been described 
previously [27]. Figure  1  A-E demonstrates an example 
of the segmentation of pneumonia lesions and whole 
lungs from one included patient (total lung volume; 3890 
mL, volume of lung lesions; 1314 mL, percentage of lung 
lesions [% lung lesions]; 33.8%). The percentage of lung 
lesions at admission and residual lesions (% residual 
lesions) 3 months after admission, were defined as vol-
ume divided by total lung volume.

Statistical analysis
The clinical characteristics of the two groups were com-
pared by dividing the included patients into three tertiles, 
with the top 1/3 defined as pneumonia with a high per-
centage of lung lesions and the bottom 2/3 as pneumonia 
with a low percentage of lung lesions on CT images. The 
same split into three tertiles was performed for the per-
centage of residual lesions on the 3-month CT scan. Con-
tinuous variables were compared using unpaired t-tests 
or Mann–Whitney U tests, depending on the normality 
of distribution, and categorical variables were compared 
using the chi-square test. To evaluate the relationship 
between quantitative pneumonia and each outcome, a 
multivariable logistic regression analysis was performed, 
adjusted for qualitative evaluation of pneumonia by 
physicians, days from onset to admission, and previ-
ously reported factors, such as age, sex, body mass index 
(BMI), smoking history, hypertension, diabetes, cardio-
vascular disease, and chronic kidney disease (CKD) [25, 
28, 29]. We also used the area under the receiver oper-
ating characteristic (ROC) curve (AUC) to predict criti-
cal outcomes, and the cut-off was determined by the 
Youden index. To evaluate the association with quanti-
tative residual lung lesions, a multivariable analysis was 
conducted adjusted for the variables that were indicated 
as factors associated with residual lung lesions in the uni-
variate logistic regression analysis. Finally, we predicted 
% residual lesions on the 3-month CT scan based on % 
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lung lesions on admission, using linear regression analy-
sis. All statistical analyses were performed using JMP 16 
software (SAS Institute Japan Ltd., Tokyo, Japan). Visual-
ization was performed using the R Bioconductor package 
ggalluvial.

Results
Comparison of clinical features between the groups with 
high and low percent lung lesions on CT images
The distribution of pneumonia cases on admission is 
shown in Fig.  2A. The clinical characteristics of the 
pneumonia group with high % lung lesions (≥ 16.0%, 
N = 400) and the pneumonia group with low % lung 
lesions (< 16.0%, N = 800) were compared. The high % 
lung lesions group comprised older individuals, more 
males, individuals with a higher BMI, and had a higher 
incidence of hypertension, diabetes, and CKD than 
did the low % lung lesions group (Table  1). The high % 
lung lesions group also exhibited higher percentages of 
systemic symptoms (fever and fatigue) and respiratory 
symptoms (cough and shortness of breath), elevated lev-
els of inflammatory biomarkers (white blood cell count, 
C-reactive protein [CRP], and ferritin), and a higher fre-
quency of antiviral and immunosuppressive treatment 
for COVID-19 than did the low % lung lesions group 
(Table E1).

Comparison of clinical outcomes between the groups with 
high and low percent lung lesions on CT images
The pneumonia group with high % lung lesions not only 
had a higher percentage of patients requiring high-flow 

oxygen or IMV support upon admission but also the 
worst during hospitalization when compared to that of 
the pneumonia group with low % lung lesions (Fig. 2B). 
This trend was consistent when stratified by oxygen 
demand at admission (Figure E2A-B in the Online Sup-
plement). The high % lung lesions group exhibited a 
higher incidence of critical outcomes than the low % lung 
lesions group (21.0% vs. 2.0%, P < 0.001) (Fig. 2C), and % 
volume of lung lesions on admission was also higher in 
critical cases than in noncritical cases (35.3% vs. 12.9%, 
P < 0.001) (Figure E3A in the Online Supplement). In 
the ROC curve, the % volume of lung lesions on admis-
sion predicted a critical outcomes with an AUC of 0.845, 
a sensitivity of 82.0%, and a specificity of 74.2%, using a 
cut-off of 17.6 (Figure E3B in the Online Supplement). 
Patients qualitatively diagnosed with pneumonia by cli-
nicians had higher rates of critical outcomes and con-
ditions requiring oxygen and IMV support than those 
without pneumonia (Figure E4 in the Online Supple-
ment). In a multivariable analysis adjusted for qualitative 
evaluation of pneumonia by physicians and previously 
reported factors, AI-based CT quantification of COVID-
19 pneumonia was independently associated with critical 
outcomes (adjusted odds ratio [aOR] 10.5, 95% confi-
dence interval [CI] 5.59–19.7) (Fig. 2D). Additionally, AI-
based CT quantification of pneumonia predicted oxygen 
requirement (aOR 6.35, 95% CI 4.60–8.76), IMV require-
ment (aOR 7.73, 95% CI 2.52–23.7), and mortality rate 
(aOR 6.46, 95% CI 1.87–22.3) (Figure E5 in the Online 
Supplement). Stratification by epidemic wave demon-
strated that the high % lung lesions group had a higher 

Fig. 1  Image of one patient with COVID-19 showing segmentation of the entire lung and pneumonia. (A-D) Chest CT images of severe COVID-19 cases 
(A: axial, C: coronal) and segmentation of pneumonia lesions (highlighted in Blue) by AI-based analysis (B: axial, D: coronal). (E) Segmentation of the total 
lung (White curved surface) and pneumonia (Blue highlighted) using 3D viewer images. In this representative case, the total lung volume was 3890 mL, 
the volume of lung lesions was 1314 mL, and the percentage of lung lesions was 33.8%
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incidence of critical outcomes than did the low % lung 
lesions group during all epidemic waves in Japan (1st 
− 3rd waves, 19.5% vs. 2.1%, P < 0.001; 4th wave, 25.8% 
vs. 3.4%, P < 0.001; 5th wave, 24.8% vs. 2.3%, P < 0.001; 6th 
− 7th waves, 14.1% vs. 0.0%, P < 0.001) (Figure E6 in the 
Online Supplement).

Comparison of complications during hospitalization 
between the groups with high and low percent lung 
lesions on CT images
Figure  3 compares the incidence of complications dur-
ing hospitalization between the pneumonia groups with 
high and low % lung lesions. The high % lung lesions 
group exhibited a higher incidence of bacterial infection 
(13.1% vs. 4.9%, P < 0.001), renal failure (30.7% vs. 16.8%, 
P < 0.001), heart failure (2.5% vs. 0.5%, P = 0.003), throm-
boembolism (4.3% vs. 1.3%, P = 0.001), and liver dysfunc-
tion (64.2% vs. 33.2%, P < 0.001) than did the low % lung 
lesions group.

Longitudinal change of AI-Based CT quantification over 
3 months, and clinical characteristics of patients with 
residual lung lesions
A total of 198 patients underwent CT analysis three 
months following admission. Table E2 compares the 
clinical characteristics of patients who could and could 
not undergo CT analysis at three months. The distribu-
tion of the percentage of residual lung lesions (% residual 
lesions) at three months is presented in Fig. 4A. Clinical 
characteristics were compared between the high %resid-
ual lesion group (≥ 4.65%, N = 66) and the low % residual 
lesion group (< 4.65%, N = 132). Table E3 compares the 
clinical characteristics, complications, and outcomes of 
the two groups. The high % residual lesion group com-
prised older individuals, more female patients, and had 
higher rates of hypertension, renal failure complications, 
and critical outcomes (24.2% vs. 6.8%, P < 0.001) than the 
low % residual lesion group (Fig. 4B). Sputum symptoms 
were significantly more frequent in the high % residual 
lesion group. Additionally, this group exhibited high neu-
trophil and low lymphocyte levels, low albumin levels, 

Fig. 2  Relationship between the volume of pneumonia on admission and disease severity in hospitalized patients with COVID-19. (A) Distribution of 
percentage volume of pneumonia and definition of pneumonia with high % lung lesions group (top tertile of values). (B) Alluvial diagram comparing 
oxygen demand at admission and at worst during the disease course between the pneumonia groups with high and low % lung lesions. (C) Comparison 
of the incidence of critical pneumonia between the pneumonia groups with high and low % lung lesions. (D) Forest plot showing multivariable logistic 
regression analysis to evaluate the relationship between critical outcomes and the pneumonia group with high % lung lesions. aOR, adjusted odds ratio; 
BMI, body mass index; CI, confidence interval; IMV, invasive mechanical ventilation. ***; P < 0.001
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and elevated levels of lactate dehydrogenase, Krebs von 
den Lungen-6, D-dimer, and CRP. Regarding outcomes, 
the group with high % residual lesion also showed a 
significantly higher intensive care unit admission rate 
(24.2% vs. 10.7%, P = 0.012) and IMV support rate (15.2% 
vs. 1.5%, P < 0.001) than the low % residual lesion group 
(Table E3). Figure  4  C illustrates the percentage of lung 
lesions stratified by illness severity from 0 to 3 months. In 
most cases, the percentage of lung lesions decreased over 
time; however, patients with a high percentage of residual 
lesions at three months were more likely to be critical or 
severe. Using linear regression analysis, we predicted the 
% volume of residual lesions on 3 months using the val-
ues of % volume of lung lesions on admission (r2 = 0.11, 
y = 0.171x + 2.85, P < 0.001) (Figure E7 in the Online Sup-
plement). The alluvial chart demonstrated that patients 
in the top 1/3 of the residual lesions at 3 months were 
more likely to have required oxygen support upon admis-
sion and were more likely to have developed oxygen 
demand during the course of the disease (Fig. 4D). Next, 

the predictors of a high percentage of residual lesions 
at three months were evaluated using univariate analy-
sis (Table E4). Based on these results, the multivariable 
analysis revealed that in the pneumonia group with high 
% lung lesions on CT images at admission (aOR 4.74, 95% 
CI 2.36–9.52), older age (aOR 2.53, 95% CI 1.16–5.51), 
female sex (aOR 2.41, 95% CI 1.13–5.11), and medical 
history of hypertension (aOR 2.22, 95% CI 1.09–4.50) 
were independent predictors of a high percentage of 
residual lesions at 3 months after admission (Fig. 4E).

Discussion
This is the first study to investigate the usefulness of 
AI-based CT quantification of COVID-19 pneumonia 
for predicting critical outcomes and complications of 
COVID-19 and to evaluate the longitudinal change in 
quantification using a large retrospective cohort data-
base. Pneumonia cases with a high percentage of lung 
lesion classified using AI-based CT quantification was 
strongly associated with critical outcomes adjusted for 
other known predictors, including the presence of pneu-
monia in qualitative assessments and other complica-
tions during hospitalization. In addition, longitudinal 
follow-up of the quantification revealed a high percent-
age of residual lesions at three months in more cases with 
critical outcomes. These results show that AI-based CT 
quantification is a valuable tool that can sufficiently pre-
dict the severity of COVID-19 pneumonia and that this 
tool highlights populations associated with COVID-19 
sequelae by assessing persistent pneumonia.

The strength of this study is the use of a novel AI-
based CT quantification of pneumonia in a large, mul-
ticenter, and long-term cohort. Many previous studies 
have shown that AI-based CT quantification can predict 
disease severity in a small number of patients [15, 17]. 
The large sample size in this study allowed for multivari-
able analysis and showed that AI-based CT quantifica-
tion predicts critical outcomes independently of many 
prognostic factors. In routine clinical practice, especially 
during a pandemic, it is difficult to perform CT imaging 
under the same conditions. Although this study included 
multiple CT scanner models and imaging conditions, it 
was clinically significant in predicting disease severity. 
Multiple waves of the COVID-19 pandemic have been 
confirmed worldwide, including in Japan [30]. Because 
the characteristics of the viral strain and various other 
factors, such as the development of therapeutic drugs 
and vaccines, are involved, the clinical characteristics 
of patients differ depending on the epidemic period. In 
this study, we investigated the stratification of epidemic 
waves and observed that AI-based CT quantification was 
useful for predicting the severity of COVID-19 regardless 
of the epidemic waves. This suggests a clinically signifi-
cant application in the event of future epidemics.

Table 1  Comparison of the backgrounds of patients with 
COVID-19 between two groups of pneumonia with high/low 
percentage of lung lesions on CT images at admission
Parameters Pneumonia with 

low % lung le-
sions group
(N = 800)

Pneumonia with 
high % lung le-
sions group
(N = 400)

P 
value

Age [years] 54.3 (± 17.0) 57.6 (± 16.1) 0.001
Sex, male 527 (65.9) 308 (77.0) < 0.001
BMI [kg/m2] 24.5 (± 6.43) 25.7 (± 5.01) 0.002
Smoking history 0.850
  Never 416 (53.8) 210 (54.4)
  Previously or 
currently

357 (46.2) 176 (45.6)

Medical history
  Hypertension 230 (28.8) 147 (36.8) 0.005
  Diabetes 
mellitus

125 (15.7) 94 (23.6) < 0.001

  Cardiovascular 
disease

70 (8.8) 46 (11.6) 0.127

  Malignancy 76 (9.6) 36 (9.0) 0.749
  Autoimmune 
disease

58 (7.3) 21 (5.3) 0.184

  COPD 25 (3.1) 9 (2.3) 0.398
  Asthma 68 (8.6) 18 (4.6) 0.012
  Hyperuricemia 88 (11.1) 47 (11.8) 0.704
  Chronic liver 
disease

26 (3.3) 11 (2.8) 0.634

  Chronic kidney 
disease

55 (6.9) 42 (10.6) 0.032

Admission
  Days from onset 
to admission [days]

4.71 (± 3.00) 6.79 (± 3.73) < 0.001

Data are as N (%) or mean (standard deviation).
Abbreviations: BMI, body mass index; COPD, chronic obstructive pulmo-
nary disease; COVID-19, coronavirus disease.
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The advantage of AI-based CT analysis is that it enables 
a more reproducible, quick, and quantitative evaluation 
of pneumonia than qualitative evaluation by radiolo-
gists, and achieves faster analysis than semi-quantitative 
analysis. The accuracy and promptness of AI-based CT 
quantification are useful tools for identifying patients 
with early exacerbation of COVID-19 in clinical practice, 
although there are several infected patients during the 
pandemic. In this study, AI-based CT quantification of 
pneumonia volume was predictive of various clinical out-
comes independent of the clinician’s visual assessment of 
pneumonia. This finding extends previous studies show-
ing that AI-based CT quantification analysis is superior 
to density-based qualitative analysis for predicting dis-
ease severity [31, 32]. Previous reports about pneumonia 
quantification indicated that the thresholds of % volume 
of pneumonia were 6.0-8.2% for requiring oxygen sup-
port, 23% for requiring IMV support, and 36–40% for 
mortality, respectively [12, 33–36]. Therefore, we consid-
ered the threshold of 16.0% in this study to be an appro-
priate cut-off value for predicting critical outcomes. 
Although a large-scale study has proposed severity pre-
diction models using lung CT analysis, multiple clinical 

data, and radiomics analysis [6, 37], we believe that our 
simple AI-based CT examination of pneumonia volume 
(pneumonia with % lung lesions on CT images) can pro-
vide prognostic information with similar accuracy and 
should be more clinically relevant in terms of routine 
clinical applications.

The pneumonia group with a high % lung lesions 
showed a higher incidence of multiorgan complications 
in this study. This is consistent with previous findings of 
poor outcomes after hospitalization, including bacterial 
infection [38], renal failure [39], heart failure [40], throm-
bosis [41], and liver failure [42]. In this context, our data 
are important as they suggest that AI-based measure-
ment of pneumonia volume can predict complications 
during hospitalization and allow for early intervention in 
selected high-risk patients.

Factors related to COVID-19 severity have been pro-
posed to account for the diversity in the natural course 
of COVID-19 [25, 28, 29]. These previous findings are 
consistent with our findings that poor prognostic factors, 
including BMI, diabetes, and CKD, were more frequently 
observed in patients with a high percentage of pneumo-
nia. Moreover, our data reaffirm previous findings that 

Fig. 3  Comparison of the incidence of complications during hospitalization between the pneumonia groups with high and low % lung lesions. (A) Bacte-
rial infection, (B) renal failure, (C) heart failure, (D) thromboembolism, and (E) liver dysfunction. **; P < 0.01, ***; P < 0.001
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inflammatory biomarkers, including CRP, procalcitonin, 
and ferritin, are associated with severe disease [43] and 
pneumonia [17, 44] because COVID-19 causes a cyto-
kine storm and systemic inflammation with severe dis-
ease [45].

COVID-19 causes persistent sequelae, referred to as 
Long-COVID [46]. A review of CT qualitative evalua-
tions by radiologists showed that lung lesions remained 
in 70–94% of patients with COVID-19 at 3 months [20, 
47–49]. Furthermore, patients with COVID-19 who had 

residual lung lesions 3 months after COVID-19 onset had 
poor pulmonary function and severely decreased oxygen 
saturation during the 6-minute walk test [48]. However, 
no study has examined pulmonary sequelae using an AI-
based CT quantification analysis. In this study, despite 
the overall improvement in pneumonia volume 3 months 
after onset, many patients showed residual lesions and 
more residual lesions were associated with older age, 
female sex, history of hypertension, and higher severity 
of COVID-19. These findings are consistent with those 

Fig. 4  Relationship between volume of residual lung lesions 3 months after admission and disease severity in hospitalized patients with COVID-19. (A) 
Distribution of percentage volume of residual lung lesions and definition of high % residual lesion group (top tertile of values). (B) Comparison of the in-
cidence of critical outcomes between the high and low % residual lesion groups. (C) Paired comparison of % lung lesions on CT images at admission and 
% residual lesions among patients with each severity: critical (red lines, N = 25), severe (green lines, N = 87), and mild or asymptomatic (blue lines, N = 86). 
(D) Alluvial diagram comparing oxygen demand at admission and at worst during the disease course between the high and low % residual lesion groups. 
(E) Forest plot showing multivariable logistic regression analysis to evaluate the relationship between each variable and the high % residual lesion group
 aOR, adjusted odds ratio; CI, confidence interval. ***; P < 0.001
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of previous reports (a review of radiologists’ qualitative 
assessments), in which cases of observed residual lesions 
were associated with older age [48], length of hospitaliza-
tion, and the need for IMV support [50]. In the present 
study, we predicted the % volume of residual lesions using 
the % volume of lung lesions on CT images at admission. 
AI-based CT quantification analysis at the time of onset 
is more useful than qualitative analysis for predicting 
the severity of COVID-19 [31, 32] and may also prevail 
over the long-term disease course. Longitudinal AI-based 
CT quantification analysis may be a predictor of long-
COVID symptoms, and future studies are warranted to 
clarify its association with these symptoms.

This study has some limitations. First, the number of 
cases evaluated 3 months after onset was small owing to 
drop out. This study used follow-up CT scans obtained 
3 months after onset based on previous reports showing 
that 3 months should be reasonable to evaluate residual 
lesions, [51] and show a correlation between residual 
lesions at 3 months and physiological sequelae, including 
dyspnea [47, 48]. In our study, the severity of the clinical 
condition on admission was greater in the patients who 
underwent follow-up CT than in those who did not. This 
may be a cause of selection bias that the severe patients 
were more likely to be included in the analysis after 3 
months. Second, we did not evaluate the extrapulmonary 
organs using CT in this study. Several organ abnormali-
ties outside the lungs, including muscle, fat, and coro-
nary artery calcification, are associated with COVID-19 
[52–54]. Combining these analyses of extrapulmonary 
organs with pneumonia volume may lead to improved 
accuracy in predicting disease severity, and future studies 
are warranted.

Conclusions
AI-based CT quantification analysis of pneumonia is 
promising for providing reproducible information for 
predicting critical outcomes in patients with COVID-
19 and gaining a deeper understanding of residual lung 
lesions potentially associated with long-term sequelae 
after the acute stage of COVID-19.
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