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Deep learning‑based lesion 
subtyping and prediction of clinical 
outcomes in COVID‑19 pneumonia 
using chest CT
David Bermejo‑Peláez1,2,9, Raúl San José Estépar3, María Fernández‑Velilla4, 
Carmelo Palacios Miras5, Guillermo Gallardo Madueño6, Mariana Benegas7, 
Carolina Gotera Rivera5,8, Sandra Cuerpo7,8, Miguel Luengo‑Oroz9, Jacobo Sellarés7,8,10, 
Marcelo Sánchez7, Gorka Bastarrika6, German Peces Barba5,8, Luis M. Seijo6,8 & 
María J. Ledesma‑Carbayo1,2*

The main objective of this work is to develop and evaluate an artificial intelligence system based 
on deep learning capable of automatically identifying, quantifying, and characterizing COVID‑
19 pneumonia patterns in order to assess disease severity and predict clinical outcomes, and to 
compare the prediction performance with respect to human reader severity assessment and whole 
lung radiomics. We propose a deep learning based scheme to automatically segment the different 
lesion subtypes in nonenhanced CT scans. The automatic lesion quantification was used to predict 
clinical outcomes. The proposed technique has been independently tested in a multicentric cohort 
of 103 patients, retrospectively collected between March and July of 2020. Segmentation of lesion 
subtypes was evaluated using both overlapping (Dice) and distance‑based (Hausdorff and average 
surface) metrics, while the proposed system to predict clinically relevant outcomes was assessed 
using the area under the curve (AUC). Additionally, other metrics including sensitivity, specificity, 
positive predictive value and negative predictive value were estimated. 95% confidence intervals were 
properly calculated. The agreement between the automatic estimate of parenchymal damage (%) 
and the radiologists’ severity scoring was strong, with a Spearman correlation coefficient (R) of 0.83. 
The automatic quantification of lesion subtypes was able to predict patient mortality, admission to 
the Intensive Care Units (ICU) and need for mechanical ventilation with an AUC of 0.87, 0.73 and 0.68 
respectively. The proposed artificial intelligence system enabled a better prediction of those clinically 
relevant outcomes when compared to the radiologists’ interpretation and to whole lung radiomics. In 
conclusion, deep learning lesion subtyping in COVID‑19 pneumonia from noncontrast chest CT enables 
quantitative assessment of disease severity and better prediction of clinical outcomes with respect to 
whole lung radiomics or radiologists’ severity score.

Severe or even fatal respiratory diseases affect 17% to 29% of hospitalized patients with COVID-191. An appropri-
ate classification of hospitalized patients is warranted, in order to improve prognosis and allocation of resources.

Prediction and quantification of disease severity has been gaining attention during the pandemic. Disease 
severity assessments are generally based on clinical and biological  parameters2,3. Some authors have proposed 
severity scoring and prediction based on imaging  studies4,5 or a combination of both imaging and clinical  data6–8. 
Computed tomography (CT) was used as the preferred imaging technique in the beginning of the pandemic in 
China for the diagnosis of patients with suspicion of COVID-19 (including negative reverse transcription poly-
merase chain reaction (RT-PCR) cases) and is useful for monitoring the disease  progression4. Many algorithms 
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have been published successfully identifying patients with COVID-199–11 or automatically scoring disease severity 
based on CT  findings12–16. However, despite significant inroads in artificial intelligence (AI) to the acquisition, 
segmentation and diagnosis of data in COVID-1917, little attention has been paid to automatic lesion subtyp-
ing. Parenchymal tissue lesions change during the progression and recovery from COVID-19  pneumonia18,19. 
Therefore, the automatic quantification and characterization of lesion subtypes based on deep learning may 
improve patient classification and management.

Recent studies have addressed the characterization of COVID-19 lung lesions using radiomic features. A 
seminal publication using CT data to predict outcomes focused on radiomic lobar analysis in order to charac-
terize disease severity in a small  cohort20. Other publications have proposed and compared several prediction 
models based on radiologist scores, CT whole lung radiomics and clinical  variables21. The whole lung radiomic 
model may be superior to radiologists’ assessment predicting outcomes, disease severity and improving patient 
triage. Other authors have compared CT lesion radiomics, clinical and combined models to predict the progress 
and outcome of COVID-198. More recently, Chassagnon et al. proposed an AI scheme for disease quantification, 
staging and outcome prediction using and ensemble of  architectures7. The image features included the radiomic 
analysis of the COVID-19 related CT abnormalities as a single class as well as cardiopulmonary whole organ 
features. The image-based biomarkers were combined with clinical and biological variables in a severity and 
outcome prediction assessment.

Scarce attention has been paid to the design of severity and prognosis assessment models based on COVID-19 
lung lesion subtyping. Only one prior work has proposed a deep learning model which differentiates between 
several  classes14, other methods proposed postprocessing the resultant complete lesion segmentation through 
 thresholding22 or the use of texture and intensity  features23. In this context, this work contributes to the definition 
and comparison of COVID-19 prognosis prediction algorithms based directly on deep learning lesion subtyping 
from CT images. For this purpose, we specifically designed a deep learning algorithm, based on convolutional 
neural networks (CNN), for the automatic subtyping of COVID-19 compatible radiological patterns from CT 
images and the quantification of the extent of pulmonary involvement. Lesion characterization is used in order 
to assess disease severity and predict clinical outcomes, including mortality, admission to Intensive Care Units 
(ICU) and the need for mechanical ventilation. The proposed quantification and prediction models have been 
evaluated in a completely independent and multicentric cohort of 103 patients and compared to the radiologists’ 
assessment and a whole lung radiomics based model.

Materials and methods
Patient selection. This retrospective and multi-center study included 103 randomly selected, hospitalized 
patients diagnosed with COVID-19 confirmed by RT-PCR who underwent noncontrast chest CT for the assess-
ment of disease severity at four different Spanish hospitals between March and July of 2020. The institutional 
review boards (IRBs) of all involved institutions approved this retrospective study (“Comité Ético de Investi-
gación Clínica del Hospital Clínic de Barcelona”, “Comité Ético Hospital Universitario La Paz”, “Comité de Ética 
de la Investigación de la Universidad de Navarra”, “Comité Ético de Investigación Clínica, Instituto de Investi-
gación Sanitaria – Fundación Jiménez Díaz” and “Comité de Ética de la Universidad Politécnica de Madrid”). 
Informed consent was obtained from all study participants. All experimental protocols complied with all rel-
evant guidelines and regulations. Only CT acquisitions that were performed at the time of hospital admission 
were included in this study.

Chest CT examinations were performed using standard-of-care chest CT protocols in 12 different CT models 
from 5 different manufacturers. All CT exams were reconstructed with a 512 × 512 matrix and a slice thickness 
varying from 0.5 to 5 mm (mean of 1.5 mm). A deep inspiration breath-hold technique was performed whenever 
feasible. Acquisition details are shown in Supplementary Table S1.

Medical records were reviewed at each institution to collect clinical data including patient sex, age, mortality 
outcome (deceased or not deceased), ICU admission and length of stay, and the need for mechanical ventilation.

All collected data were anonymized according to local guidelines. We assessed chest CT quality to discard 
scans with significant artefacts. Demographic and clinical data were obtained from digital records. Participants 
with missing demographic or clinical data were excluded (Fig. 1). Patient characteristics of the study cohort 
used as independent testing for the lesion subtype segmentation, severity assessment, and outcome prediction 
analysis are shown in Table 1.

Dataset for training the AI model. The dataset used for training the AI model for segmenting COVID19 
lesion subtypes comes from a publicly available database collected and published by the Italian Society of Medi-
cal and Interventional Radiology. This database is composed of 100 axial CT slices belonging to 60 COVID-19 
confirmed patients and were manually segmented by an expert radiologist considering two different types of 
parenchymal injuries, including ground glass opacities and consolidation. The images, which were in JPG for-
mat, were transformed to Hounsfield Units (HU) by establishing an intensity-transformation function from 
original values to HU considering the intensity values of air and fat areas.

COVID‑19 lesion subtype segmentation algorithm. A 2D multiclass CNN-based segmentation 
architecture was specifically designed for segmenting COVID-19 radiographic subtypes. Our motivation to 
adopt a 2D architecture was based on our interest in analyzing independent 2D axial CT slices. This aspect of 
the approach makes it invariant to slice thickness, consequently, robust to the variability of scanning protocols 
across centers and vendors, Additionally, it allows training the network on annotated 2D images which is an 
advantage with respect to manual 3D annotations as they imply high burden to experts and are not always 
available. The network architecture is illustrated in Fig. 2. The encoder pathway is composed by encoder blocks. 
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Each encoder block consists of a convolutional dense block which concatenates in an iterative manner previous 
feature maps from preceding layers. Dense connections alleviate the vanishing gradient problem and allow a 
stronger feature propagation throughout the network architecture, and thereby prevent the loss of informative 
 features24. These dense blocks are subsequently down-sampled by an Efficient-Net block which combines the 
traditional max-pooling operation with strided convolutional operations to avoid representation bottlenecks 
and loss of information when performing the sub-sampling25. It has been previously shown that the integration 
of these blocks into pure 3D and 3D-to-2D segmentation architectures outperforms state-of-the-art CNN such 
as the well-known U-Net26,27. In the decoding pathway of the proposed architecture, transposed convolutional 
(deconvolutional) features together with higher resolution feature maps from the encoder, which are passed 
through skip-connections, are processed by a convolutional dense block. This decoding pathway ends with a 
convolutional operation with a kernel size of 1 × 1 producing 4 feature maps corresponding to the background, 
normal tissue, ground glass opacities and consolidation. The last convolutional operation has a softmax activa-
tion function which produces the final probability image map. The final image label map is then computed by 
assigning to each pixel in the image a label which has the highest probability. For the purpose of training the seg-
mentation algorithm, we designed a class-weighted Dice-based loss function that accounts for class imbalance 
caused by differences in the prevalence of different COVID-19 lesion subtypes. We inversely weighed the loss 
function according to the number and size of the different classes in the training population to avoid frequency 
biases and to avoid discriminating against underrepresented COVID-19 lesions.

For optimizing the loss function, we used an Adam Stochastic Optimizer with an initial learning rate 1e-4 and 
plateau learning rate decay with a factor of 0.2 when the validation loss is not improved after 5 epochs. Training 
was terminated when the validation loss did not improve after 10 epochs. The model was trained from scratch 

Figure 1.  Flowchart shows patient inclusion in the study cohort used as independent testing for the lesion 
subtype segmentation algorithm as well as in the derived outcome prediction analysis.

Table 1.  Characteristics of the testing and prediction study cohort. N = 103. Note: data are numbers with 
percentages in parentheses or means ± standard deviations. y- years, d- days.

Age (mean ± std) (years) 64.83 ± 13.96

Male 64 (62.14%)

Female 39 (37.86%)

Deceased 9 (8.7%)

Admitted to ICU 21 (20.3%)

Length of stay in ICU (mean ± std) (d) 3.06 ± 9.84

Needed mechanical ventilation 13 (12.61%)
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and no transfer learning was used to initialize model parameters. The network was implemented in Keras with 
Tensorflow and using a PC with a GPU NVIDIA Quadro P6000 (24 GB). All CT scans were preprocessed by clip-
ping the intensities outside the range [50, -1024] HU, and the remaining values were scaled between zero and one.

Two different experts (one radiologist and one expert in pulmonary imaging) manually edited the segmen-
tation results obtained by the algorithm on a subset of CT scans using ITK-SNAP software (www. itksn ap. org), 
and several 3D overlap and surface metrics were computed to evaluate the performance of the segmentation 
algorithm.

Additionally, all segmentation results were visually evaluated by experienced radiologists. This visual seg-
mentation evaluation scoring was performed using scores which ranged from 0 to 10 according to the degree of 
under- or over- estimation of the different parenchymal subtypes (score 0: significant under-estimation, score 
5: neither under- nor over-estimation, score 10: significant over-estimation).

Evaluation of segmentation results. Automatic segmentation of disease subtypes using the AI model 
was performed in all 103 CT scans. Three chest radiologists with expertise in COVID-19 diagnosis and one 
expert in pulmonary imaging (MFV, CPM, GGM and MJLC, all with more than 10 years of experience in chest 
CT) participated in the revision of 3402 axial CT images covering full lung regions in 20 CT scans, including seg-
mentation results obtained by the algorithm. Two independent readings were performed of this CT subset. The 
20 CT scans were randomly selected making sure that all ranges of disease severity were included. The experts 
manually supervised and corrected all the segmentation label maps produced by the proposed algorithm. The 
Dice coefficient, the Hausdorff distance and the average surface distance for each parenchyma subtype was cal-
culated to evaluate the similarity between the manual segmentation (manually corrected annotations) of each 
CT slice and automated segmentation generated by the AI model from a randomly selected set of 20 CT scans. 
The mean and the standard deviation were calculated.

Additionally, to make a complete the evaluation in all the testing cohort of 103 cases, the segmentation results 
obtained by the algorithm were visually evaluated by expert radiologists (MFV, CPM, GGM, GB, MS, MB) using 
a scoring scale from 0 to 10 to assess per case the degree of under- and over- estimation of each parenchymal 
subtype.

Disease quantification. All test CT scans were preprocessed by segmenting and masking only the lungs’ 
regions using a robust and publicly available model for lung parenchyma  segmentation28. Volumetric quantifi-
cation of each parenchymal pattern, including healthy tissue, ground glass opacities and consolidation pattern 
areas, was performed in all CT scans after being processed by the COVID-19 segmentation algorithm. Relative 
percentage volume affected by each parenchymal pattern was calculated for each lung independently. Addition-
ally, each lung was divided into three equivolumetric regions, and disease quantification was computed in each 
third. Disease extent was expressed as a percentage.

Visual severity scoring of chest CT. An experienced radiologist per hospital, who was blinded to all 
patient information -including the three outcomes considered-, reviewed each CT scan recording the extent of 

Figure 2.  Deep learning COVID-19 lesion subtype segmentation architecture. (A) Dense-efficient deep 
learning architecture for the segmentation of parenchymal lesion subtypes in COVID-19 pneumonia. (B) Dense 
block used in both the encoding and decoding pathway of the architecture (red), ENET-style subsampling block 
(yellow) and transposed convolutional block (blue).

http://www.itksnap.org
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COVID-19 lesions (ground glass and consolidations), total lung involvement, and the percentage of each pulmo-
nary lobe (right upper, right middle, right lower, left upper, and left lower) affected. On CT scans, ground-glass 
opacity is defined as a hazy increased opacity of lung parenchyma, with preservation of bronchial and vascular 
margins and consolidation is a homogeneous increase in pulmonary parenchymal attenuation that obscures the 
margins of vessels and airway  walls29. Visual severity scores based on lesion extension ranged from 1 to 5 for each 
subtype (score 1: < 5%, score 2: 5%-25%, score 3: 25%-50%, score 4: 50%-75%, score 5 > 75%)30. Additionally, 
total lung involvement (for each lung independently) was also scored.

Patient prognosis. The automatic volumetric lesion quantification, performed by the AI algorithm, was 
used to assess patient severity and predict clinical outcomes. Relevant clinical outcomes included patient mortal-
ity, ICU admission and the need for mechanical ventilation. A total of 27 features were included in the regression 
model to predict clinical outcomes. These features included the total percentage of extension of each paren-
chymal subtype (normal parenchyma, ground glass opacities and consolidation pattern), relative percentage of 
each parenchymal subtype divided for each lung (right, left) and for each lung third (upper, middle, lower) and 
relative lesion involvement (combination of both ground glass and consolidation patterns) for each lung third.

The performance of our proposal was compared to the ability of the radiologist scores to predict the same 
clinical outcomes, and to the use of CT whole lung radiomic signatures which have been previously proposed 
for predicting ICU admission and patient  outcome21. Signatures for predicting ICU admission included run 
entropy of the GLRLM, zone entropy of the GLSZM, large dependence low gray level emphasis of the GLDM 
and correlation of the GLCM. Signatures for predicting patient outcome were composed by cluster tendency of 
the GLCM, long run low gray level emphasis of the GLRLM, busyness of the NGTDM and large dependence 
low gray level emphasis of the GLDM. We used ICU admission signature for predicting the need for mechanical 
ventilation since no specific signature was proposed for this outcome.

Logistic regression models were used to evaluate the ability of extent-based parenchyma subtype features, 
whole lung radiomic features, and radiologist scores to predict patient outcomes using a five-fold cross validation 
strategy. The performance of each model was primarily evaluated by using the mean area under the ROC curve 
(AUC). Other metrics including sensitivity (SN), specificity (SP), positive predictive value (PPV) and negative 
predictive value (NPV) were also reported. Youden index was used to determine the optimal threshold. 95% 
confidence intervals (CIs) were calculated considering appropriate t-score and the estimated standard deviation 
computed with the cross-validation strategy.

Results
Evaluation of COVID‑19 lesion subtype segmentation. The evaluation metrics of the segmentations 
results compared to the manually corrected annotations made by the experts in the subset of 20 CT scans are 
reported in Table 2. It should be noted that no significant differences in performance of the segmentation algo-
rithm were observed among the different institutions.

Regarding the visual evaluation of the segmentation results of the total cohort composed by 103 CT scans, the 
mean absolute error, defined as the distance to 5 (neither under- nor over- estimation) was 0.55 ± 0.64, 0.81 ± 0.82 
and 0.97 ± 1.14 for normal tissue, ground glass opacities and consolidation pattern respectively. Means of under-
estimation (scores ≤ 5) were 4.40 ± 0.65, 4.37 ± 0.65, 4.25 ± 0.65 while means of overestimation (scores ≥ 5) were 
5.6 ± 0.69, 5.74 ± 0.68, 5.94 ± 1.25 for each subtype respectively.

The most common errors identified were the overestimation of ground glass opacities and consolidation 
lesions in basal zones, caused by motion artifacts as well as confusion with pleural effusion areas. Figure 3 shows 
the corrections made to the results produced by the algorithm performed by the experts in 3 cases with different 
parenchymal involvement.

Disease quantification. The proposed method is an attempt at a valid and practical tool for radiologists 
to quantify disease severity. The algorithm automatically generates a report in an easy-to-read PDF format (see 
supplementary Figure S1), including the lung involvement COVID-19 disease subtypes. This solution provides 
detailed quantification of disease subtypes by reporting the percentage of affected volume for each whole lung 
and lung zone with respect to the total lung volume. The report also includes a visual glyph representation which 
sums up the volume metrics, allowing intuitive estimates of the affected areas at diagnosis and during patient 
follow-up. Figure 4 shows two cases, including moderate and mild lung involvement. The corresponding glyphs 
are shown on the right.

Table 2.  Quantitative evaluation of the COVID-19 lesion subtype segmentation algorithm. The table 
reports the average for each parenchymal pattern. Data in parenthesis are standard deviations. Both manual 
segmentations (radiologist and pulmonary imaging expert) were considered.

 Parenchyma subtype Dice coefficient Average surface distance (mm) Hausdorff distance (mm)

Healthy tissue 0.985 (0.021) 0.106 (0.113) 1.143 (1.679)

Ground glass opacities 0.912 (0.158) 0.301 (0.381) 3.019 (5.542)

Consolidation 0.841 (0.254) 6.265 (26.813) 16.997 (44.453)
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Figure 3.  Coronavirus Disease 2019 (COVID-19) lesion subtyping results of three cases with different 
parenchymal involvement (from top to bottom, 74 year old man, 59 year old woman, 69 year old man, from 
extensive to little involvement). Nonenhanced CT scans in the axial view (left column) overlaid with the 
automatic lesion subtyping segmentation (second column) and the corrected scans by the two observers (3rd 
and 4th columns) are shown. Colors correspond to healthy parenchyma (green), ground glass opacities (yellow) 
and consolidation (reddish).

Figure 4.  Automatic disease quantification. Nonenhanced CT axial and coronal views (first and third columns) 
overlaid with the automatic lesion subtyping segmentation (second and fourth columns) of two cases. Colors 
of the overlay correspond to normal parenchyma (green), ground glass (yellow), consolidation (reddish). First 
case of a 55 year old man with moderate lung involvement (upper row), and another case of a 71 year old man 
with mild lung involvement (lower row). The corresponding glyphs (right column) show the percentage of 
lung zones for each subtype shown in colors: healthy parenchyma (green), ground glass opacities (yellow) and 
consolidation (red). Lungs’ regions represented in the glyphs correspond to: RU- right lung upper region, RM- 
right lung middle region, RL- right lung lower region, LU- left lung upper region, LM- left lung middle region, 
LL- left lung lower region.
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The segmentation algorithm was executed in the entire test cohort, and lung involvement of disease subtypes 
was calculated for all cases. Figure 5a shows the relation between the AI-predicted percentage of each disease 
subtype and the radiologists’ score. A good agreement between them was found, although the assessment over-
estimated disease severity compared to the AI-base prediction. It should be noted that visual assessment of lesion 
involvement is a subjective procedure, and it has been previously shown that visual readings tend to overestimate 
the extent of the  disease31. The agreement between the percentage of the total affected lung tissue with respect to 
the total severity score assigned to each patient thought visual inspection was also assessed (Fig. 5b). The total 
visual severity score was calculated as the sum of the scores for each subtype. Visual scoring correlated well with 
predicted total percentage of lesion, with a Spearman correlation coefficient (R) of 0.83 (95% CI: 0.755, 0.884).

Patient prognosis. Twenty-one patients in our study were admitted to ICU, thirteen required mechanical 
ventilation and nine died during hospitalization.

Regression models including the features based on the automatic quantification of parenchyma subtypes 
predicted mortality with an AUC of 0.874 (95% CI: 0.790, 0.959), ICU admission with an AUC of 0.726 (95% 
CI: 0.582, 0.871), and mechanical ventilation with an AUC of 0.679 (95% CI: 0.496, 0.862) (Table 3). Automatic 
and objective measurements of lung lesion volumes performed better than radiologist based visual scoring 
(Table 3). Simple features such as automatically detected volumes of parenchymal subtypes were also better 
outcomes predictors when compared to more complex CT radiomic features. The results presented in Table 3, 
show a slight tendency of the proposed method to overestimate the different clinical outcome, having higher PPV 
values, without decreasing the specificity of the system. We consider this is a useful feature in prognostic models 
for clinical decision guidance, especially in the context of the management of patients with COVID-19, as it is 
necessary to grant surveillance and proper management to all the potential severe cases and it is not desirable 
to miss any of them. Most prominent features for all three outcomes prediction models were the relative per-
centage of normal parenchyma and consolidation pattern for each lung third. Percentage of normal tissue had a 
negative weight in the model while there was a strong positive relation between the percentage of consolidation 
pattern and all clinical outcomes. The relative percentages of ground glass opacities had also a positive relation 
with the outcomes in the prediction models, however with a lower impact than that obtained for the percentage 
of consolidation pattern.

Figure 5.  Disease severity assessment. A: boxplots representing the relationship between the automatic 
AI-predicted percentage of each lesion subtype and the severity scores visually determined by radiologists. 
The horizontal line in each box illustrates the median, and the whiskers represent 5th and 95th percentiles. B: 
relation between visually and automatically defined CT severity score considering total lesion involvement. 
Visual severity scores ranged from 1 to 5 for each subtype (score 1: < 5%, score 2: 5%-25%, score 3: 25%-50%, 
score 4: 50%-75%, score 5 > 75%).
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Discussion
Artificial intelligence can provide tools capable of estimating COVID-19 disease severity and predicting clini-
cally relevant outcomes such as mortality, ICU admission, and the need for mechanical ventilation. CT findings 
in the lung of infected patients are one of the earliest indicators of disease. Therefore, the quantification of each 
disease subtype may play an important role in the management of COVID-19 patients.

We hereby report our findings using an AI system to automatically segment lung lesion subtypes in 
COVID-19 pneumonia from CT images. Our results demonstrate that AI is a valid tool for the identification 
and quantification of lesion subtypes in COVID-19 pneumonia (Dice coefficient of 0.985 ± 0.02-healthy tissue, 
0.912 ± 0.15-ground-glass, 0.84 ± 0.25-consolidations and visual assessment confirmed no relevant under- or over-
estimation with mean absolute error of 0.55 ± 0.64-healthy tissue, 0.81 ± 0.82-ground glass and 0.97 ± 1.14-con-
solidations), and its results are associated with the visually determined presence of parenchymal injuries and 
disease severity as assessed by radiologists (Spearman correlation coefficient (R) of 0.83 (95% CI: 0.755, 0.884)). 
Furthermore, the use of simple metrics in prediction models of relevant outcomes outperforms whole lung 
radiomic models or radiologists scoring for predicting the aforementioned clinically relevant outcomes, with an 
AUC of 0.874 (95% CI: 0.790, 0.959), 0.726 (95% CI: 0.582, 0.871) and 0.679 (95% CI: 0.496, 0.862) for predicting 
mortality, admission to ICU and the need for mechanical ventilation respectively. An extended performance 
analysis using different algorithms to predict these clinical outcomes is presented in Table S3.

Parenchymal lung disease subtyping has been previously used to characterize emphysema, interstitial 
lung abnormalities and interstitial lung disease using deep learning as well as other histogram based local 
 methods15,32–34. Despite the abundance of COVID-19 manuscripts published to date, few studies have focused 
on lesion  subtyping17. Our results not only demonstrate the efficacy of COVID-19 lesion subtyping using deep 
learning techniques, but also its potential role in patient stratification and predicting different outcomes.

Previous works had address disease severity assessments based on clinical and biological  parameters2,3, imag-
ing  studies4,5 or a combination of both imaging and clinical  data6,7,14. Yue et al.20 defined a prediction model 
of hospital stay using CT data using radiomics from lung lobes. Homayounieh et al.21 proposed and compared 
several prediction models based on radiologist scores, CT whole lung radiomics, and clinical variables. In our 
work we compared our deep learning approach with their CT whole lung radiomics model. Lesion subtyping 
demonstrated superiority in terms of AUC with respect to whole lung radiomics in the three outcomes con-
sidered. The results in our cohort of the whole lung radiomics model are comparable to those reported in the 
original publication.

Chassagnon et al.7 proposed an AI scheme including radiomic lesion features and cardiopulmonary whole 
organ features with clinical and biological variables in their severity and outcome prediction assessment. In 
comparison to this work our approach presented a similar performance in terms of AUC with a simpler image 
processing approach and without including clinical variables. The integration of clinical variables in our models 
is expected to improve prediction accuracy as has been previously reported in other  works14,20. Zhang et al.14 
focused mostly their work on differential diagnosis but they also proposed a critical illness prediction model 
considering different lesion subtypes, extracted using a 2D deep learning model with seven classes, as well as 
clinical parameters. Critical illness was defined as the combined outcome of ICU admission, mechanical ven-
tilation or death. As shown in our work lesion subtypes were identified as the most relevant variables in their 
prediction model. Performance in terms of AUC of their model based on lesion features are comparable to the 

Table 3.  Performance analysis of prediction models based on DL-based lesion subtyping, full lung radiomics 
or radiologist assessment for three outcomes (mortality, ICU admission and need of mechanical ventilation) 
studied using five-fold cross validation in a cohort of 103 subjects with RT-PCR positive COVID-19 
pneumonia. AUC, SN, SP, PPV, NPV and 95% confidence intervals are reported for each model.

Outcome Features
AUC 
[95% CI]

SN
[95% CI]

SP
[95% CI]

PPV
[95% CI]

NPV
[95% CI]

Mortality

DL-based lesion 
subtyping

0.874
[0.790,0.959]

1
[1]

0.775
[0.674,0.876] 0.5167 [0.196,0.838] 0.4833

[0.162,0.804]

Radiomics (full lung) 0.838
[0.749,0.927]

0.917
[0.791,1]

0.862
[0.78,0.944] 0.25 [−0.13,0.63] 0.5

[0.062,0.938]

Radiologist 0.725
[0.620,0.830]

0.875
[0.685,1]

0.7
[0.52,0.88] 0.25 [-0.13,0.63] 0.5

[0.062,0.938]

ICU admission

DL-based lesion 
subtyping

0.726
[0.582,0.871]

0.867
[0.743,0.991]

0.638
[0.475,0.801] 0.3462 [-0.0118,0.704] 0.4167

[0.0367,0.797]

Radiomics (full lung) 0.624
[0.446,0.802]

0.758
[0.61,0.906]

0.588
[0.37,0.806]

0.3235
[-0.0345,0.681]

0.6875
[0.329,1.05]

Radiologist 0.543
[0.394,0.691]

0.517
[0.248,0.78]

0.783
[0.63,0.936]

0.1111
[-0.0579,0.28]

0.6389
[0.279,0.999]

Mechanical ventilation

DL-based lesion 
subtyping

0.679
[0.496,0.862]

0.938
[0.843,1]

0.579
[0.453,0.705]

0.25
[-0.13,0.63]

0.75
[0.093,1.41]

Radiomics (full lung) 0.675
[0.494,0.857]

0.917
[0.791,1]

0.549
[0.359,0.739]

0.125
[-0.065,0.315]

0.875
[0.685,1.06]

Radiologist 0.302
[0.110,0.494]

0.917
[0.791,1]

0.192
[0.01,0.394]

0
[0,0]

1
[1]
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ones found in our work. In this work they did not compare the performance with respect to the predictor based 
on the radiologist scores nor considered differentiated outcomes.

Therefore, in the context of the previous literature we highlight the following strengths. Our work confirms 
of the importance of lesion subtyping in prognosis analysis and the proposed prediction model based in deep 
learning segmentation shows high AUC scores for several clinical outcomes, specifically mortality and admis-
sion to ICU. The completely independent multicentric evaluation with data from 12 different scanner models 
confirms the robustness of the segmentation model with respect to the variability introduced by medical device. 
The quantitative segmentation evaluation shows very high Dice coefficient for the segmentation of the ground 
glass opacity regions.

Our study had several limitations. First, regarding the training cohort, only axial slices from 60 patients were 
available limiting the exploitation of the three-dimensional nature of the CT datasets. This multicentric dataset 
was selected as it was one of few resources for COVID-19 lesion subtype labeling during the early days of the 
pandemic, including ground glass, consolidations pattern and pleural effusion areas. Our system was designed 
and ready to include the three lesion subtypes. Pleural effusions could not be evaluated given their low preva-
lence in the training dataset and in the study cohort. To date, this is the only publicly available dataset that we 
are aware of that includes labeling of pleural effusion, evidencing a clear need to the community to provide CT 
datasets with accurate and complete labeling of COVID-19 lesion subtypes (see supplementary Table S2 for an 
up to date list of publicly available datasets). As presented in the results section, the consideration of pleural effu-
sion subtype as a separate class in the AI system is important as it may lead to overestimation of consolidation 
patterns, and more importantly it would enable the quantification and follow-up of the pleural effusion with 
important implications for the patient management.

Our deep learning architecture is two-dimensional, as we prioritized that the method would be invariant to 
slice thickness, and consequently, robust to the variability of scanning protocols across centers and vendors. We 
acknowledge that spatial consistency would improve, and basal segmentation could be better tackled by using a 
three-dimensional approach. However, the proposed lesion subtype segmentation of axial slices performed well 
for whole lung assessment and was also considered as an advantage in time constrained scenarios when only few 
slices need to be evaluated. Another limitation is related to the evaluation of the segmentation technique that 
was quantitatively performed for a subset of images (20 cases) and visually for all the testing cohort following an 
overestimation and subestimation score for each lesion subtype. Additionally, scoring was regional as opposed 
to lobal, and therefore not anatomical. Automatic lobar segmentation is very challenging in diseased lungs, and 
we preferred to ensure a robust partition to avoid biasing the results. Recent COVID-19 studies have successfully 
demonstrated accurate lobar  segmentation12 and the integration with the presented AI system would be certainly 
feasible and could be considered in the future.

A final limitation could be related to the number of cases in the training and testing cohorts. As previously 
commented, the training database was one of the only databases available at the beginning of the pandemic 
with subtype labeling. Although, the number of slices and patients included could be considered low, recently 
it has been demonstrated that semantic segmentation properly configured can be trained effectively with low 
numbers of  cases35, that is consistent with the evaluation results of our proposal in the independent testing 
cohort from four different hospitals. Similarly, the testing cohort could be considered as having a low number 
of cases. In this sense, as data collection is an intense labor task, we prioritized the multicentric nature of the 
cohort to ensure sufficient variability (see supplementary Table S1 for acquisition details) to evaluate the results 
for both segmentation and outcome prediction models. Considering publicly available datasets, supplementary 
Table S2 presents an updated list after a careful literature review. Only two additional  datasets14,36 include sub-
types labeling in a limited number of cases or slices that could be considered for extending the training cohort 
of the presented segmentation algorithm, but given the good evaluation results it doesn’t seem necessary. On 
the other hand, no dataset includes subtyping and detailed outcomes information including ICU stay, need for 
mechanical ventilation and mortality hampering the extension of the testing cohort for both segmentation and 
outcome prediction tasks. Despite the relevant efforts in data collection and algorithm development during 
the pandemic, there is still a clear need of complete COVID-19 databases that would include CT imaging data, 
lesion subtyping labeling, clinical data covering demographics, symptoms and hemogram based biomarkers, as 
well as sufficient follow-up information and differentiated clinical outcomes. Only when this data is available a 
robust comparison of diagnostic and prognostic algorithms and methods in large cohorts could be performed.

The main implication of our study is the demonstration of use of deep learning techniques to automatically 
characterize COVID-19 pneumonia lung lesion subtypes to better predict mortality and admission to ICU and 
at a lower extent the need for mechanical ventilation. Participating radiologists in this study confirmed the 
validity of the designed quantification and prediction tools (including the automatic reporting) and expressed 
an interest in using them in their routine clinical practice during the pandemic. Moreover, further studies using 
our methodology could enable an objective and quantitative understanding of disease progression and response 
to therapies, as well as the objective evaluation of drug efficacy in clinical trials.

In conclusion, our study demonstrates that an AI system can identify COVID-19 lung lesion subtypes in 
nonenhanced CT scans with a performance comparable to expert radiologists scoring. Lesion subtyping enables 
a better stratification and risk assessment of patients based on the prediction of clinically relevant outcomes.

Received: 15 August 2021; Accepted: 12 May 2022



10

Vol:.(1234567890)

Scientific Reports |         (2022) 12:9387  | https://doi.org/10.1038/s41598-022-13298-8

www.nature.com/scientificreports/

References
 1. Wang, D. et al. Clinical Characteristics of 138 Hospitalized Patients with 2019 Novel Coronavirus-Infected Pneumonia in Wuhan, 

China. JAMA - J Am Med Assoc. https:// doi. org/ 10. 1001/ jama. 2020. 1585 (2020).
 2. Zhou, F. et al. Clinical course and risk factors for mortality of adult inpatients with COVID-19 in Wuhan, China: a retrospective 

cohort study. Lancet. https:// doi. org/ 10. 1016/ S0140- 6736(20) 30566-3 (2020).
 3. Berenguer, J. et al. Development and validation of a prediction model for 30-day mortality in hospitalised patients with COVID-

19: The COVID-19 SEIMC score. Thorax https:// doi. org/ 10. 1136/ thora xjnl- 2020- 216001 (2021).
 4. Zhao, W., Zhong, Z., Xie, X., Yu, Q. & Liu, J. Relation between chest CT findings and clinical conditions of coronavirus disease 

(covid-19) pneumonia: a multicenter study. Am J Roentgenol. https:// doi. org/ 10. 2214/ AJR. 20. 22976 (2020).
 5. Toussie, D. et al. Clinical and chest radiography features determine patient outcomes in young and middle-aged adults with 

COVID-19. Radiology. https:// doi. org/ 10. 1148/ radiol. 20202 01754 (2020).
 6. Kwon, Y. J. et al. Combining initial radiographs and clinical variables improves deep learning prognostication in patients with 

COVID-19 from the Emergency Department. Radiol Artif Intell. https:// doi. org/ 10. 1148/ ryai. 20202 00098 (2021).
 7. Chassagnon, G. et al. AI-driven quantification, staging and outcome prediction of COVID-19 pneumonia. Med Image Anal. https:// 

doi. org/ 10. 1016/j. media. 2020. 101860 (2021).
 8. Wang, D. et al. Study on the prognosis predictive model of COVID-19 patients based on CT radiomics. Sci Rep. https:// doi. org/ 

10. 1038/ s41598- 021- 90991-0 (2021).
 9. Li, L. et al. Using artificial intelligence to detect COVID-19 and community-acquired pneumonia based on pulmonary CT: evalu-

ation of the diagnostic accuracy. Radiology. https:// doi. org/ 10. 1148/ radiol. 20202 00905 (2020).
 10. Xu, Q. et al. AI-based analysis of CT images for rapid triage of COVID-19 patients. npj Digit Med. https:// doi. org/ 10. 1038/ s41746- 

021- 00446-z (2021).
 11. Guan, X. et al. Quantitative and semi-quantitative CT assessments of lung lesion burden in COVID-19 pneumonia. Sci Rep. https:// 

doi. org/ 10. 1038/ s41598- 021- 84561-7 (2021).
 12. Lessmann, N. et al. Automated assessment of COVID-19 reporting and data system and chest CT severity scores in patients 

suspected of having COVID-19 using artificial intelligence. Radiology. https:// doi. org/ 10. 1148/ RADIOL. 20202 02439 (2021).
 13. Harmon, S. A. et al. Artificial intelligence for the detection of COVID-19 pneumonia on chest CT using multinational datasets. 

Nat Commun. https:// doi. org/ 10. 1038/ s41467- 020- 17971-2 (2020).
 14. Zhang, K. et al. Clinically applicable AI system for accurate diagnosis, quantitative measurements, and prognosis of COVID-19 

pneumonia using computed tomography. Cell. https:// doi. org/ 10. 1016/j. cell. 2020. 04. 045 (2020).
 15. Bermejo-Peláez, D., Ash, S. Y., Washko, G. R., Estépar, R. S. J. & Ledesma-Carbayo, M. J. Classification of interstitial lung abnor-

mality patterns with an ensemble of deep convolutional neural networks. Sci Rep. https:// doi. org/ 10. 1038/ s41598- 019- 56989-5 
(2020).

 16. Lee, E. H. et al. Deep COVID DeteCT: an international experience on COVID-19 lung detection and prognosis using chest CT. 
NPJ Digit Med. https:// doi. org/ 10. 1038/ s41746- 020- 00369-1 (2021).

 17. Shi F, Wang J, Shi J, Wu Z, Wang Q, Tang Z, et al. Review of artificial intelligence techniques in imaging data acquisition, segmenta-
tion, and diagnosis for COVID-19, vol. 14. IEEE Reviews in Biomedical Engineering. 2021. DOI:https:// doi. org/ 10. 1109/ RBME. 
2020. 29879 75

 18. Pan, F. et al. Time course of lung changes at chest CT during recovery from Coronavirus disease 2019 (COVID-19). Radiology. 
https:// doi. org/ 10. 1148/ radiol. 20202 00370 (2020).

 19. Kwee, T. C. & Kwee, R. M. Chest CT in COVID-19: what the radiologist needs to know. Radiographics 40(7), 1848–1865. https:// 
doi. org/ 10. 1148/ rg. 20202 00159 (2020).

 20. Yue, H. et al. Machine learning-based CT radiomics method for predicting hospital stay in patients with pneumonia associated 
with SARS-CoV-2 infection: a multicenter study. Ann Transl Med. https:// doi. org/ 10. 21037/ atm- 20- 3026 (2020).

 21. Homayounieh, F. et al. CT radiomics, radiologists, and clinical information in predicting outcome of patients with COVID-19 
pneumonia. Radiol Cardiothorac Imaging. https:// doi. org/ 10. 1148/ ryct. 20202 00322 (2020).

 22. Gong, K. et al. A multi-center study of COVID-19 patient prognosis using deep learning-based CT image analysis and electronic 
health records. Eur J Radiol. https:// doi. org/ 10. 1016/j. ejrad. 2021. 109583 (2021).

 23. Feng, Z. et al. Machine learning based on clinical characteristics and chest CT quantitative measurements for prediction of adverse 
clinical outcomes in hospitalized patients with COVID-19. Eur Radiol. https:// doi. org/ 10. 1007/ s00330- 021- 07957-z (2021).

 24. Huang G, Liu Z, Maaten L Van Der, Weinberger KQ. Densely connected convolutional networks. In: Proceedings - 30th IEEE 
Conference on Computer Vision and Pattern Recognition, CVPR 2017. 2017. doi:https:// doi. org/ 10. 1109/ CVPR. 2017. 243

 25. Paszke, A., Chaurasia, A., Kim, S., Culurciello E. ENET: a deep neural network architecture for real-time semantic segmentation. 
arXiv. 2016;1606.02147.

 26. Román KL-L, de La Bruere I, Onieva J, Andresen L, Holsting JQ, Rahaghi FN, et al. 3D pulmonary artery segmentation from CTA 
scans using deep learning with realistic data augmentation. In: Lecture Notes in Computer Science (including subseries Lecture Notes 
in Artificial Intelligence and Lecture Notes in Bioinformatics). 2018. doi:https:// doi. org/ 10. 1007/ 978-3- 030- 00946-5_ 23

 27. Bermejo-Pelaez D, Okajima Y, Washko GR, Ledesma-Carbayo MJ, Estepar RSJ. A SR-NET 3D-to-2D architecture for paraseptal 
emphysema segmentation. In: Proceedings - International Symposium on Biomedical Imaging. 2019. doi:https:// doi. org/ 10. 1109/ 
ISBI. 2019. 87591 84

 28. Hofmanninger, J. et al. Automatic lung segmentation in routine imaging is primarily a data diversity problem, not a methodology 
problem. Eur Radiol Exp. https:// doi. org/ 10. 1186/ s41747- 020- 00173-2 (2020).

 29. Hansell DM, Bankier AA, MacMahon H, McLoud TC, Müller NL, Remy J. Fleischner Society: glossary of terms for thoracic imag-
ing. vol. 246, Radiology. 2008. DOI:https:// doi. org/ 10. 1148/ radiol. 24620 70712

 30. Inui, S. et al. Chest CT findings in cases from the cruise ship diamond princess with coronavirus disease (COVID-19). Radiol 
Cardiothorac Imaging. https:// doi. org/ 10. 1148/ ryct. 20202 00110 (2020).

 31. Gietema, H. A. et al. Quantifying the Extent of Emphysema: Factors Associated with Radiologists’ Estimations and Quantitative 
Indices of Emphysema Severity Using the ECLIPSE Cohort. Acad Radiol. https:// doi. org/ 10. 1016/j. acra. 2011. 01. 011 (2011).

 32. Walsh SLF, Humphries SM, Wells AU, Brown KK. Imaging research in fibrotic lung disease; applying deep learning to unsolved 
problems, vol. 8, Lancet Respiratory Medicine. 2020. doi:https:// doi. org/ 10. 1016/ S2213- 2600(20) 30003-5

 33. Anthimopoulos, M., Christodoulidis, S., Ebner, L., Christe, A. & Mougiakakou, S. Lung pattern classification for interstitial lung 
diseases using a deep convolutional neural network. IEEE Trans Med Imaging. https:// doi. org/ 10. 1109/ TMI. 2016. 25358 65 (2016).

 34. Harmouche, R., Ross, J. C., Diaz, A. A., Washko, G. R. & Estepar, R. S. J. A robust emphysema severity measure based on disease 
subtypes. Acad Radiol. https:// doi. org/ 10. 1016/j. acra. 2015. 12. 021 (2016).

 35. Isensee, F., Jaeger, P. F., Kohl, S. A. A., Petersen, J. & Maier-Hein, K. H. nnU-Net: a self-configuring method for deep learning-based 
biomedical image segmentation. Nat Methods. https:// doi. org/ 10. 1038/ s41592- 020- 01008-z (2021).

 36. de la Iglesia, Vayá M. et al. BIMCV COVID-19+: a large annotated dataset of RX and CT images from COVID-19 patients. IEEE 
Dataport https:// doi. org/ 10. 21227/ w3aw- rv39 (2021).

https://doi.org/10.1001/jama.2020.1585
https://doi.org/10.1016/S0140-6736(20)30566-3
https://doi.org/10.1136/thoraxjnl-2020-216001
https://doi.org/10.2214/AJR.20.22976
https://doi.org/10.1148/radiol.2020201754
https://doi.org/10.1148/ryai.2020200098
https://doi.org/10.1016/j.media.2020.101860
https://doi.org/10.1016/j.media.2020.101860
https://doi.org/10.1038/s41598-021-90991-0
https://doi.org/10.1038/s41598-021-90991-0
https://doi.org/10.1148/radiol.2020200905
https://doi.org/10.1038/s41746-021-00446-z
https://doi.org/10.1038/s41746-021-00446-z
https://doi.org/10.1038/s41598-021-84561-7
https://doi.org/10.1038/s41598-021-84561-7
https://doi.org/10.1148/RADIOL.2020202439
https://doi.org/10.1038/s41467-020-17971-2
https://doi.org/10.1016/j.cell.2020.04.045
https://doi.org/10.1038/s41598-019-56989-5
https://doi.org/10.1038/s41746-020-00369-1
https://doi.org/10.1109/RBME.2020.2987975
https://doi.org/10.1109/RBME.2020.2987975
https://doi.org/10.1148/radiol.2020200370
https://doi.org/10.1148/rg.2020200159
https://doi.org/10.1148/rg.2020200159
https://doi.org/10.21037/atm-20-3026
https://doi.org/10.1148/ryct.2020200322
https://doi.org/10.1016/j.ejrad.2021.109583
https://doi.org/10.1007/s00330-021-07957-z
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1007/978-3-030-00946-5_23
https://doi.org/10.1109/ISBI.2019.8759184
https://doi.org/10.1109/ISBI.2019.8759184
https://doi.org/10.1186/s41747-020-00173-2
https://doi.org/10.1148/radiol.2462070712
https://doi.org/10.1148/ryct.2020200110
https://doi.org/10.1016/j.acra.2011.01.011
https://doi.org/10.1016/S2213-2600(20)30003-5
https://doi.org/10.1109/TMI.2016.2535865
https://doi.org/10.1016/j.acra.2015.12.021
https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.21227/w3aw-rv39


11

Vol.:(0123456789)

Scientific Reports |         (2022) 12:9387  | https://doi.org/10.1038/s41598-022-13298-8

www.nature.com/scientificreports/

Acknowledgements
This work was partially funded by projects RTI2018-098682-B-I00 (MCIU/AEI/FEDER,UE) by the Spanish 
ministry of Science and Innovation, and the initiative REACT-EU Comunidad de Madrid both cofunded by the 
European Union ERDF (European Regional Development Fund), as well as the Leonardo grant to researchers and 
cultural creators 2019 from Fundación BBVA. Raúl San José Estépar was supported by NIH grant R21LM013670. 
Research work of Dr. Jacobo Sellarés is financed by the grant SLT008/18/00176 and the support of the Department 
of Health of the Generalitat de Catalunya, in the call for grants 2019–2021, as part of the Strategic Research and 
Innovation Plan in Health 2016–2020. It has also been financed by FEDER Funds (PI19/01152), SEPAR (PI17/562 
& PI18/792), SOCAP, FUCAP and Institut d’Investigacions Biomèdiques August Pi i Sunyer (IDIBAPS). We also 
thank the Spotlab team for their support with the technological infrastructure.

Author contributions
Conceived and designed the experiments: D.B.P., R.S.J.E. and M.J.L.C. Developed the software and performed 
the experiments: D.B.P. Contributed materials/analysis tools: D.B.P., R.S.J.E., M.F.V., C.P.M., G.G.M., G.B., M.S., 
M.B. and M.J.L.C. Clinical validation: M.F.V, C.P.M, G.G.M, M.B, C.G.R, S.C, J.S, M.S, G.B, G.P.B, L.M.S. Tech-
nology: D.B.P, R.S.J.E, M.L.O, M.J.L.C. Wrote the main manuscript text: D.B.P. and M.J.L.C. All authors revised 
the article critically for important intellectual content.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 022- 13298-8.

Correspondence and requests for materials should be addressed to M.J.L.-C.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

https://doi.org/10.1038/s41598-022-13298-8
https://doi.org/10.1038/s41598-022-13298-8
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Deep learning-based lesion subtyping and prediction of clinical outcomes in COVID-19 pneumonia using chest CT
	Materials and methods
	Patient selection. 
	Dataset for training the AI model. 
	COVID-19 lesion subtype segmentation algorithm. 
	Evaluation of segmentation results. 
	Disease quantification. 
	Visual severity scoring of chest CT. 
	Patient prognosis. 

	Results
	Evaluation of COVID-19 lesion subtype segmentation. 
	Disease quantification. 
	Patient prognosis. 

	Discussion
	References
	Acknowledgements


