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Introduction

High resolution computed tomography (HRCT) is an 
excellent tool for diagnosing COVID-19 pneumonia and 
following up patients who develop long-term respiratory 
complications, including pulmonary fibrosis (1,2). While 
previous studies showed that texture analysis (TA) on lung 
computed tomography (CT) images could effectively 
predict clinical outcomes in patients with COVID-19 
pneumonia in the acute setting (3,4), its role in identifying 
patients at risk of developing pulmonary fibrosis has never 
been investigated. The aim of this study was to assess the 
accuracy of HRCT TA in predicting the onset of pulmonary 
fibrosis in patients after COVID-19 pneumonia.

Materials and methods

This study was conducted in accordance with the Declaration 
of Helsinki (as revised in 2013). The study was approved by 
Ethics Committee of Padova University Hospital (protocol 
number: 0042076 of the 29th of June 2021) and individual 
consent for this retrospective analysis was waived.

Our retrospective study included all consecutive patients 
with COVID-19 pneumonia who accessed the emergency 
department of our third-level hospital between February and 
May 2020. Inclusion criteria were: COVID-19 pneumonia 

confirmed by real-time polymerase chain reaction (RT-PCR) 
and HRCT; no concomitant pulmonary disease; at least 
one follow-up HRCT performed no less than one month 
after diagnosis. All scans were performed with a 64-slice 
CT-scanner (Somatom Sensation, Siemens Healthineers, 
Erlangen, Germany) with a 1-mm slice thickness in breath-
hold. 

Two radiologists specialized in chest imaging analyzed 
follow-up HRCTs to identify signs of pulmonary fibrosis (2),  
blinded to the clinical and imaging data of the patients. In 
cases with multiple follow-up HRCTs, the latest scan was 
considered. Each lung was classified separately according to 
the presence/absence of fibrotic changes, including fibrotic 
strips, traction bronchiectasis, architectural distortion, and 
inter-lobular septal thickening. HRCTs performed when 
COVID-19 pneumonia was diagnosed were analyzed on a 
dedicated workstation with LIFEx software (5) after image 
resampling to 3×1×1 mm voxels. The two radiologists 
agreed on a manually drawn region of interest in each axial 
slice along the boundaries of the lungs from apex to base, 
obtaining a volume of interest for each lung (Figure 1A,1B), 
blinded to the clinical and follow-up HRCT data of the 
patients. The main bronchi and hilar vessels were excluded 
from the segmented volume. Fifty-eight textural parameters 
were extracted for each lung.

Student’s independent unpaired t-test was used to 
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compare normally distributed continuous variables, and 
the Mann-Whitney test was used for nonparametric data. 
Textural parameters were compared in terms of the absence 
(Group 0) or presence (Group 1) of lung fibrosis. A logistic 
regression analysis was performed in order to assess the 
prediction capability of the features. Features with highest 
importance were then used to create a prediction model. A 
multivariate receiver operating characteristic (ROC) curve 
was drawn from this model. Significance was set at P<0.05. 

Results

Twenty-eight lungs from 14 patients (12 M; median age: 
64 years, range, 38–85 years) were analyzed. The median 
time elapsing from the diagnosis of COVID-19 pneumonia 
to the follow-up HRCT scan was 207 days (range,  
87–491 days). Fibrotic changes were present in 12 lungs. 
Five patients showed bilateral fibrotic changes and 

two showed unilateral lung involvement. Four textural 
parameters—maximum conventional Hounsfield unit (HU) 
{1,478.984 [interquartile range (IQR), 1,294.819–1,716.333] 
vs. [1,781.102 (IQR, 1,483.384–2,106.742)]; P=0.041}, 
maximum discretized HU [265.500 (IQR, 249.000–281.500) 
vs. 292.000 (IQR, 265.500–321.000); P=0.036], gray level 
co-occurrence matrix (GLCM) energy angular second 
moment [4.382 (IQR, 2.766–4.890) vs. 0.752 (IQR, 0.001–
2.294); P=0.010], and GLCM correlation [0.623 (IQR, 
0.563–0.709) vs. 0.509 (IQR, 0.421–0.598); P=0.022]—
differed significantly between the fibrotic and non-fibrotic 
groups (Table S1). From the logistic regression analysis on 
the 58 features we considered different models, obtained 
adding one feature at the time on the base of the P value of 
the individual logistic regression model. We noticed that 
using the first 4 of them [GLCM energy angular second 
moment, GLCM correlation, neighbourhood grey-level 
difference matrix (NGLDM) contrast, and grey-level 

Figure 1 HRCT scans of patients affected by COVID-19 pneumonia. (A,B) Delimitation of lung ROIs in HRCT images using LIFEx 
software. (C,D) Basal HRCT scans of COVID-19 affected patients. (E,F) Follow-up HRCT of patients affected by COVID-19 pneumonia. 
A 71-year-old male patient with COVID-19 pneumonia: basal HRCT (C) showing diffuse bilateral ground-glass opacities with parenchymal 
consolidations in right lung; and 3-month follow-up HRCT scan (E) showing almost complete resolution of ground-glass opacities, with no 
signs of fibrosis. An 82-year-old male patient with COVID-19 pneumonia: basal HRCT (D) showing diffuse bilateral ground-glass opacities 
and parenchymal consolidations in right lung; and 2-month follow-up HRCT scan (F) showing traction bronchiectasis and parenchymal 
bands, more evident on the left side. Maximum conventional HU and discretized HU extracted from baseline HRCT of the second patient’s 
lungs (D) were higher than those obtained for the first patient (C), indicating denser pulmonary consolidations. GLCM energy angular 
second moment and GLCM correlation were lower for the second patient’s lungs (D) than those for the first patient’s (C), indicating a more 
inhomogeneous texture of the lung parenchyma in the former. HRCT, high resolution computed tomography; ROIs, regions of interest; 
GLCM, gray level co-occurrence matrix. 
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zone length matrix (GLZLM), gray-level non-uniformity 
(GLNU)] we reached a pretty high accuracy of the 
multivariate ROC curve. 

The multivariate ROC showed an area under the 
curve (AUC) of 0.938 (95% CI: 0.855–1.000; P<0.001) 
with 92% sensitivity and 81% specificity. This accuracy 
increases adding more features, reaching an AUC of 1.000 
with 7 features (GLCM energy angular second moment, 
GLCM correlation, NGLDM contrast, GLZLM GLNU, 
conventional HU excess kurtosis, discretized HU max, and 
discretized HU kurtosis).

Discussion 

Our study demonstrates that performing HRCT TA when 
COVID-19 pneumonia is diagnosed can be effective in 
identifying patients at risk of developing lung fibrotic 
changes. 

The four parameters identified by the logistic regression 
analysis that together showed an AUC of the multivariate 
ROC of 0.938 were respectively GLCM energy angular 
second moment, that represents the uniformity of 
distribution of grey level in the image, GLCM correlation 
that reflects the joint probability occurrence of the specified 
pixel pairs, NGLDM contrast that shows the spatial rate 
change of intensity, and GLZLM GLNU that measures the 
non-uniformity of the grey-levels in the volume of interest (5). 

Noteworthy, adding other three features to the model 
the AUC rose to 1.000. These parameters were respectively 
conventional HU excess kurtosis and discretized HU 
kurtosis, that reflect the shape of the grey-level distribution 
relative to a normal distribution and discretized HU max 
that represents the maximum intensity value in the volume 
of interest (5).

A hypothesis that can be postulated about the mechanisms 
involved in lung fibrosis is that the more parenchymal 
consolidations are wide and inhomogeneous at baseline 
HRCT, the more lung parenchyma is prone to develop 
fibrosis at follow-up. Indeed, patients who developed fibrosis 
had higher maximum conventional and discretized HU 
values and lower GLCM energy angular second moment 
and correlation values compared to patients who completely 
recovered at the follow-up HRCT (Figure 1C-1F). It is well 
known that consolidations occurring when the alveolar spaces 
are filled by erythrocytes, leukocytes and fibrin, increase the 
intrinsic radiological density of the lung parenchyma (6,7) and 
it has recently been suggested that the intra-alveolar fibrosis 
and collapse of alveolar capillary units represent the initial 

“Noxa” that later lads to fibrosis (8). This collapse of the 
alveolar capillary units results in higher densitometric values 
compared to normal parenchyma, hence, we can speculate 
that the higher maximum density values of consolidations 
in patients who develop fibrosis could be related to this 
physio-pathological mechanism (7). Moreover, consolidation 
and inhomogeneous density pattern like “crazy paving” 
characterize the later stage of COVID-19 pneumonia, when 
lung parenchyma is more prone to develop fibrosis (7). 

Despite its relevant limitations (e.g., sample size), our 
study may prompt larger follow-up studies to investigate 
the role of TA in the early detection of COVID-19 patients 
at risk of developing pulmonary fibrosis. 
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Supplementary

Table S1 Texture parameters extracted from baseline HRCT

Texture parameters
Median (IQR) Mann- 

Whitney  
P value

Logistic 
regression  

P valueGroup 0 Group 1

GLCM energy angular second moment 4.38 (0/6.91) 0.75 (0/5.31) 0.004 0.01

GLCM correlation 0.62 (0.42/0.78) 0.51 (0.39/0.71) 0.02 0.03

NGLDM contrast 0.33 (0.21/0.57) 0.26 (0.1/0.42) 0.04 0.05

GLZLM GLNU 4,440.22 (2,826.61/6,403.84) 5,768.04 (1,279.52/11,597.49) 0.08 0.07

Conventional HU excess kurtosis 1.15 (−0.89/2.46) 1.39 (−0.63/8.11) 0.08 0.07

Conventional HU kurtosis 4.15 (2.11/5.46) 4.39 (2.37/11.11) 0.08 0.07

Discretized HU max 265.5 (209/320) 292 (200/400) 0.07 0.08

Discretized HU excess kurtosis 1.15 (−0.88/2.46) 0.98 (−0.64/8.11) 0.09 0.08

Discretized HU kurtosis 4.15 (2.12/5.46) 3.98 (2.36/11.11) 0.09 0.08

Discretized HU std 24.96 (20.13/33.33) 23.76 (18.7/27.34) 0.06 0.08

Conventional HU std 280.76 (226.43/374.93) 267.25 (210.34/307.73) 0.07 0.09

GLRLM RLNU 440,662.26 (286,901.82/628,103.14) 597,428.19 (127,068.12/870,050.1) 0.12 0.09

Discretized HU min 19.5 (1/43) 43 (2/43) 0.11 0.12

GLRLM GLNU 8,192.46 (5,317.12/21,258.27) 12,324.91 (4,305.26/34,089.93) 0.15 0.13

Discretized HU max 1,478.98 (849.85/2,097.87) 1,781.1 (742.83/6,838.9) 0.15 0.14

NGLDM coarseness 1.52 (1.09/9.62) 3.06 (1.05/9.4) 0.18 0.18

Conventional HU min −1,205.26 (−1,482.06/−1,024) −1,024 (−1,488.74/−1,024) 0.24 0.24

GLZLM LZHGE 19,264.02 (3.18/4,065,798.74) 21,744.38 (16,206.53/7,945,520.97) 0.26 0.25

Discretized HISTO energy uniformity 0.02 (0.01/0.03) 0.02 (0.01/0.04) 0.33 0.28

Discretized HISTO entropy log10 1.89 (1.71/2) 1.88 (1.62/2) 0.37 0.3

Discretized HISTO entropy log2 6.27 (5.68/6.65) 6.24 (5.39/6.66) 0.37 0.3

Discretized HU Q1 57.5 (12/71) 56 (50/79) 0.28 0.31

GLZLM LZLGE 0.04 (0/9.69) 0.33 (0/4.19) 0.3 0.33

Discretized HU Q2 67.5 (20/82) 66.5 (55/98) 0.35 0.34

Conventional HU skewness 1.35 (0.65/1.73) 1.2 (0.07/2.69) 0.43 0.36

Discretized HU skewness 1.35 (0.65/1.72) 1.18 (0.07/2.69) 0.43 0.36

Conventional HU Q1 −858.15 (−936.65/−704.53) −873.86 (−939.88/−621.88) 0.53 0.49

Conventional HU Q2 −749.01 (−858.35/−578.6) −755.06 (−881.67/−401.1) 0.56 0.51

GLCM entropy log10 3.61 (3.21/3.85) 3.55 (3.15/3.91) 0.57 0.52

GLCM entropy log2 joint entropy 11.98 (10.66/12.78) 11.79 (10.45/12.99) 0.57 0.52

GLRLM LRLGE 2.44 (0.04/3.33) 2.66 (1.38/3.57) 0.55 0.53

GLZLM LGZE 2.01 (0.03/2.89) 2 (1.27/2.94) 0.54 0.54

GLRLM LGRE 2.17 (0.04/3.02) 2.25 (1.3/3.15) 0.55 0.54

GLRLM SRLGE 2.13 (0.04/2.95) 2.16 (1.28/3.06) 0.55 0.54

Table S1 (continued)
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Table S1 (continued)

Texture parameters
Median (IQR) Mann- 

Whitney  
P value

Logistic 
regression  

P valueGroup 0 Group 1

GLZLM SZHGE 5,882.01 (2,203.86/7,143.87) 5,927.76 (4,127.22/9,035.37) 0.6 0.57

GLZLM SZLGE 1.58 (0.02/2.28) 1.58 (1.07/2.17) 0.58 0.58

Discretized HU mean 75.51 (33.38/87.6) 74.64 (62.01/98.56) 0.6 0.58

GLZLM LZE 5.62 (2.31/11,106.19) 5.69 (2.16/2,766.69) 0.6 0.64

GLRLM SRHGE 6,246.32 (2,125.68/8,101.32) 5,986.96 (4,252.08/10,247.61) 0.71 0.68

GLZLM SZE 0.8 (0.76/0.85) 0.79 (0.77/0.85) 0.71 0.68

Discretized HISTO excess kurtosis 10.16 (3.56/32.57) 14.46 (0.31/27.18) 0.71 0.69

Discretized HISTO kurtosis 13.16 (6.56/35.57) 17.46 (3.31/30.18) 0.71 0.69

GLRLM HGRE 6,353.8 (2,151.54/8,322.19) 6,171 (4,335.9/10,385.24) 0.72 0.69

GLZLM HGZE 6,861.28 (2,496.59/9,033.33) 7,110.09 (4,911.42/10,548.23) 0.72 0.71

GLRLM LRHGE 6,662.62 (2,259.21/9,284.38) 6,892.36 (4,693.05/10,954.49) 0.77 0.75

GLZLM ZLNU 2,255.44 (−8,149.82/12,519.74) 2,730.74 (−14,945.47/12,528.5) 0.79 0.77

Conventional HU Q3 −566.76 (−710.73/−179.41) −523.31 (−800.27/−167.63) 0.82 0.8

GLCM contrast variance 478.33 (268.29/746.99) 458.6 (311.72/689.44) 0.82 0.81

Discretized HISTO skewness 3.2 (2.17/5.47) 3.73 (1.44/5.07) 0.86 0.85

GLCM dissimilarity 14.62 (9.65/19.14) 13.59 (10.53/19.63) 0.86 0.85

Discretized HU Q3 81.5 (43/118) 87 (63/119) 0.88 0.87

NGLDM busyness 3.73 (2.28/11.99) 3.91 (1.49/7.3) 0.88 0.88

GLRLM LRE 1.1 (1.06/1.25) 1.11 (1.06/1.2) 0.93 0.93

GLRLM RP 0.97 (0.93/0.98) 0.97 (0.94/0.98) 0.94 0.94

GLCM homogeneity inverse difference 0.17 (0.12/0.26) 0.18 (0.12/0.24) 0.94 0.94

GLRLM SRE 0.98 (0.95/0.99) 0.98 (0.96/0.99) 0.94 0.94

Conventional HU mean −656.17 (−763.85/−520.17) −665.93 (−808.11/−396.8) 1 0.99

GLZLM ZP 0.66 (0.44/0.77) 0.64 (0.5/0.79) 1 1

Group 0, lungs with absence of fibrotic changes at follow-up; Group 1, lungs with presence of fibrotic changes at follow-up HRCT. HRCT, 
high resolution computed tomography; IQR, inter-quartile range; GLCM, gray level co-occurrence matrix; NGLDM, neighbourhood 
grey-level difference matrix; GLZLM, grey-level zone length matrix; GLNU, gray-level non-uniformity; HU, Hounsfield unit; std, standard 
deviation; GLRLM, grey-level run length matrix; RLNU, run length non-uniformity; LZHGE, long-zone high gray-level emphasis; HISTO, 
histogram; LZLGE, long-zone low gray-level emphasis; LRLGE, long-run low gray-level emphasis; LGZE, low gray-level zone emphasis; 
LGRE, low gray-level run emphasis; SZHGE, short-zone high gray-level emphasis; SRLGE, short-run low gray-level emphasis; SZLGE, 
short-zone low gray-level emphasis; LZE, long-zone emphasis; SRHGE, short-run high gray-level emphasis; SZE, short-zone emphasis; 
HGRE, high gray-level run emphasis; HGZE, high gray-level zone emphasis; LRHGE, long-run high gray-level emphasis; ZLNU, zone 
length non-uniformity; LRE, long-run emphasis; RP, run percentage; SRE, short-run emphasis; ZP, zone percentage. 


