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learning approach
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Abstract

Objectives To evaluate the relationship of changes in the deep learning—based CT quantification of interstitial lung
disease (ILD) with changes in forced vital capacity (FVC) and visual assessments of ILD progression, and to investigate
their prognostic implications.

Methods This study included ILD patients with CT scans at intervals of over 2 years between January 2015 and June
2021. Deep learning—based texture analysis software was used to segment ILD findings on CT images (fibrosis: reticu-
lar opacity + honeycombing cysts; total ILD extent: ground-glass opacity + fibrosis). Patients were grouped according
to the absolute decline of predicted FVC (< 5%, 5-10%, and > 10%) and ILD progression assessed by thoracic radiolo-
gists, and their quantification results were compared among these groups. The associations between quantification
results and survival were evaluated using multivariable Cox regression analysis.

Results In total, 468 patients (239 men; 64 + 9.5 years) were included. Fibrosis and total ILD extents more increased

in patients with larger FVC decline (p < .001 in both). Patients with ILD progression had higher fibrosis and total ILD
extent increases than those without ILD progression (p < .001 in both). Increases in fibrosis and total ILD extent were sig-
nificant prognostic factors when adjusted for absolute FVC declines of > 5% (hazard ratio [HR] 1.844, p = .01 for fibrosis;
HR 2.484, p < .001 for total ILD extent) and > 10% (HR 2.918, p < .001 for fibrosis; HR 3.125, p < .001 for total ILD extent).

Conclusion Changes in ILD CT quantification correlated with changes in FVC and visual assessment of ILD progres-
sion, and they were independent prognostic factors in ILD patients.

Clinical relevance statement Quantifying the CT features of interstitial lung disease using deep learning techniques
could play a key role in defining and predicting the prognosis of progressive fibrosing interstitial lung disease.

Key Points
» Radiologic findings on high-resolution CT are important in diagnosing progressive fibrosing interstitial lung disease.

- Deep learning—based quantification results for fibrosis and total interstitial lung disease extents correlated with the decline in forced
vital capacity and visual assessments of interstitial lung disease progression, and emerged as independent prognostic factors.

- Deep learning—based interstitial lung disease CT quantification can play a key role in diagnosing and prognosticating
progressive fibrosing interstitial lung disease.
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Introduction

Progressive fibrosing interstitial lung disease (PF-ILD)
comprises a heterogeneous group of disease entities
characterized by a relentless decline in lung function.
It encompasses idiopathic pulmonary fibrosis (IPF)
[1-4] and non-IPF ILDs such as chronic hypersensitiv-
ity pneumonitis, connective tissue disease—associated
ILDs (CTD-ILDs), and idiopathic nonspecific interstitial
pneumonia (NSIP) with a progressive fibrotic phenotype
despite immunosuppressive therapy and the removal of
disease-promoting triggers [5, 6]. Based on the INBUILD
study [7], which investigated the impact of nintedanib, an
antifibrotic drug, on non-IPF ILDs, a diagnostic consen-
sus of PF-ILD has been reached that considers a combi-
nation of deteriorating lung function, CT findings, and
patient symptoms over 24 months despite conventional
treatment. The specific diagnostic criteria are as follows:
a relative decline in forced vital capacity (FVC) > 10%, a
relative decline in FVC > 5% accompanied by increased
fibrosis on high-resolution CT (HRCT) or worsening
of symptoms, or worsening symptoms with increased
fibrosis on HRCT [5]. As these diagnostic criteria show,
fibrosis on HRCT is an important parameter for diagnos-
ing PF-ILD, along with a decline in FVC [8-15]. Indeed,
extensive traction bronchiectasis or honeycombing on
HRCT is a risk factor for PF-ILD [5, 16, 17]. However,
the interpretation of ILD imaging findings on HRCT
has largely relied on experts’ subjective judgment, which
introduces the possibility of inter- and intra-observer
variability and can lead to diagnostic limitations, requir-
ing objective quantification [2, 7, 18-21].

Recent artificial intelligence models have demon-
strated diagnostic capabilities comparable to those of
experts in various medical fields [22-25]. In thoracic
radiology, the analysis of chest imaging for disease
pattern recognition, segmentation, and diagnosis has
been the focus of extensive research [26-—30]. Like-
wise, in the field of ILD, several studies have utilized
quantitative software tools to assess ILD CT features,
including fibrosis, and analyze image patterns [31-33].
For instance, Park et al investigated the correlation
between the quantification of fibrosis extent on CT
and FVC decline in IPF patients. The study used in-
house software trained with 1200 typical patterns to
automatically quantify six patterns (normal, ground-
glass opacity [GGO], reticular opacity, honeycombing,
consolidation, and emphysema) [31]. In this study, we
aimed to evaluate changes in deep learning—based CT
quantification of ILD according to changes in FVC and

visual assessments of ILD progression, and to investi-
gate their prognostic implications.

Materials and methods

This retrospective study was approved by the Institu-
tional Review Board of Seoul National University Hos-
pital, and the requirement for written informed consent
was waived (IRB No. H-2112-040-1279). The study sam-
ple of this study has not been reported.

Study sample

This retrospective study was performed at a tertiary refer-

ral hospital. All CT exams were searched for keywords

describing ILDs in radiological reports (e.g., “reticular

opacity, “reticulation,” “traction bronchiectasis, “hon-
Y “interstitial lung dis-

eycombing,” “interstitial fibrosis,

ease, “ILD,” “idiopathic pulmonary fibrosis,” “IPF “usual
interstitial pneumonia,” “UIP’ “nonspecific interstitial
pneumonia,” “NSIP’  “hypersensitivity ~pneumonitis,’
“HP; “interstitial lung abnormality,” or “ILA”). This search
yielded 2864 patients. The search was conducted through-
out December 2021, and all selected CT exams were per-
formed from January 2015 to June 2021.

One radiology resident (S.Y.K. with 4 years of experience in
ILD imaging) reviewed the radiologic reports and excluded
patients for whom the radiologic reports did not indicate
ILD (7 = 1409). Since PF-ILD is defined as a decline of PFT
results or an increase in fibrosis on CT over 24 months, we
excluded patients whose CT examinations’ intervals were
less than 24 months (# = 429) or who did not have avail-
able PFT results within 3 months from the CT scans (n =
466). Next, one thoracic radiologist (J.H.L. with 11 years of
experience in ILD imaging) and a radiology resident (S.Y.K.)
reviewed the remaining patients’ CT images on a picture
archiving and communication system and excluded patients
whose CT images showed acute exacerbation of ILD or a
significant amount of pleural effusion that precluded review-
ing ILD findings of the lung parenchyma (n = 50), as well as
patients who underwent lung surgery between the initial and
follow-up CT images (n = 42). The flowchart for the selec-
tion process is described in Fig. 1 and the CT image acquisi-
tion information is suggested in Supplementary Text.

Quantitative analysis of the CT images

Commercially available deep learning—based texture anal-
ysis software (AVIEW Lung Texture version 1.1.43.7, Core-
Line Soft) was used. This tool performs fully automatic
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Studies with radiologic reports that included the descriptive words
referring to interstitial lung disease between January 2015 and June
2021 (n=2864)
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No definite radiologic description for interstitial lung disease

Patients with radiologic reports of interstitial lung disease (n=1455)

(n=1409)

Excluding individuals with following criteria (n=987)
No follow-up CT over 24 months (n=429)

Study sample(n=468)
« absolute decline of % predicted FVC <5% (n=292)
* 5%z absolute decline of % predicted FVC <10% (n=78)
* 10%< absolute decline of % predicted FVC (n=98)

Fig. 1 Flowchart for the selection process of the study population

segmentation of the total lung parenchyma and each find-
ing (emphysema, GGO, consolidation, reticular opacity,
and honeycombing cysts) on input CT images and pro-
vides quantification results as percentages (%) of the total
lung volume. We extracted reticular opacity, GGO, and
honeycombing cysts as ILD CT findings. We defined (a)
fibrosis extent as the sum of reticular opacity and hon-
eycombing cysts and (b) the total ILD extent as the sum
of GGO, reticular opacity, and honeycombing cysts. One
thoracic radiologist (J.H.L.) applied this tool to all images
of the study sample and confirmed the completeness of the
segmentation of the software. No additional manual modi-
fications were made to the segmentation results. Changes
in each ILD finding, fibrosis extent, and the total ILD
extent between initial and follow-up CT images were then
calculated. The software’s segmentation performances
were reported to be in substantial concordance with those
of thoracic radiologists [34, 35].

Clinical information

The following clinical information was recorded by
searching electronic medical records: age, sex, clini-
cal diagnosis for ILD, FVC, and predicted FVC results
obtained within 3 months from the initial and follow-up
CT examinations, according to the American Thoracic
Society guidelines [36]. FVC was expressed as volume (L)
and percentage (%) of the predicted normal value. In this
study, the absolute decline of % predicted FVC between
initial and follow-up PFTs was used according to the
recent guideline [37].

To evaluate the prognostic value of CT quantification
results in PF-ILD, survival status and date of death were
acquired from a database of the Ministry of the Interior
and Safety, Korea. We assessed patients’ overall survival
(OS), defined as the interval from the date of initial CT
examination to the date of death from any cause. Survival
time was censored on September 28, 2022. For patients

Unavailable pulmonary function test within 3 months from CT (n=466)
Only CT examinations with acute exacerbation or pleural effusion (n=50)
Underwent lung surgery between initial and last CT (n=42)

who died, the time of censoring was defined as the date
of death.

Visual assessment of ILD progression

ILD progression on CT images was visually assessed by
thoracic radiologists as a reference standard independent
of PFT results. Two thoracic radiologists (J.H.L. and H.LP,
with 6 years of experience in ILD imaging) independently
reviewed the initial and follow-up CT images of the study
sample side-by-side and determined the progression of
ILD in a binary manner (progression or stability) based on
the following criteria [37]: (a) increased extent of severity
of traction bronchiectasis; (b) new ground-glass opacity
with traction bronchiectasis; (c) new or increased extent or
coarseness of reticular opacity; (d) new or increased hon-
eycombing; (e) increased lung volume loss. If their evalu-
ations agreed with each other, the consensus was used.
If their evaluations differed, a senior thoracic radiologist
(J.M.G. with 32 years of experience in ILD imaging) adju-
dicated the progression of ILD.

Statistical analyses

Baseline characteristics and ILD CT quantification
results are given as mean with standard deviation or
median with ranges according to normality testing.

The absolute decline of the predicted FVC (%) between
initial and follow-up PFTs was categorized as < 5%, > 5%
and <10%, or > 10%. Changes in the ILD quantification
between initial and follow-up CT images were compared
across these three FVC groups using the Kruskal-Wallis
test. The ILD quantification changes were also compared
according to the thoracic radiologists’ visual assessment
of ILD progression, using the Wilcoxon rank sum test.
The Spearman correlation coefficient was used to evalu-
ate the relationship between ILD quantification changes
and the absolute decline of % predicted FVC (both
treated as continuous variables).
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We calculated the optimal threshold of ILD quantifica-
tion changes for predicting absolute declines of the pre-
dicted FVC of 5% and 10%, as well as all-cause mortality,
using Youden’s index and the minimum p-value approach
for all-cause mortality.

Multivariable Cox proportional hazard regression analy-
ses were performed to evaluate the prognostic implica-
tions of deep learning—based CT quantification results
in PF-ILD. Since 5% and 10% absolute decline in FVC are
accepted as the standard for defining PF-ILD, Cox analy-
ses were performed using those criteria and adding a visual
assessment for ILD progression and changes in each ILD
finding, fibrosis extent, or the total ILD extent, adjusted
for sex, age, and initial predicted FVC (%). ILD quantifica-
tion changes were treated as categorical variables using the
optimal threshold described above. For these various Cox
regression models, we calculated the C-index using Uno’s
concordance statistic and statistically compared them with
the baseline model consisting of age, sex, initial predicted
FVC (%), and absolute decline of FVC > 5% or 10%.

As a sensitivity analysis, we separately performed the above
survival analyses (multivariable Cox proportional hazard
regression analyses and C-index calculation) in subgroups
with total ILD extents on initial CT of < 10% and > 10%.

All statistical analyses were performed using SPSS ver-
sion 21.0 (IBM Corp.), SAS version 9.4 (SAS Institute
Inc.), and R version 3.6.1. (R Project for Statistical Com-
puting), and a p-value of < .05 was considered to indicate
statistical significance.

Results

Baseline characteristics of study sample

In total, 468 individuals (239 men and 229 women; 64
+ 9.5 years) were included in this study. The clinical
diagnoses were IPF (n = 220, 47%), CTD-ILD (n = 148,
31.6%), idiopathic NSIP (n = 22, 4.7%), chronic hyper-
sensitivity pneumonitis (# = 5, 1.1%), cryptogenic organ-
izing pneumonia (n = 3, 0.6%), desquamative interstitial
pneumonia (# = 1, 0.2%), and unclassifiable ILD (n = 69,
14.7%) (Table 1). The initial and follow-up % predicted
FVCs were 81.3 + 18.1% and 78.3 + 20.5%, respectively.
Furthermore, 292 (62.4%), 78 (16.7%), and 98 (20.9%)
patients were categorized as having declines of < 5%, >
5% and < 10%, and > 10% in % predicted FVC, respec-
tively. The radiologists determined that 266 patients had
ILD progression (56.8%) (Supplementary Table 1). In a
total follow-up of 75 months (interquartile range [IQR],
59-84 months), 102 individuals (21.8%) died.

CT quantification results of ILD

The median interval between the initial and follow-up
CT scans was 44 months (IQR 33-56 months) (Table 1).
On initial CT, the quantification results were 3.9% for
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reticular opacity (range 0.1-24.9%), 1.0% for GGO (range
0.04-31.3%), 2.0% for honeycombing cysts (range 0.1
30.0%), 6.6% for fibrosis extent (range 0.2-42.7%), and
8.7% for total ILD extent (range 0.3—-51.8%). On follow-
up CT, the values were 4.9% for reticular opacity (range
0.04—41.1%), 0.9% for GGO (range 0.04—63.0%), 2.9% for
honeycombing cysts (range 0.1-52.2%), 6.7% for fibrosis
extent (range 0.2-76.3%), and 12.1% for total ILD extent
(range 0.3-84.5%). Representative cases of CT quantifica-
tion are presented in Figs. 2 and 3. The Spearman corre-
lation coefficients between the CT quantification results
and FVC decline are presented in Supplementary Table 2.

Change in CT quantification according to FVC decline

and visual assessment of ILD progression

According to groups categorized by the absolute decline
of % predicted FVC, each ILD finding (reticular opac-
ity 0.3%, 1.4%, and 3.3% in the < 5%, > 5% and < 10%,
and > 10% groups, respectively; GGO —0.2%, 0.1%, and
0.4%, respectively; honeycombing cysts 0.3%, 0.9%, and
3.3%, respectively), fibrosis extent (0.9%, 2.9%, and 8.1%,
respectively), and total ILD extents (0.9%, 4.2%, and 9.6%,
respectively) were significantly different; the increases in
CT findings were significantly higher in the group with a
large decrease in FVC (all p-values < .001) (Table 2). The
subgroup analysis (total ILD extent in initial CT, < 10%
and > 10%) is presented in Supplementary Tables 3 and
4, respectively.

According to the groups of ILD progression assessed
by visual assessments, each ILD finding (reticular opac-
ity —0.1% versus 1.9% in the absence and presence of ILD
progression, respectively, p < .001; GGO —0.1% versus
—0.01%, p = .04; honeycombing cysts 0.1% versus 1.7%,
p < .001), fibrosis extent (0.2% versus 4.9%, p < .001), and
total ILD extent (0.2% versus 5.3%, p < .001) were signifi-
cantly different and significant increases in CT findings
were observed in the group with visually assessed ILD
progression (Table 3).

Cox regression analysis

Cox regression analysis results for all-cause mortality are
described in Table 4. After adjustment for age, sex, and
initial % predicted FVC, increases in quantification val-
ues for reticular opacity (hazard ratio [HR] 1.577, 95%
confidence interval [CI] 1.04, 2.393, p = .03), honeycomb-
ing cysts (HR 1.739, 95% CI 1.142, 2.648, p = .01), fibrosis
extent (HR 1.844, 95% CI 1.165, 2.919, p = .01), or total
ILD extent (HR 2.484, 95% CI 1.565, 3.943, p < .001) were
significant prognostic factors for a > 5% absolute decline
of FVC. However, the addition of a visual assessment of
ILD progression (HR 1.159, 95% CI 0.693, 1.939, p = .57)
or increase in GGO (HR 1.364, 95% CI 0.899, 2.07, p =
.15) was not significant.
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Table 1 Baseline characteristics of the study sample and CT quantification values

Variables N =468

Age (years) 64+95

Sex (male) 239 (51.1%)

Clinical diagnosis
IPF 220 (47%)

CTD-ILD 148 (31.6%)
Idiopathic NSIP 22 (4.7%)
Chronic hypersensitivity pneumonitis 5(1.1%)
Cryptogenic organizing pneumonia 3(0.6%)
Desquamative interstitial pneumonia 1 (0.2%)
Unclassifiable ILD 69 (14.7%)

Pulmonary function test Initial Follow-up
FVC (L) 27+08 25+09
9% predicted FVC (%) 81.3+18.1 783 +20.5
Absolute decline in predicted FVC < 5% during follow-up 292 (62.4%)

Absolute decline in predicted FVC > 5% but < 10% during follow-up 78 (16.7%)
Absolute decline in FVC predicted value > 10% during follow-up 98 (20.9%)

CT quantification results Initial Follow-up
Reticular opacity (%) 3.9(0.1-24.9) 49 (0.04-41.1)
GGO (%) 0(0.04-31.3) 9 (0.04-63.0)
Honeycombing cysts (%) 2.0 (0.1-30.0) 29(0.1-52.2)
Fibrosis extent (%)? 6.6 (0.2-42.7) 7 (0.2-76.3)
Total ILD extent (%)° 8.7(0.3-51.8) 12.1(0.3-84.5)

CT interval (months)

ILD progression assessed by visual assessment
Overall follow-up (months)

Death

44 (interquartile range: 33, 56)
266 (56.8%)
75 (interquartile range: 59, 84)
102 (21.8%)

IPF idiopathic pulmonary fibrosis, CTD-ILD connective tissue disease—associated interstitial lung disease, NSIP nonspecific interstitial pneumonia, ILD interstitial lung

disease, FVC forced vital capacity, GGO ground-glass opacity
@ Sum of reticular opacity and honeycombing cysts

b Sum of reticular opacity, GGO, and honeycombing cysts

For a > 10% absolute decline of FVC, a visual assessment
of ILD progression (HR 1.64, 95% CI 1.007, 2.67, p = .047),
increases in each ILD extent (reticular opacity, HR 1.85, 95%
CI1.21,2.828, p =.01; GGO, HR 2.04, 95% CI 1.358, 3.064, p
< .001; honeycombing cysts, HR 1.932, 95% CI 1.286, 2.903,
p = .002), fibrosis extent (HR 2.918, 95% CI 1.906, 4.468, p <
.001), and total ILD extent (HR 3.125, 95% CI 2.014, 4.849, p
<.001) were all significant prognostic factors.

The optimal thresholds for increases in ILD quantification
are described in Supplementary Table 5. The results of Cox
regression analyses in the subgroup analysis (total ILD extent
on initial CT, < 10% and > 10%) are described in Supplemen-
tary Table 6 and Supplementary Table 7, respectively.

Added value of ILD CT quantification results

for the outcome.

A model with age, sex, initial % predicted FVC, and
absolute decline of FVC > 5% had a C-index of 0.772
(Table 5). When total ILD extent was added to this

model, the model’s C-index significantly increased to
0.795 (p = .04). A model with age, sex, initial % predicted
FVC, and absolute decline of FVC > 10% had a C-index
of 0.755. Adding fibrosis extent or total ILD extent signif-
icantly increased the C-index to 0.785 (p = .02) and 0.787
(p = .01), respectively. The corresponding results of the
subgroup analysis (total ILD extent on initial CT, < 10%
and > 10%) are described in Supplementary Tables 8 and
9, respectively.

Discussion

This study revealed that larger FVC declines (> 10% and
> 5%, which are currently used for the diagnosis and
prognosis of PF-ILD) and a visually assessed ILD progres-
sion were associated with significant increases in quanti-
fication results for each ILD finding, fibrosis extent, and
total ILD extent (all p-values < .05). Cox regression analy-
sis for all-cause mortality showed that increases in quan-
tified ILD CT features were all significant prognostic
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Fig. 2 Representative case of progressive fibrosing interstitial lung disease (PF-ILD) from a 69-year-old woman with connective tissue disease.

a Unenhanced axial CT images in the initial scan and (b) segmentation overlaying the initial CT images show the segmentation results

of ground-glass opacity (GGO) (yellow), reticular opacity (orange), and honeycombing cysts (red). The fibrosis and total ILD extents were 8.6%
(reticular opacity 6.3%, honeycombing cysts 2.3%) and 9.7% (GGO 1.1%, reticular opacity 6.3%, honeycombing cysts 2.3%), respectively. ¢
Unenhanced axial CT images in a 59-month follow-up scan and (d) segmentation overlaying the follow-up CT images. The fibrosis and total ILD
extents were 26.6% (reticular opacity 12.9%, honeycombing cysts 13.7%) and 27.0% (GGO 0.4%, reticular opacity 12.9%, honeycombing cysts
13.7%), respectively. The patient had an absolute decline of FVC of 25% during this period, and thoracic radiologists visually determined that these
two CT series indicated ILD progression. Eighty-five months after the initial CT scan, the patient died

factors (p-values < .05) even with adjustment for FVC
decline. However, a visual assessment of progression was
not a significant prognostic factor for a > 5% decline of
FVC. Additionally, the inclusion of fibrosis extent and
total ILD extent increased the C-index compared to the
models that only included age, sex, initial % predicted
FVC, and FVC decline (for > 5%, total ILD extent, not
fibrosis extent, was significant). This finding highlights
the added value of quantifying ILD CT features in pre-
dicting the outcomes of ILD.

Several studies have aimed to objectively quantify
fibrosis findings on CT. Some studies evaluated the
extent of fibrosis using a semi-quantitative scoring
method on CT in patients with IPF and demonstrated a
significant correlation with survival. Lynch et al [38] eval-
uated 315 patients with IPF from 58 institutions, and at
least two radiologists assessed the extent and severity of
reticular opacity, GGO, honeycombing, and attenuation
on CT, and then scored them according to the percentage

of the affected lung. A higher fibrosis score, combining
reticular opacity and honeycombing, was associated with
a higher mortality rate. Furthermore, Sumikawa et al [39]
evaluated CT scans of 98 patients with definite usual
interstitial pneumonia (UIP) based on ATS/ERS crite-
ria and scored the presence, extent, and distribution of
reticular opacity, consolidation, honeycombing, and trac-
tion bronchiectasis in each lung zone. They calculated
the percentage of the affected lung for each zone, scored
them, and defined a fibrosis score, and found that trac-
tion bronchiectasis and fibrosis scores were associated
with the prognosis.

However, it is noteworthy that these semi-quanti-
tative methods still have limitations because they rely
on expert’s visual assessment [39]. Hence, there was a
need for automated quantification of ILD CT features.
Indeed, recent studies have used automated quantifi-
cation systems to evaluate the degree of fibrosis. Park
et al [31] investigated the correlation between the



Koh et al. European Radiology Page 7 of 11

% % * —

Fig. 3 Representative case of stable interstitial lung disease (ILD) from a 64-year-old woman diagnosed with nonspecific interstitial pneumonia.

a Unenhanced axial CT images in the initial scan and (b) segmentation overlaying the initial CT images show the segmentation results

of ground-glass opacity (GGO) (yellow), reticular opacity (orange), and honeycombing cysts (red). The fibrosis and total ILD extents were 2.1%
(reticular opacity 1.6%, honeycombing cysts 0.5%) and 3.9% (GGO 1.8%, reticular opacity 1.6%, honeycombing cysts 0.5%), respectively. ¢
Unenhanced axial CT images in the 60-month follow-up scan and (d) segmentation overlaying the follow-up CT images. The fibrosis and total

ILD extents were 2.8% (reticular opacity 2.2%, honeycombing cysts 0.6%) and 4.6% (GGO 1.8%, reticular opacity 2.2%, honeycombing cysts 0.6%),
respectively. The patient had no absolute decline in FVC (less than 0%, due to measurement variability) during this period, and thoracic radiologists
visually determined that these two series showed ILD stability. The patient survived as of September 2022 (82 months later)

Table 2 Comparison of interstitial lung disease (ILD) CT quantification results according to the absolute decline of % predicted forced
vital capacity (FVQ)

Absolute decline of % predicted FVC

Increase in CT finding < 5% (n=292) > 5% and < 10% (n =78) >10% (n =98) p-value*
Reticular opacity (%) 03(=125,15.5) 14(=15.3,15.6) 3.3(=10.7,39.5) <.001
GGO (%) —0.2(=17.5,293) 0.1(=10.2,52.2) 04(-18.2,334) <.001
Honeycombing cysts (%) 03(=11.9,40.1) 09(=109,25.1) 33(—4.7,35.1) <.001
Fibrosis extent (%)? 09 (-16.6,42.9) 29(-15.0,30.9) 8.1 (=6.9,45.1) <.001
Total ILD extent (%)° 0.9(-21.0,63.0) 42(-16.0,41.9) 9.6 (=114,785) <001

Minimum and maximum values are shown in parentheses

Normality tests were performed using the Kolmogorov-Smirnov test

ILD interstitial lung disease, FVC forced vital capacity, GGO ground-glass opacity
*The Kruskal-Wallis test was used for statistical comparisons

2 Sum of reticular opacity and honeycombing cysts

b Sum of reticular opacity, GGO, and honeycombing cysts
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Table 3 Comparison of interstitial lung disease (ILD) CT quantification results according to the visual assessment for ILD progression

by thoracic radiologists

Increase in CT finding Absence of ILD progression (n = 202) Presence of ILD progression (n = 266) p-value*
Reticular opacity (%) —0.1(=15.3,84) 1.9 (=10.7,39.5) <.001
GGO (%) —0.1(=17.5,52.2) —0.01(-18.2,33.4) 04
Honeycombing cysts (%) -11.9,16.1) 1.7 (=84,40.1) <.001
Fibrosis extent (%)? —16.6,12.7) 49(-6.9,45.1) <.001
Total ILD extent (%)° —21.0,41.9) 53(=16.0,78.5) <.001

Minimum and maximum values are shown in the parentheses

Normality tests were performed using the Kolmogorov-Smirnov test

ILD interstitial lung disease, GGO ground-glass opacity

*The Wilcoxon rank sum test was used for statistical comparisons

@ Sum of reticular opacity and honeycombing cysts

b Sum of reticular opacity, GGO, and honeycombing cysts

Table 4 Cox regression analysis for all-cause mortality with adjustment of age, sex, and initial % predicted forced vital capacity (FVC)

Variables Hazard ratio p-value
Absolute decline of FVC > 5% 3445 (2.171,5.467) <.001
Visual assessment for ILD progression (reference: no) 1.159 (0.693, 1.939) 57
Absolute decline of FVC > 5% 3.120(1.997, 4.876) <.001
Increase in reticular opacity (reference: no) 1.577 (1.040, 2.393) 03
Absolute decline of FVC > 5% 3454 (2.253,5.293) <.001
Increase in GGO (reference: no) 1.364 (0.899, 2.070) 15
Absolute decline of FVC > 5% 3.307 (2.157,5.072) <.001
Increase in honeycombing cysts (reference: no) 1.739(1.142, 2.648) 01
Absolute decline of FVC > 5% 3.030(1.951, 4.708) <.001
Increase in fibrosis extent (reference: no) 1.844 (1.165,2.919) 01
Absolute decline of FVC > 5% 2.624 (1.676,4.109) <.001
Increase in total ILD extent (reference: no) ® 2484 (1.565,3.943) <.001
Absolute decline of FVC > 10% 2212 (1.464, 3.343) <.001
Visual assessment for ILD progression (reference: no) 1.640 (1.007, 2.670) 047
Absolute decline of FVC > 10% 1.970(1.278,3.035) 002
Increase in reticular opacity (reference: no) 1.850 (1.210, 2.828) 0.01
Absolute decline of FVC > 10% 2.179 (1.449,3.276) <.001
Increase in GGO (reference: no) 2.040 (1.358, 3.064) <.001
Absolute decline of FVC > 10% 2.224(1.483,3.336) <.001
Increase in honeycombing cysts (reference: no) 1.932(1.286, 2.903) 002
Absolute decline of FVC > 10% 1.722 (1.125, 2.636) 01
Increase in fibrosis extent (reference: no) 2.918 (1.906, 4.468) <.001
Absolute decline of FVC > 10% 1.652 (1.08, 2.526) 02
Increase in total ILD extent (reference: no) ° 3.125(2.014, 4.849) <.001

Lower and upper 95% confidence intervals are shown in the parentheses

FVC forced vital capacity, ILD interstitial lung disease, GGO ground-glass opacity

CT quantification results are treated as categorical values using optimal cut-offs values by Youden’s index for absolute 5% and 10% decline of % predicted FVC

2 Sum of reticular opacity and honeycombing cysts
b Sum of reticular opacity, GGO, and honeycombing cysts



Koh et al. European Radiology

Page 9 of 11

Table 5 Added value of CT quantification results to the change in absolute decline of % predicted forced vital capacity (FVC) for all-

cause mortality

Baseline model Add of CT quantification results C-index Standard error p-value
Age + sex + initial % predicted FVC  Visual assessment for ILD progression 0.772 0.003 99
+ absolute decline of FVC > 5% Increase in reticular opacity 0.784 0.008 14
(C-index, 0.772) )
Increase in GGO 0.776 0.005 43
Increase in honeycombing cysts 0.779 0.006 32
Increase in fibrosis extent? 0.786 0.008 09
Increase in total ILD extent® 0.795 0.011 04
Age + sex + initial % predicted FVC  Visual assessment for ILD progression 0.756 0.008 84
+absolute decline of FVC210%  |crease in reticular opacity 0.770 0010 13
(C-index, 0.755) )
Increase in GGO 0.765 0.011 35
Increase in honeycombing cysts 0.764 0.008 28
Increase in fibrosis extent? 0.785 0.013 02
Increase in total ILD extent® 0.787 0.013 01

Uno's concordance statistic was used for the model’s C-index

FVC forced vital capacity, ILD interstitial lung disease, GGO ground-glass opacity
2 Sum of reticular opacity and honeycombing cysts

b Sum of reticular opacity, GGO, and honeycombing cysts

quantification of fibrosis range in CT scans of patients
with IPF and FVC decline and found that only reticu-
lar opacity was a significant predictor of FVC decline
of over 10% after 1 year. In another study [32], super-
vised classification models were used to quantify GGO,
reticular opacity, and honeycombing in 57 patients with
IPFE. That study found that an increase in reticular opac-
ity within 7 months was significantly associated with
changes in FVC and DLco, and the total increases of
reticular opacity, honeycombing, and GGO were asso-
ciated with FVC changes. In a study on non-IPF ILDs,
Goldin et al [33] reported that the quantification val-
ues of fibrosis, GGO, and honeycombing improved in
142 patients with scleroderma-associated ILD who
were treated with cyclophosphamide or mycopheno-
late compared to placebo. Thus, several studies have
attempted to quantify the extent of IPF or non-IPF
ILDs using automated quantitative software. However,
no studies to date have investigated changes in the ILD
extent on CT scans based on deep learning technol-
ogy, especially in relation to the FVC criteria of 5% and
10% for PF-ILD. Furthermore, no studies have exam-
ined the relationship between these factors and mortal-
ity rates. Therefore, this study is valuable insofar as it
addressed this gap in the literature using a deep learn-
ing technique.

The limitations of this study include its retrospective
nature, which introduces the possibility that quantitative
ILD CT findings may be influenced by different CT ven-
dor machines, and variations in CT technical parameters
such as slice thickness, reconstruction protocols, and

the presence of contrast enhancement. These factors can
result in heterogeneity and variations in the analysis of
CT images. Additionally, the intervals between initial and
follow-up CT scans were not consistently standardized.
Future studies using consistent intervals between initial
and follow-up CT might obtain more reliable and com-
parable results. Furthermore, this study utilized only one
quantification software tool, and there is currently no
evidence for the consistency of results when using other
quantification tools. Further research should address
this issue. Finally, we did not conduct direct comparative
analyses between the deep learning—based CT quantifi-
cation results and the visual assessment by radiologists.
Since the visual assessment by radiologists is regarded as
the reference standard for determining ILD progression
in real-world clinical settings, we assessed the changes
in ILD CT features according to this reference standard
(Table 3). Nevertheless, it is important to acknowledge
that this study has limitations in that we did not verify
the added value of ILD quantification results to radiolo-
gists’ assessments in determining ILD progression.

In conclusion, we demonstrated that patients with
larger FVC declines, using the PF-ILD criteria of FVC
decline > 10% and > 5%, exhibited a significant increase
in quantified ILD CT findings using a deep learning
technique. Additionally, quantified ILD features were
identified as independent predictors of the progno-
sis of ILD. Consequently, the quantification of ILD CT
features using deep learning might be valuable in the
future, serving as an important method of defining and
predicting the prognosis of PF-ILD.
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Abbreviations

cl Confidence interval

CTD-ILD  Connective tissue disease-associated interstitial lung disease
DLco Diffusing capacity of the lung for carbon monoxide
FvC Forced vital capacity

GGO Ground-glass opacity

HR Hazard ratio

HRCT High-resolution CT

ILD Interstitial lung disease

IQR Interquartile range

IPF Idiopathic pulmonary fibrosis

NSIP Nonspecific interstitial pneumonia

PF-ILD Progressive fibrosing interstitial lung disease

PFT Pulmonary function test

ulp Usual interstitial pneumonia
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