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INTRODUCTION

Diffuse interstitial lung disease (DILD) is a heterogeneous 
group of fibrotic lung diseases with a complex variety of 
imaging and clinical features. Radiologic exams, especially 
high resolution computed tomography (HRCT), have a 
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key role in the diagnosis and follow-up of DILD. However, 
the interpretation of HRCT of DILD requires much clinical 
experience; DILD HRCTs are interpreted qualitatively 
with an inherent degree of subjectivity and the various 
DILDs are differentiated only by subtle changes in the 
lung parenchyma, with complexity of the various imaging 
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features and characteristic distribution within the lung. It 
is well known that the inter-observer agreements for the 
diagnosis of DILD are moderate even among experienced 
chest radiologists (1, 2). To overcome these limitations, the 
objective and reproducible assessment of DILD HRCTs using 
automated quantification systems have been proposed 
and their usefulness regarding the diagnosis, follow-up of 
disease or prediction of patients’ survival has been reported 
(3-6). Recently, the deep learning based classifier was 
applied in the classification of the regional pattern of DILD, 
and it showed good performance (7). 

The content-based image retrieval (CBIR) system is an 
image search engine with tools for classifying, indexing, 
and retrieving images from the database that depict similar 
imaging appearances. In the application of CBIR in DILD, 
the automated quantification and classification of regional 
disease patterns of DILD in HRCT can be integrated into the 
measurement of the similarity index. As the interpretation 
of HRCT of DILD requires a lot of experience, the searching 
for similar CT images from the CT database with confirmed 
diagnosis based on the objectively measured similarity 
index would be helpful for radiologists in accurately 
diagnosing DILD and reducing reading time. By presenting 
similar CT images, rather than presenting the scores of the 
quantified results, CBIR is a more intuitive way to identify 
similar CT images. CBIR system for HRCT of DILD is also in 
accordance with the actual clinical diagnostic workflow of 
radiologists searching for similar CT images in textbooks, 
journals, and personal databases. However, until now the 
CBIR system has rarely been applied to chest CT imaging, 
including HRCT of DILD (8-10). 

We have developed a fully-automated CBIR by 
incorporating the deep convolutional neural network (CNN)-
based pattern classification for CT images of DILD. In this 
study, we aimed to assess the performance of our CBIR 
system for retrieving similar CTs as query CTs in DILD, and 
visually assess the similarities between the retrieved CTs 
and the query CTs.

MATERIALS AND METHODS

This retrospective study was approved by the Institutional 
Review Board of Asan Medical Center which waived the 
requirement for patient informed consent.

CT Database for CBIR
Altogether, 492 HRCTs from 246 patients with DILD were 

collected for the CBIR database, which included patients 
with three different disease classes, including 100 patients 
with usual interstitial pneumonia (UIP), 101 patients with 
nonspecific interstitial pneumonia (NSIP), and 45 patients 
with cryptogenic organic pneumonia (COP). The 492 HRCTs 
consisted of 246 pairs of HRCT which contained the initial 
and follow-up (within two years) HRCTs of the same patient. 
The 101 patients were diagnosed based on histologic results 
of surgical biopsy and 145 patients were diagnosed through 
a multidisciplinary approach. Patients with collagen vascular 
disease, or occupational lung disease were not included 
in this study. HRCT scans were performed in both supine 
and prone positions at full inspiration without contrast 
materials, and CT images obtained in the supine position 
were only used for analysis (Supplementary Materials). 
A radiologist (6-years of experience) reviewed all of the 
pairs of HRCTs in order to evaluate the stability of the 
parenchymal abnormalities of DILD and rated them using 
four types of score (0, exactly same; 1, same; 2, similar; 
and 3, progress or improvement of disease observed). 

Development of CBIR for DILD
Lung segmentation on HRCT was performed using our 

method with deep CNN (11). To classify the regional 
disease patterns of DILD in HRCT, we utilized our two-
dimensional fully automated DILD classifier using CNN (7) 
(Supplementary Materials). HRCT datasets not included 
in the database used in this study were used for the 
development of the CNN algorithm for lung segmentation 
of HRCT and classification of regional disease patterns of 
DILD on HRCT in previous studies (7, 11). After applying 
lung masks, we performed a pixel-level disease pattern 
classification using the DILD classifier and each slice of 
HRCT scan was classified into six classes of DILD disease 
patterns (honeycombing, reticular opacity, emphysema, 
ground-glass opacity, consolidation and normal lung) (Fig. 
1). Therefore, we obtained the regional fraction of DILD 
disease patterns in each slice of HRCT scans. 

To quantify the spatial distribution of the disease 
patterns, we divided each x-, y-, and z-axis of the lung 
volume in HRCT into a quarter at the regular intervals, and 
thus divided the whole lung volume into 64 cuboids (4x x 
4y x 4x). We calculated the fraction of each of the six DILD 
patterns in each cuboid. As a result, each CT scan had 384 
features (64 cuboids x 6 image patterns) thus comprising 
a unique feature for each CT scan (Fig. 2). Similarity was 
calculated from the Euclidian distance among the feature 
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vectors of the CT images to be compared. For example, the 
most similar images would have the least distance between 
their feature vectors, and vice versa. 

The feature extraction was performed in all CTs of the 
database through the above process, and the results were 
indexed in CBIR system. Then, given the query CT given 
to the CBIR system, the top five similar CTs were retrieved 
from the database in descending order by calculating 
similarities with the query CT, and displayed the user 
interface (Fig. 1).

Assessment of Retrieving Accuracy
For assessment of the accuracy of CBIR in retrieving 

similar CTs, we defined similar CTs as the pairs of HRCTs 
with stable parenchymal abnormalities. The query cases 
were selected from the 132 pairs of HRCTs with stability 
scores of 0 to 1, and sixty cases (30 UIP cases, 20 NSIP 
cases, and 10 COP cases; 6 cases with score 0 and 54 
cases with score 1) were used for the queries. For a given 
query HRCT, the top 1–5 similar CTs as a given query in 
descending order were retrieved from the database of 491 
HRCTs (except a given query HRCT from the database of 492 
HRCT) by comparing the calculated similarity by CBIR. For 
assessing the retrieval accuracy of CBIR, we assessed the 
rates of retrieving the same pairs of a query CT, and the 
number of CTs which were classified with the same disease 
class as a query CT in recalled top 1–5 CTs. The performance 
of CBIR was also evaluated according to the disease 
patterns.

Visual Similarity Assessment
The visual similarity assessment of the retrieved five 

CTs and the query CT was independently performed by 

Normal
Honeycombing
Ground-glass opacity
Consolidation
Emphysema
Reticular opacity

Database 492 CTs

Quantification of six patterns of DILD using CNN

Feature distance (similarity)
evaluation from database

Query CT data

Similar image retrieval on user interface

Feature extraction

Fig. 1. Schematic flow diagram of our CBIR system. Lung 
segmentation on HRCT was automatically performed and six image 
patterns (honeycombing, reticular opacity, emphysema, ground-glass 
opacity, consolidation and normal lung) of DILD were quantified by the 
CNN. Feature extraction was performed by calculating the fraction of each 
of the six DILD patterns (Fig. 2) in all the CTs from the database. After 
calculation of the feature distance (similarity) from the Euclidian distance 
among the feature vectors of query CT and CTs of the database, the CBIR 
system retrieved five similar CTs based on the calculated similarity in a 
descending order. It displayed query CT image and retrieved CT images 
one-by one and side-by-side on the user interface. CBIR = content-based 
image retrieval, CNN = convolutional neural network, DILD = diffuse 
interstitial lung disease, HRCT = high resolution computed tomography

Normal voxel counts Honeycombing voxel counts Reticular opacity voxel counts

DILD quantification

Lung voxel counts Lung voxel counts

64 cuboids (4 x 4 x 4) x 6 image patterns
  = 384 features
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Fig. 2. Feature extraction of the HRCT patterns with DILD for similarity calculation. After dividing each three-dimensional lung volume 
of a CT scan into 64 cuboids (4x x 4y x 4x), the fraction of each of the six DILD patterns in each cuboid was calculated. As a result, each CT scan 
had 384 features (64 cuboids x 6 image patterns), which comprise a unique feature for each CT scan. 
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three chest radiologists (with 25, 15, and 12 years of 
experience, respectively). The query CT and retrieved CTs 
were displayed and compared one-by-one and side-by-side 
using the dedicated in-house interface (Coreline Soft) (Fig. 
1). The five retrieved CTs were displayed in random order 
next to the query CT, not in the order of the calculated 
similarity. Radiologists were blinded to the CT’s diagnosis, 
and patients’ information. The similarity was subjectively 
graded using the 5-scale scoring system. The definition of 
the similarity score is described in Table 1. 

Statistical Analysis
The rates of retrieving the same pairs of query CTs and the 

number of CTs with the same disease classes of DILD as the 
query CT in the retrieved top 1–5 CTs were compared among 
the three disease classes using Pearson’s chi-square test. 
Similarity scores were compared among the top 1–5 CTs and 
among three disease classes using the Kruskal-Wallis test. 
Post hoc analysis with Mann-Whitney test was performed. 
Bonferroni’s correction was performed for multiple 
comparisons. The statistical analyses were performed using 
SPSS version 21.0 (IBM Corp.). Inter-reader agreement of 
three radiologists for similarity scores of the retrieved CTs 
were assessed using the weighted k statistics in MedCalc 
version 19.2.0 (MedCalc Software). The k values were 
interpreted as slight (0–0.20), fair (0.21–0.40), moderate 
(0.41–0.60), good (0.61–0.80), or excellent (0.81–1.0) (12). 
A p value < 0.05 was considered to indicate a statistical 
significance. 

RESULTS

Retrieving Accuracy of CBIR System
The rate of retrieving the same pairs of query CTs was 

61.7% (37/60) in the top 1 retrieval, 76.7% (46/60) in 
the top 1–3 retrievals, and 81.7% (49/60) in the top 1–5 

retrievals (Table 2, Fig. 3). Our CBIR system retrieved 
93.3% of the top 1 retrievals from the same disease class 
as the query CT, and it retrieved an average of 4.17 of five 
retrieved similar CTs from the same disease class (83.2%). 
The CBIR system performed better in CTs with the UIP 
pattern than in CTs with other disease patterns. Of the 30 
queries with the UIP pattern, CBIR retrieved the same pairs 
of the 24 query CTs in the top 1 retrieval (80.0%) and the 
same pairs of the 29 query CTs in the top 1–5 retrievals 
(96.7%). The retrieving rate of the same pairs of the query 
CTs in the top 1–5 was significantly higher in UIP cases 
(96.7%) compared to NSIP (70.0%) and COP (60.0%) cases 
(p = 0.008 and 0.002). The retrieving rate of the same pairs 
of the query CTs in the top 1–5 of the NSIP and COP cases 
were not significantly different (p = 0.584). The rate of 
retrieving CTs with the same disease class as the query CT 
in the top 1–5 were also significantly higher in UIP (88.7%) 
and NSIP (90.0%) cases than in COP (54.0%) cases (UIP 
vs. COP, p < 0.001 and NSIP vs. COP, p < 0.001). The CBIR 
system always retrieved the CTs with the same disease class 
as the query CT for the top 1 retrieval in cases with UIP or 
NSIP patterns (30/30 for the UIP pattern and 20/20 for the 
NSIP pattern). However, in the COP pattern, it retrieved 
the CTs with the same disease group as a top 1 retrieval in 
six of 10 queries. The CBIR system retrieved three CTs with 
the NSIP pattern and one CT with the UIP pattern as top 1 
retrievals in the 10 queries with the COP pattern.

Similarity Scores by Three Thoracic Radiologists
Three radiologists rated 71.3% to 73.0% of the retrieved 

CTs with a similarity score of 4 or 5 (Figs. 4, 5). They rated 
86.7% to 90.0% of top 1 retrieved CTs with a similarity 
score of 4 or 5 (Table 3). The mean similarity scores of the 
top 1–5 retrieved CTs were 3.88 ± 0.98 overall, which is 
close to a score of 4, thus indicating that “it is classified 
as the same disease, subjectively.” The similarity score was 

Table 1. Definition of Similarity Score

Score 5
The presence of the regional disease patterns (honeycombing, reticulation, ground-glass opacity, consolidation, emphysema, 
  normal looking lung), as well as the regional distribution and the regional extent are almost identical. 

Score 4
The presence of the regional disease patterns is almost identical, although there are differences in the regional distribution 
  and the regional extent. However, it is subjectively classified to be the same disease.

Score 3
Some of the regional disease patterns are identical. The regional distribution or the regional extent differ. Radiologically, 
  the likelihood of the same disease is approximately half.

Score 2
There are two inconsistencies in the regional disease patterns, the regional distribution, and the extent of disease patterns. 
  It is more likely to be a different disease than the same disease.

Score 1
The regional disease patterns, the regional distribution, and the regional extent are different and appear to be a different 
  disease.
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Table 2. Retrieval Accuracy of the Content-Based Image Retrieval System
Measurement Total (n = 60) UIP (n = 30) NSIP (n = 20) COP (n = 10)

Presence of the same pair (%)
Top 1 37 (61.7) 24 (80.0) 10 (50.0) 3 (30.0)

Top 1–3 46 (76.7) 27 (90.0) 14 (70.0) 5 (50.0)

Top 1–5* 49 (81.7) 29 (97.0) 14 (70.0) 6 (60.0)

The number of CTs with the same disease class in recalled top, n (%)

Top 1 56 (93.3) 30 (100.0) 20 (100.0) 6 (60.0)

Top 1–3 154 (85.6)‡ 82 (91.1) 54 (90.0) 18 (60.0)

Top 1–5† 250 (83.3)§ 133 (88.7) 90 (90.0) 27 (54.0)

Presence of the same class in the recalled top, n (%)

Top 1 56 (93.3) 30 (100) 20 (100) 6 (60.0)

Top 1–3 60 (100) 30 (100) 20 (100) 10 (100)
Top 1–5 60 (100) 30 (100) 20 (100) 10 (100)

*Pearson’s chi-square test for the presence of the same pair in top 1–5 among the three disease classes: UIP vs. NSIP vs. COP, p = 0.009; 
UIP vs. NSIP, p = 0.008; UIP vs. COP, p = 0.002; and NSIP vs. COP, p = 0.584, †Pearson’s chi-square test for the number of CTs with the 
same disease class in top 1–5 among the three disease classes: UIP vs. NSIP vs. COP, p < 0.001; UIP vs. NSIP, p = 0.455; UIP vs. COP, 
p < 0.001; and NSIP vs. COP, p < 0.001, Significance level of 0.0167 takes into account the Bonferroni’s correction for Pearson’s chi-
square test, ‡The number of denominator is changing to 180 (= 60 x 3) for top 1–3 due to the category of measurement, §The number of 
denominator is changing to 300 (= 60 x 5) for top 1–5 due to the category of measurement. COP = cryptogenic organizing pneumonia, 
NSIP = nonspecific interstitial pneumonia, UIP = usual interstitial pneumonia

Fig. 3. Example of retrieval of HRCTs similar to query CT using our CBIR system. The query CT shows lower lobe predominant reticulation, 
minimal honeycombing and mild ground-glass opacities with traction bronchiectasis in the subpleural areas of both lower lobes and both upper 
lobes. (a-e) Images represent the retrieved five similar CTs based on the measured similarity in descending order using the CBIR system. (a) Our 
CBIR system retrieved the pair (follow-up CT) of query CTs as the top 1 retrieval. (b-e) CT images of top 2 to top 5 retrievals also show quite 
similar CT patterns and distribution of the pulmonary parenchymal abnormalities of DILD. The query case and retrieved cases were diagnosed as 
DILD with UIP pattern. In the visual similarity assessment, two chest radiologists rated the similarity scores of the top 1 to 5 as 5, 5, 4, 4, and 4, 
respectively, and the other chest radiologist as 5, 5, 5, 4, and 5. UIP = usual interstitial pneumonia
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different among the top 1–5 retrievals (p < 0.001); it was 
highest in the top 1 retrieval, followed by the top 2, top 
3, top 5, and top 4 retrievals. The similarity score differed 
significantly among three disease classes (p < 0.001), and it 
was highest in the UIP cases followed by the NSIP pattern 
and the COP pattern (Table 4). In post-hoc analysis, the 
similarity score was significantly higher in the UIP cases 
compared to the COP cases in two readers and compared 
to the NSIP cases in two readers (p ≤ 0.001, respectively). 
Observer agreement for similarity score is shown in Table 5. 
The weighted k values for similarity scores were moderate.

DISCUSSION

Our CBIR system enables retrieval of similar CT images 
by objective inter-case similarity assessment of DILD CTs. 
The CBIR system retrieved 4.17 of five similar CTs from the 
same disease class (83.2%). It retrieved the same pairs of 
query CTs as top 1 retrieval in 37 of 60 queries (61.7%) and 
as top 1–5 retrievals in 49 of 60 queries (81.7%). Thoracic 
radiologists rated 71.3% to 73.0% of the retrieved CTs with 

a similarity score of 4 or 5 (scores indicating ‘classified to 
be the same disease’ or ‘almost identical,’ respectively).

A large amount of medical imaging data is stored in 
the picture archiving and communication system (PACS); 
however, searching for similar images from PACS is 
challenging. Thus, there have been attempts to apply the 
concept of CBIR to medical imaging (13-18). However, 
CBIR has been rarely applied to chest CT (8, 13). In the 
study by Depeursinge et al. (8), the three-dimensional-
based automated categorization of the lung in HRCT was 
applied in their CBIR, and retrieving of similar cases was 
enabled based on the proportions of categorized lung as 
well as clinical information. In this study by Aisen et al. 
(13), they investigated whether “automated search and 
selection engine with retrieval tools” can aid radiologists 
in the interpretation of chest CT images. However, the 
number of cases in the database of previous studies (128 
cases and 173 cases, respectively) were too small to assess 
the performance of CBIR. Besides, the similarity between 
retrieved CTs and query CTs was not precisely evaluated.

It is difficult to evaluate the performance of CBIR for 

Fig. 4. Example of retrieval of HRCTs similar to query CT using our CBIR system. The query CT shows upper lobe dominant centrilobular 
and paraseptal emphysema and lower lobe predominant diffuse ground-glass opacity, reticulation, and mild traction bronchiectasis in both lungs 
which suggest DILD with a desquamative interstitial pneumonia pattern or atypical UIP pattern or NSIP pattern. The query case was confirmed 
as UIP pattern with clinical data, HRCT features, and histologic results. (a-e) Among five retrieved similar CTs, our CBIR system retrieved the pair 
(follow-up CT) with query CT as (c) the top 3 retrieval. CT images of the retrieved cases show quite similar distribution of upper lobe predominant 
emphysema and lower lobe predominant ground-glass opacity and reticulation. All retrieved cases were diagnosed as having a UIP pattern. For 
visual similarity scores, two chest radiologists rated the top 1 to 5 searches as 4, 4, 5, 4, and 4, respectively, and the other chest radiologist as 5, 
4, 5, 4, and 4. NSIP = nonspecific interstitial pneumonia
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retrieving similar CTs because assessing the similarity 
of CT images is conceptual and prone to subjectivity. To 
overcome these difficulties, we designed a multi-level 
performance assessment of CBIR. First, we prepared HRCT 
pairs with DILD comprised of initial and follow-up HRCTs. 
Our CBIR showed good performance for retrieving the same 
pairs of query CTs from the database. Secondly, we tested 
if the CBIR retrieved the same disease cases, which were 
confirmed by multidisciplinary diagnosis. The CBIR retrieved 
4.17 of the five retrievals (83.3%) from the same disease 
class as queries on average. Therefore, this system can be 

considered to be able to accurately search CTs similar to the 
query CT.

Although our CBIR system showed good performance in 
retrieving CTs with the same disease class as the query CTs 
by comparing the objectively quantified similarity, it is also 
important whether the radiologists accept the retrieved 
CTs as similar images with queries. In our study, thoracic 
radiologists assessed the CTs retrieved by CBIR as quite 
similar to query CTs and rated them as being classifiable 
to the same disease class as the query CTs. The similarity 
scores given by the radiologists were also in agreement with 

Fig. 5. Mean similarity scores of the retrieved five similar CTs assessed by the three thoracic radiologists. The query CT shows 
ground-glass opacity and mild traction bronchiectasis in both lower lobes which are indicative of a NSIP pattern. The query case was confirmed 
as NSIP based on HRCT features and histologic result. Among the five retrieved similar CTs, the mean similarity score was highest in (a) the top 1 
retrieval which was the pair with query CT. The mean similarity score was lowest in (e) the top 5 retrieval with score 3.33. All of the five similar 
CTs retrieved by CBIR were HRCTs with NSIP pattern.

Table 3. Similarity Scores of Top 1–5 Retrieved CTs

Top N
CTs with Similarity Score ≥ 4 Similarity Score*

Reader 1 Reader 2 Reader 3 Overall Reader 1 Reader 2 Reader 3 Overall
Top 1 (60) 54 (90.0) 54 (90.0) 52 (86.7) 160 (88.9) 4.60 ± 0.72 4.52 ± 0.77 4.45 ± 1.00 4.52 ± 0.84
Top 2 (60) 46 (76.7) 43 (71.7) 47 (78.3) 136 (75.6) 4.08 ± 1.00 4.02 ± 0.95 3.78 ± 1.12 3.96 ± 1.03
Top 3 (60) 41 (68.3) 39 (65.0) 44 (73.3) 124 (68.9) 3.85 ± 0.86 3.80 ± 0.82 3.67 ± 1.04 3.77 ± 0.91
Top 4 (60) 38 (63.3) 39 (65.0) 36 (60.0) 113 (62.8) 3.68 ± 0.81 3.65 ± 0.76 3.35 ± 1.12 3.56 ± 0.92
Top 5 (60) 40 (66.7) 39 (65.0) 39 (65.0) 118 (65.6) 3.72 ± 0.80 3.57 ± 0.83 3.53 ± 1.00 3.61 ± 0.89
Total (300) 219 (73.0) 214 (71.3) 218 (72.7) 651 (72.3) 3.99 ± 0.90 3.91 ± 0.89 3.76 ± 1.10 3.88 ± 0.98

Data are number of CTs with the similarity score more than or equal to 4 except similarity scores which are the means ± standard 
deviations. Data in parentheses are percentages. *Kruskal-Wallis test showed that the similarity scores of three radiologists were 
significantly different among the Top 1 to 5 retrievals, respectively (p < 0.001).
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the order of similarity given by the CBIR system. Therefore, 
the similarity specified by the CBIR seems to be similar to 
the visual similarity determined by thoracic radiologists.

Our CBIR system showed different performances 
depending on the disease class of DILD; it showed better 
performance in the UIP or NSIP cases than in the COP 
pattern. The similarity scores by radiologists were also 
higher in the UIP and NSIP patterns than in the COP 
pattern. This difference may be due to the slight altered 
extent of the lung lesion after treatment on follow-up 
CT in some COP cases, although the radiologist rated the 
stability score as ‘same.’ Moreover, fewer number of COP 
cases were included in the database compared to other 
disease patterns. Using the database with a relatively 
small number of COP pattern, CBIR might select the other 
disease patterns for some cases of top 1–5 similar CTs, and 
that might result in the lower similarity score given by the 
thoracic radiologists. Therefore, due to the limited number 
of COP cases, the retrieving performance of CBIR with COP 
cases could be poor compared to cases with other patterns. 
The performance of our CBIR system according to the DILD 
patterns should be evaluated with a larger database. 

By presenting similar cases of DILD for reviewing at a 
single time the CBIR system has potential in many areas 
such as self-learning and educating students, radiologists, 
and clinicians. Furthermore, if the CBIR system is linked 
to the medical records system, it can contribute to better 
treatment decisions by providing comprehensive information 
regarding treatment options and effects, as well as the 
prognosis of cases similar to those of the patient. It has 
been reported that combining imaging features with text 
data improves the accuracy of the case search (19). Also, 
new studies can be conducted by enabling statistical 
research based on identifying similar patterns of DILD CT 
images. In addition to the typical CT findings of each DILD, 
various CT findings are presented, even in the same DILD 
disease class. Therefore, CBIR can be used to classify image-
based phenotypes showing different image features even in 
the same disease class, and then the research according to 
these new image-based phenotypes may also be conducted. 

Our study has several limitations. First, our research 
was performed with a limited dataset consisting of three 
disease patterns that are frequently encountered in 
clinical practice. However, in addition to the above three 
patterns, DILD includes various other disease patterns and 
it is often difficult to make a differential diagnosis. Thus, 
it is necessary to evaluate the performance of our CBIR 
using a dataset containing a larger number of cases with 
various DILD patterns. Second, our research was performed 
with our own private database obtained using our CT 
protocol. Therefore, the CBIR could be difficult to apply 
to different study protocols. Third, the effect of CBIR on 
the clinical workflow was not evaluated. Computer-aided 
image interpretation has been reported to substantially 
enhance diagnostic sensitivity in various diseases (20-
23). Thus, the impact of CBIR on diagnostic performance 
should be evaluated in future studies. Fourth, clinical 
parameters, such as patient age, or sex, were not provided 
in our CBIR. Clinical parameters as well as the similarity 

Table 5. Inter-Reader Agreement of the Three Chest Radiologists for Similarity Scores
Top N Reader 1 vs. Reader 2 Reader 2 vs. Reader 3 Reader 3 vs. Reader 1

Overall 0.542 (0.472–0.612) 0.496 (0.429–0.564) 0.541 (0.477–0.605)
Top 1 0.724 (0.594–0.854) 0.701 (0.565–0.837) 0.618 (0.478–0.758)
Top 2 0.477 (0.320–0.634) 0.439 (0.285–0.594) 0.513 (0.387–0.639)
Top 3 0.311 (0.141–0.481) 0.297 (0.155–0.439) 0.364 (0.194–0.535)
Top 4 0.461 (0.282–0.641) 0.404 (0.246–0.561) 0.522 (0.388–0.656)
Top 5 0.492 (0.334–0.649) 0.401 (0.200–0.603) 0.406 (0.210–0.603)

Data are k values, with weighted 95% confidence intervals in parentheses.

Table 4. Similarity Scores in the Three Disease Classes
Reader UIP NSIP COP P*

Overall 4.08 ± 0.84 3.78 ± 1.00 3.50 ± 1.16 < 0.001
Reader 1 4.18 ± 0.83 3.87 ± 0.91 3.64 ± 0.99 0.001
Reader 2 4.09 ± 0.79 3.75 ± 0.91 3.70 ± 1.02 0.005
Reader 3 3.98 ± 0.89 3.72 ± 1.17 3.16 ± 1.40 < 0.05

Data are presented as the mean ± standard deviation. *Similarity 
scores of each radiologist were compared among the three disease 
groups using the Kruskal-Wallis test, Post-hoc analysis with the 
Mann Whitney test was performed to compare the similarity scores 
between the two groups, Reader 1: UIP vs. NSIP, p = 0.006; UIP 
vs. COP, p = 0.001; NSIP vs. COP, p = 0.189. Reader 2: UIP vs. 
NSIP, p = 0.004; UIP vs. COP, p = 0.019; NSIP vs. COP, p = 0.884. 
Reader 3: UIP vs. NSIP, p = 1.70; UIP vs. COP, p < 0.001; NSIP vs. 
COP, p = 0.013, Significance level of 0.0167 takes into account the 
Bonferroni’s correction for post-hoc analysis.
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of CT images may have an important role in the diagnosis 
of DILD. Fifth, although radiologists were blinded to the 
diagnosis obtained from CTs, they may have been able to 
recognize the diagnosis of some CTs, which in turn may 
have influenced the visual similarity scores. Thus, kappa 
scores for inter-reader agreement may have also been 
overestimated. 

In conclusion, by comparing the extent and distribution 
of regional lung parenchymal patterns which is automatically 
quantified and classified by CNN in DILD, the proposed CBIR 
system is able to retrieve CTs which are similar to the query 
CTs from the database. The CBIR showed good performance 
in retrieving CTs with similar patterns to the query DILD 
CTs. Thus, by searching for similar CTs of confirmed cases, 
the CBIR may be helpful for the diagnosis of DILD.
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