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Abstract
Background  Interstitial lung disease (ILD) is a determinant of morbidity and mortality in idiopathic inflammatory 
myopathies (IIM), but chest HRCT evaluation remains observer-dependent. Artificial intelligence (AI) may provide 
reproducible quantitative assessment. We compared AI-based quantification of ILD with expert visual scoring in IIM.

Methods  In this monocentric retrospective study, 107 patients with IIM-associated ILD from a national myositis 
registry were included. One representative chest HRCT per patient was evaluated by a thoracic radiologist using a 
semi-quantitative lobar score and by a commercially available AI tool for lung texture analysis. AI-derived volumes 
were converted to the same 5-point scale as the visual score. Correlations were assessed with Spearman coefficients 
and agreement with Cohen’s kappa.

Results  All CTs were suitable for visual assessment and 106/107 (99%) for AI analysis. AI identified ground-glass 
opacities (GGO) as the predominant abnormality, with a lower-lobe predominance. Correlations between AI and 
radiologist scores were strong for normal lung (r = 0.77) and moderate for GGO (r = 0.64) and consolidation (r = 0.60), 
but weaker for reticulations (r = 0.34) and honeycombing (r = 0.42). Agreement was good for GGO (κ = 0.70) and 
consolidation (κ = 0.60), moderate for reticulations (κ = 0.37) and low for honeycombing (κ = 0.16).

Conclusion  In IIM-associated ILD, AI-based chest HRCT quantification showed good agreement with expert visual 
assessment, particularly for GGO and consolidation, but was less reliable for complex fibrotic patterns. AI may support 
more objective and reproducible evaluation of interstitial involvement, as a complement to expert interpretation.
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Introduction
Idiopathic inflammatory myopathies (IIMs) are a het-
erogeneous group of systemic connective tissue diseases 
characterised by autoimmune inflammatory muscle 
involvement and a broad spectrum of extra-muscular 
manifestations. Among these, interstitial lung disease 
(ILD) is one of the most frequent and severe complica-
tions, affecting up to 40% of patients and significantly 
worsening prognosis [1–3]. In some IIM subsets, ILD 
may even dominate the clinical picture and drive out-
comes more than muscle involvement itself.

High-resolution computed tomography (HRCT) plays 
a central role in the detection and characterisation of ILD 
in IIM. Typical patterns include non-specific interstitial 
pneumonia (NSIP), organising pneumonia (OP) or mixed 
NSIP/OP forms, which differ from the usual interstitial 
pneumonia (UIP) pattern classically seen in idiopathic 
pulmonary fibrosis [4–6]. The extent and distribution 
of parenchymal abnormalities provide important prog-
nostic information and influence therapeutic decisions, 
including the initiation or escalation of immunosuppres-
sive or antifibrotic therapy [7–9]. However, visual HRCT 
assessment remains largely semi-quantitative and is sub-
ject to inter- and intra-observer variability, particularly 
for subtle ground-glass opacities (GGOs), fine reticula-
tions and early fibrotic changes, and may be difficult to 
standardise in multicentre settings [10–12].

Over the past decade, computer-based quantitative 
imaging and artificial intelligence (AI) algorithms have 
emerged as promising tools to provide objective and 
reproducible assessment of ILD on chest HRCT [13–15]. 
Automated lung segmentation and texture analysis can 
quantify the volume and spatial distribution of normal 
lung, GGO, consolidation, reticulation, honeycombing 
and emphysema, and quantitative HRCT metrics have 
been associated with disease severity, functional impair-
ment and outcomes in fibrotic ILDs, suggesting a poten-
tial role as imaging biomarkers. Nevertheless, data on 
AI-based HRCT analysis specifically in IIM-associated 
ILD are scarce, and the distinctive patterns in this setting 
– including the frequent overlap of inflammatory and 
fibrotic lesions and the relatively low prevalence of IIM-
ILD – may challenge the performance of tools trained 
mainly on other ILD populations [14–16].

Therefore, the aim of this study was to compare a com-
mercially available AI-based chest HRCT analysis tool 
with semi-quantitative visual scoring by an experienced 
thoracic radiologist for the quantification of ILD lesions 
in patients with IIM-associated ILD.

Materials and methods
Population
This monocentric retrospective observational study 
included patients enrolled in the Myositis Registry of a 

national reference centre for neuromuscular diseases. 
Inclusion criteria were: (i) confirmed diagnosis of idio-
pathic inflammatory myopathy according to the 2017 
ACR/EULAR criteria [17]; (ii) available myositis-spe-
cific antibody (MSA) results when performed as part of 
routine care; and (iii) at least one available chest HRCT 
examination, where ILD was identified. IIM subtypes 
were assigned based on routine clinico-serological diag-
nosis: anti-synthetase syndrome required anti–ami-
noacyl-tRNA synthetase (anti-ARS) positivity with a 
compatible clinical phenotype, and immune-mediated 
necrotizing myopathy was classified according to stan-
dard clinico-serological criteria (including anti-SRP when 
present). Part of this registry-based cohort has been 
previously reported [5, 18] MSAs were assessed in our 
center using commercial line-blot immunoassays (Euro-
line Myositis 4G, Euroimmun, Lübeck, Germany, since 
May 2014); pre-2014 testing procedures are detailed in 
Laporte et al. [5].Muscle biopsy was not a predefined 
inclusion criterion for this imaging substudy and was 
not systematically collected for the present analysis; clas-
sification relied on the 2017 ACR/EULAR criteria, with 
biopsy performed only when clinically indicated as part 
of routine care. Institutional Review Board approval 
was obtained (Comité de Protection des Personnes Ile-
de-France VI, Groupe Hospitalier Pitié-Salpêtrière). All 
patients gave written informed consent for inclusion in 
the registry and use of anonymised data.

Chest imaging
Among the 402 patients initially enrolled, 277 underwent 
chest HRCT (study flowchart, Fig.  1) which constitutes 
the imaging-available subset used for the present analy-
ses. HRCT examinations were performed using multide-
tector scanners from different manufacturers (Siemens 
Healthineers, GE Healthcare, Philips Medical Systems). 
All scans were acquired in full inspiration, in the supine 
position, without intravenous contrast. Prone acquisi-
tions were added in 18 patients. Images were recon-
structed using high-spatial-frequency algorithms with 
slice thickness ranging from 0.6 mm to 1.5 mm.

HRCT analysis
All chest HRCT examinations were reviewed within the 
registry workflow by thoracic radiologists (PG, 30 years’ 
experience; SB, 10 years; and AL, junior reader) and clas-
sified as either normal (strictly normal or showing only 
non-ILD findings) or abnormal with ILD-related lesions 
(e.g., ground-glass opacities, reticulation, traction bron-
chiectasis and/or honeycombing), based on contempo-
rary international criteria [6, 7, 19]. Disagreements were 
resolved by consensus. For the AI agreement analysis, 
semi-quantitative visual scoring was performed by a 
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dedicated reader (YK) blinded to clinical data and to AI 
outputs.

In patients with multiple HRCTs during follow-up, one 
examination was selected per patient during a clinically 
stable period, defined as stable ILD extent and pattern, 
and excluding scans performedduring acute exacerba-
tions or intercurrent events (e.g. infection, heart failure 
or drug toxicity). This was done to minimise confounding 
by transient acute changes and to ensure that quantitative 
measures primarily reflected chronic ILD involvement.

Each selected CT examination was independently ana-
lysed twice: once by a radiologist and once by a commer-
cially available AI-based software (AVIEW Lung Texture 
v.1.1.44.27-win, Coreline, Seoul, Republic of Korea), 
which applies deep learning for lung texture analysis.

For each exam, elementary pulmonary lesions (ground-
glass opacities, reticulations, consolidation, honeycomb-
ing, emphysema) and normal lung parenchyma were 
identified. The extent of each finding was assessed glob-
ally and at the lobar level, using a 5-point semi-quantita-
tive visual scoring system (0: none; 1: 1–24%; 2: 25–49%; 
3: 50–74%; 4: 75–100%) [20].

AI-derived results were expressed as absolute lesion 
volumes and percentages of total lung volume for each 
feature. For comparative analysis, percentages were con-
verted into the same 5-point scale used for visual scoring.

Statistics
Quantitative variables are summarized as median [inter-
quartile range (IQR)] unless stated otherwise. Categori-
cal variables are reported as absolute frequencies and 
corresponding percentages. The association between 
AI-derived continuous metrics and radiologists’ semi-
quantitative scores was assessed using Spearman’s rank 
correlation coefficient (ρ). Correlation strength was inter-
preted as follows: weak (ρ < 0.40), moderate (ρ = 0.40–
0.59), strong (ρ = 0.60–0.79), very strong (ρ ≥ 0.80). 
Agreement between categorical variables was evaluated 
using Cohen’s kappa statistic (κ), with the following inter-
pretation: slight (κ = 0.00–0.20), fair (κ = 0.21–0.40), mod-
erate (κ = 0.41–0.60), substantial (κ = 0.61–0.80), almost 
perfect (κ = 0.81–1.00). All statistical tests were two-
tailed, with significance defined as p < 0.05.

Results
Study population
Of the 277 patients with at least one chest HRCT avail-
able, 170 had no evidence of ILD and 107 had HRCT-
confirmed ILD and were included in the present analysis 
Patient selection is summarized in Fig.  1. Among 107 
included patients with IIM-associated ILD, 74 were 
female (69%) and the median age was 53 years [IQR 
41–66] (Table 1). Anti-Jo1 was the most prevalent anti-
body (38.3%), followed by anti-SRP (12.1%), anti-MDA5 

Fig. 1  Study flowchart
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(10.3%) and others. The most common IIM subtype was 
anti-synthetase syndrome (48.6%) (Table 1). The predom-
inant HRCT ILD patterns were NSIP (60/107, 56.1%), 
NSIP/OP (41/107, 38.3%), and UIP (6/107, 5.6%).

AI-based quantification
Only lung parenchyma reconstructions were analysed. 
One case (0.9%) presented a partial segmentation failure 
of the left lung, and was excluded from volumetric analy-
sis. No other technical failure occurred.

Automated analysis was performed without user inter-
action and was typically completed within a few minutes 
per scan.

Quantified lesions were generally limited in extent. 
Ground-glass opacities were the most frequent and 
extensive abnormality, with a median involvement of 
4.7% (IQR, 1.5–13.4%) of the total lung volume, pre-
dominantly in the lower lobes (left lower lobe: 7.6%; right 
lower lobe: 6.9%). Consolidation (median: 0.4%), reticula-
tions (1.6%), and minimal volumes of honeycombing and 
emphysema (both < 0.1%) were also detected (Table 2).

AI vs. radiologist: correlation and agreement
Spearman correlations between AI-derived percentages 
and radiologist semi-quantitative scores were strong for 
normal lung parenchyma (ρ = 0.77) and moderate for 
GGO (ρ = 0.64) and consolidation (ρ = 0.60) (Table  3). 
Correlation was weaker for reticulation (ρ = 0.34), honey-
combing (ρ = 0.42) and emphysema (ρ = 0.24).

On visual scoring, the proportion of patients with each 
abnormality was as follows: ground-glass opacities in 

Table 1  Baseline characteristics of the 107 patients with 
idiopathic inflammatory myopathy–associated interstitial lung 
disease
Characteristics n %
Patients - Total 107 100

Age, years, median [IQR] 53 [41; 66]

Sex

  Female 74 69.2

  Male 33 30.8

Myositis-specific antibodies (MSAs)

  Known status 102 95.3

  MSA-positive 80 74.7

  Anti-Jo1 41 38.3

  Anti-SRP 13 12.1

  Anti-MDA5 11 10.3

  Anti-PL12 8 7.5

  Anti-PL7 3 2.8

  Anti-cN1a 2 1.9

  Anti-TIF1 1 0.9

  Anti-SAE 1 0.9

  Seronegative 22 20.6

  Unknown status 5 4.7

IIM Subtype

  Anti-synthetase syndrome 52 48.6

  Dermatomyositis 17 15.9

  Polymyositis 17 15.9

  Immune-mediated necrotizing myopathy 15 14.0

  Inclusion body myositis 6 5.6
Data are presented as n (%) or median [interquartile range]

MSA Myositis-specific antibody, SRP Signal recognition particle, MDA5 
Melanoma differentiation-associated gene 5, PL Anti-aminoacyl-tRNA 
synthetase antibodies, cN1a Cytosolic 5’-nucleotidase 1  A, TIF1 Transcription 
intermediary factor 1, SAE Small ubiquitin-like modifier activating enzyme

Table 2  AI-based quantitative CT analysis of lung lesions in 
patients with idiopathic inflammatory myopathy–associated 
interstitial lung disease
Variables Mean or median SD or IQR
Total lung volume (ml) 3392 1257

Normal lung (%) 82.4 18.4

Consolidation

  Total lung (%) 0.4 [0.1 ; 1.0]

  RUL (%) 0.1 [0.0 ; 1.0]

  ML (%) 0.1 [0.0 ; 0.3]

  RLL (%) 0.4 [0.1 ; 1.6]

  LUL (%) 0.2 [0.0 ; 0.5]

  LLL (%) 0.5 [0.1 ; 1.7]

Ground-glass opacities

  Total lung (%) 4.7 [1.5 ; 13.4]

  RUL (%) 0.6 [0.1 ; 3.5]

  ML (%) 1.1 [0.2 ; 7.4]

  RLL (%) 7.6 [2.3 ; 17.3]

  LUL (%) 0.7 [0.2 ; 5.7]

  LLL (%) 6.9 [2.0 ; 21.1]

Reticulations

  Total lung (%) 1.6 [0.4 ; 5.8]

  RUL (%) 0.3 [0.0 ; 1.5]

  ML (%) 1.4 [0.1 ; 2.1]

  RLL (%) 2.5 [0.5 ; 8.0]

  LUL (%) 0.4 [0.1 ; 1.9]

  LLL (%) 2.5 [0.5 ; 10.1]

Honeycombing

  Total lung (%) 0.0 [0.0 ; 0.1]

  RUL (%) 0.0 [0.0 ; 0.0]

  ML (%) 0.0 [0.0 ; 0.0]

  RLL (%) 0.1 [0.0 ; 0.1]

  LUL (%) 0.0 [0.0 ; 0.0]

  LLL (%) 0.1 [0.0 ; 0.1]

Emphysema

  Total lung (%) 0.0 [0.0 ; 0.1]

  RUL (%) 0.0 [0.0 ; 0.1]

  ML (%) 0.0 [0.0 ; 0.0]

  RLL (%) 0.0 [0.0 ; 0.1]

  LUL (%) 0.0 [0.0 ; 0.1]

  LLL (%) 0.0 [0.0 ; 0.1]
Data are presented as mean ± standard deviation or median [interquartile 
range], as appropriate. Values represent the percentage of total lung or lobar 
volume

RUL Right upper lobe, ML Middle lobe, RLL Right lower lobe, LUL Left upper lobe, 
LLL Left lower lobe, GGO Ground-glass opacity
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93/107 (86.9%), reticulation in 64/107 (59.8%), consoli-
dation in 36/107 (33.6%), honeycombing in 8/107 (7.5%), 
and emphysema in 5/107 (4.7%). Extent categories are 
detailed in Table 4.

When comparing semi-quantitative categories, agree-
ment was good for GGO (κ = 0.70), moderate for consoli-
dation (κ = 0.60), reticulation (κ = 0.37), and emphysema 
(κ = 0.51) and low for honeycombing (κ = 0.16) (Table 4).

Figures 2 and 3 illustrate typical lower-lobe–predomi-
nant IIM-associated ILD patterns, with either purely 
inflammatory GGO or mixed GGO–fibrotic disease, and 
show how AI can separately quantify these components.

Lobar analysis
Most lesions showed a basal predominance, except 
emphysema, which was more apical. GGO in lower lobes 
showed moderate agreement between AI and radiologist 
(κ = 0.43–0.52), while reticulations had poor agreement at 
the lobar level (κ < 0.10) (Table 5).

Discussion
In this monocentric cohort of 107 patients with IIM-asso-
ciated ILD, we compared an AI-based quantitative chest 
HRCT analysis tool with semi-quantitative visual scoring 
by an experienced thoracic radiologist. AI-based analysis 
was feasible in almost all patients and consistently quanti-
fied GGO as the predominant abnormality, with a typi-
cal lower-lobe predominance. Overall, there was strong 
agreement between AI and the radiologist for normal 
lung and moderate agreement for GGO and consolida-
tion, while concordance was weaker for reticulations, 
honeycombing and emphysema. These findings support 
the role of AI as a complementary tool to expert visual 
assessment for the objective quantification of ILD in IIM, 
particularly for inflammatory and non-fibrotic lesions.

The distribution and nature of HRCT lesions in our 
cohort are consistent with the characteristic radiological 
patterns described in IIM-ILD, where NSIP, OP or mixed 
NSIP/OP patterns predominate and classic UIP is rela-
tively uncommon [4–6, 21]. Similar patterns have been 
reported in myositis-associated ILD and anti-synthetase 

Table 3  Correlation between AI-derived lesion extent and semi-
quantitative radiologist scores
Variables Spearman’s ρ p-value (p)
Total normal lung parenchyma 0.77 < 0.001

Consolidation 0.60 < 0.001

Ground-glass opacities 0.64 < 0.001

Reticulations 0.34

Honeycombing 0.42 < 0.001

Emphysema 0.24 0.011
Spearman correlation coefficients (ρ) and p-values for normal lung and each 
lesion type

GGO Ground-glass opacity

Table 4  Semi-quantitative categories of lesion extent according 
to AI and radiologist, and agreement between methods
Variables AI Radiolo-

gist
Cohen’s 
Kappa

95% CI

Normal lung (%) 0.39 0.30–
0.47

  0–1 0 0

  1–24 1 (0.9) 1 (0.9)

  25–49 8 (7.5) 11 (10.3)

  50–74 21 
(19.6)

18 (16.8)

  75–100 78 
(72.9)

77 (72)

Consolidation (%) 0.60 0.45–
0.76

  0–1 70 
(73.8)

71 (66.4)

  1– 24 28 
(26.2)

35 (32.7)

  25–49 0 1 (0.9)

  50–74 0 0

  75–100 0 0

Ground-glass 
opacities (%)

0.70 0.58–
0.82

  0–1 21 
(19.6)

14 (13.1)

  1–24 71 
(66.4)

78 (72.9)

  25–49 12 
(11.2)

10 (9.3)

  50–74 3 (2.8) 4 (3.7)

  75–100 0 1 (0.9)

Reticulations (%) 0.37 0.20–0.53

  0–1 44 
(41.1)

43 (40.2)

  1–24 62 
(57.9)

63 (58.9)

  25–49 1 (0.9) 1 (0.9)

  50–74 0 0

  75–100 0 0

Honeycombing 0.16 0.04–0.29

  0–1 96 
(89.7)

99 (92.5)

  1–24 9 (8.4) 5 (4.7)

  25–49 2 (1.9) 3 (2.8)

  50–74 0 0

  75–100 0 0

Emphysema 0.51 0.20–0.82

  0–1 100 
(93.5)

102 (95.3)

  1–24 7 (6.5) 4 (3.7)

  25–49 0 2 (1.9)

  50–74 0 0

  75–100 0 0
Values are n (%). Extent categories represent the percentage of total lung 
volume involved (0; 1–24; 25–49; 50–74; 75–100). Cohen’s κ and 95% confidence 
intervals (CI) are shown for each lesion type

GGO Ground-glass opacity
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syndrome, as well as in broader reviews of IIM-ILD and 
connective tissue disease-associated ILD [8, 21–23]. Our 
findings are in line with those of Li et al., who reported 
NSIP and OP patterns in 67% and 26% of cases, respec-
tively, in a large cohort of IIM patients with ILD [9]. As 
expected, GGO (86.9%) and reticulations (59.8%) were 
the most frequent elementary lesions, and abnormalities 
were mainly basal and subpleural, as typically described 
in IIM-ILD and other CTD-related ILDs [5, 21, 23, 24]. 
This concordance with previous radiological series sup-
ports the representativeness of our population. By 
quantifying lesion volumes, the AI tool confirmed the 
predominance of GGO and lower-lobe involvement, 
suggesting that it can capture the main topographic and 
morphologic features of IIM-ILD.

Radiologist-based semi-quantitative assessment 
revealed limited pulmonary involvement in most 
patients, with interstitial abnormalities affecting less than 
25% of total lung volume and 75–100% of lung paren-
chyma preserved in 72% of cases. This relatively mild 
extent of disease contrasts with the more diffuse and 
fibrotic patterns typically seen in idiopathic pulmonary 
fibrosis [7, 23]. From a clinical perspective, this reflects 
a population in whom accurate quantification of inflam-
matory lesions is crucial for guiding immunosuppressive 

treatment and monitoring disease progression, as ILD is 
a major determinant of prognosis in IIM [1–4, 15, 21].

Our correlation results show strong alignment between 
AI and radiologist scores for normal lung (r = 0.77) and 
moderate alignment for GGO (r = 0.64) and consolida-
tion (r = 0.60), consistent with a good concordance for 
the most prevalent and/or extensive parenchymal com-
ponents in this cohort. Agreement was strongest for 
GGO in the lower lobes, which are classically involved in 
CTD-related ILD, including IIM-associated ILD [4, 5, 21, 
23]. We observed strong correlations between AI-derived 
and reader-derived measures, alongside only moderate 
Cohen’s kappa for some features (e.g., normal lung). This 
reflects that Spearman’s correlation captures whether 
measurements co-vary across subjects (i.e., whether 
patients are similarly ranked), whereas kappa assesses 
exact agreement after discretisation into ordinal catego-
ries. Here, AI-derived continuous percentages and semi-
quantitative visual scores generally varied in parallel, but 
small differences around category cut-offs (often a one-
category shift) reduced categorical agreement, resulting 
in moderate kappa despite high correlation. Clinically, 
this is relevant because these components often reflect 
active inflammatory involvement and are commonly 
monitored over time to inform management. As this 

Fig. 2  Lung texture analysis in a 47-year-old woman with anti-Jo1–positive idiopathic inflammatory myopathy–associated interstitial lung disease (IIM-
ILD). Axial high-resolution CT (HRCT) images are shown at two adjacent basal levels (lower lobes); the patient’s right side is displayed on the left. A 
Quantitative report summarising the volumetric extent of each texture class, expressed as a percentage of total lung volume and for each lobe. Texture 
classes are labelled as follows: N (normal lung), G (ground-glass opacities), C (consolidation), R (reticulation), H (honeycombing), and E (emphysema). B 
Axial HRCT image showing diffuse, predominantly lower-lobe ground-glass opacities with the AI-generated colour-coded texture overlay (top) and the 
corresponding original HRCT image (bottom), consistent with a predominantly inflammatory, non-fibrotic ILD pattern that may inform immunosuppres-
sive management
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analysis was restricted to HRCT-confirmed IIM-ILD, 
the serological distribution may not reflect the full IIM 
spectrum and some MSA subsets (e.g., anti-Mi2) may be 
under-represented.

In contrast, agreement between AI and the radiologist 
was weaker for reticulations (r = 0.34) and honeycombing 
(r = 0.42). Several factors likely contribute to this discrep-
ancy. First, reticulation and early fibrosis often overlap 
with GGO in NSIP, making it challenging even for expert 
readers to delineate clear boundaries between inflamma-
tory and fibrotic components [5, 6, 21]. Some AI tools, 
including the one used in our study, treat GGO and 
reticulations as mutually exclusive categories, whereas 
they are frequently intertwined and spatially overlapping 
in IIM-ILD, which may lead to differences in labelling. 
Second, the textural signatures of reticulation and hon-
eycombing may be underrepresented or heterogeneous 
in the training datasets of commercial AI tools that were 
primarily developed and validated for other ILDs, such 
as idiopathic pulmonary fibrosis [10, 14, 15, 25]. Third, 
detection of honeycombing is known to be problematic 
for both humans and machines. Watadani et al. reported 
only moderate interobserver agreement for honeycomb-
ing (κ = 0.40–0.58), largely due to confusion with mim-
ickers such as traction bronchiectasis or emphysema 
[10], a diagnostic challenge that automated algorithms 

Fig. 3  Lung texture analysis in a 36-year-old woman with anti-Jo1–positive idiopathic inflammatory myopathy–associated ILD. Axial images are shown at 
the level of the lung bases (lower lobes); the patient’s right is on the left side of the image. Panels A and B show the same axial slice. A Quantitative report 
summarising the volumetric extent of each texture class as a percentage of total lung volume and of each lobe. Texture classes are labelled as follows: N 
(normal lung), G (ground-glass opacities), C (consolidation), R (reticulation), H (honeycombing), and E (emphysema). B Corresponding HRCT images, with 
AI-based segmentation and colour-coded overlay of texture classes (top) and the original HRCT image (bottom). This case illustrates heterogeneous ILD 
involvement with both ground-glass opacities and fibrotic-related abnormalities and exemplifies how quantitative outputs may support longitudinal 
monitoring

 

Table 5  Lobar analysis of correlation and agreement between AI 
and radiologist for each lesion type
Variables Spearman’s ρ

(p-value)
(p) Cohen’s 

Kappa
95% CI

Consolidation

  RLL 0.55 < 0.001 0.19 0.12–0.27

  LLL 0.49 < 0.001 0.19 0.07–0.31

GGO

  RLL 0.60 < 0.001 0.43 0.32–0.55

  LLL 0.58 < 0.001 0.52 0.39–0.64

Reticulations

  RLL 0.14 0.156 0.03 -0.03-0.10

  LLL 0.22 0.022 0.05 -0.01-0.12

Honeycombing

  RLL 0.38 < 0.001 0.26 0.08–0.44

  LLL 0.41 < 0.001 0.27 0.06–0.48

Emphysema

  RUL 0.35 < 0.001 0.06 0.00-0.13

  LUL 0.25 0.011 0.04 -0.02-0.10
Spearman correlation coefficients (ρ) and Cohen’s κ (95% CI) are shown for 
lower lobes (right lower lobe, RLL; left lower lobe, LLL) for consolidation, GGO, 
reticulations and honeycombing, and for upper lobes (right upper lobe, RUL; 
left upper lobe, LUL) for emphysema

GGO Ground-glass opacity
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are also likely to face. Our results indicate that AI agree-
ment was higher for inflammatory abnormalities than 
for honeycombing/emphysema in this cohort. Given the 
scarcity of these end-stage features and the limited dis-
ease spectrum, the corresponding findings should be 
interpreted cautiously and warrant validation in cohorts 
with more advanced fibrotic disease. Importantly, fibrotic 
involvement in IIM-associated ILD is often reflected 
by reticulation and traction bronchiectasis rather than 
honeycombing.We also observed limited agreement for 
emphysema quantification (r = 0.24). This may reflect 
the relatively low burden of emphysema in this specific 
population, potential threshold-related misclassification 
of low-attenuation areas, and the difficulty of separating 
emphysema from cystic ILD lesions on purely density-
based analysis [14, 23]. In addition, AI may underperform 
in detecting subtle or upper-lobe–dominant abnormali-
ties, where visual pattern recognition and anatomical 
context remain crucial. For pneumologists, these find-
ings underline that AI outputs regarding emphysema and 
advanced fibrosis should still be interpreted with caution 
and always integrated with expert visual review and clini-
cal data.

When comparing semi-quantitative categories, agree-
ment was good for GGO (κ = 0.70) and consolidation 
(κ = 0.60), and moderate for reticulations (κ = 0.37). The 
lowest agreement was observed for honeycombing (κ = 
0.16), underscoring the difficulty of reliably identifying 
infrequent and morphologically complex patterns. For 
normal lung, kappa agreement was only moderate (κ = 
0.39), which may partly reflect a tendency for radiolo-
gists to visually overestimate minimal involvement once 
a lesion is perceived. While AI provides continuous, vol-
ume-based estimates and may classify some borderline 
areas as normal, the human eye tends to attribute a small 
but non-zero extent of disease whenever an abnormality 
is seen [11, 14, 25, 26]. This illustrates both the potential 
added precision of AI for minimal disease and the need to 
interpret automated results in light of visual assessment.

Our study has several limitations that should be 
acknowledged. Its retrospective, single-centre design and 
relatively limited sample size may restrict the generalis-
ability of the findings, although IIM-ILD remains a rare 
condition and our cohort is among the larger series with 
standardised CT analysis [4, 5, 18, 21]. The visual refer-
ence standard relied on a single reader, interobserver 
variability was not assessed and no formal inter-reader 
agreement metrics were calculated, so performance may 
differ in less specialised settings [10–12]. HRCT scans 
were acquired on multiple scanners with non-stan-
dardised acquisition parameters, which may introduce 
variability in quantitative measurements. Previous work 
using the same software reported a variability of approxi-
mately 1% in fibrosis quantification between repeated 

acquisitions on the same day, with higher variability 
when reconstruction parameters differ substantially [27].
We evaluated only one commercially available AI soft-
ware, whose training data and internal algorithms are not 
fully transparent. Performance may vary across different 
tools, and our results cannot be extrapolated to other sys-
tems without further validation [13–16, 25, 28].

We did not formally analyse associations between AI-
derived metrics and clinical outcomes such as pulmonary 
function, survival or treatment response, which would be 
an important next step, particularly given the emerging 
role of quantitative HRCT biomarkers in prognostication 
and disease monitoring in ILD [3, 13–15]. Pulmonary 
function tests (FVC and DLCO) were not available sys-
tematically and were not consistently temporally matched 
to the index HRCT, precluding robust structure–func-
tion analyses and the assessment of HRCT–PFT discor-
dance. A standardised disease-duration measure could 
not be derived reliably because symptom onset/diagnosis 
dates were not uniformly recorded and CT timing varied 
across patients.

Several limitations relate to cohort characteristics and 
lesion distribution. ILD was predominantly mild, and the 
extent distribution was highly skewed toward low cat-
egories (0–1% and 1–24%), which may affect agreement 
estimates—particularly categorical metrics—through 
class imbalance and floor effects; results should there-
fore be interpreted cautiously in low-extent categories. 
Honeycombing and emphysema were scarce, with very 
low median volumes. In the context of IIM-associated 
ILD, predominantly NSIP; NSIP/OP in our population, 
this mainly reflects limited representation of end-stage 
UIP-type changes; accordingly, assessment of AI perfor-
mance for honeycombing/emphysema is constrained by 
lesion scarcity and floor effects, and very small non-zero 
volumes should be interpreted cautiously. In addition, 
clinical ILD status (symptoms, whether ILD was clinically 
recognised at baseline, and ILD-directed treatment) was 
not systematically collected in this retrospective imaging 
substudy; therefore, the present findings should be inter-
preted as applying primarily to HRCT-established ILD 
rather than clinically overt ILD. This study was designed 
as an agreement analysis in HRCT-confirmed IIM-ILD 
and not as a diagnostic accuracy study for ILD detection 
or pattern classification. Finally, although AI-based quan-
tification may provide standardised, less reader-depen-
dent measurements, reproducibility was not assessed 
because only one CT per patient was analysed; dedicated 
repeat-scan studies are needed to quantify test–retest, 
inter-scan, and interobserver reproducibility of AI-
derived measures.Despite these limitations, our results 
provide clinically meaningful information for pneumolo-
gists. They suggest that AI-based chest HRCT analysis is 
feasible in IIM-ILD and can reliably quantify normal lung 
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and inflammatory lesions, particularly GGO, even in a 
population with predominantly mild and lower-lobe–
predominant disease. At the same time, they underscore 
the current limitations of AI for complex fibrotic patterns 
such as reticulation and honeycombing and emphasise 
the need for continued expert radiological input within 
a multidisciplinary framework, integrating radiological, 
clinical and functional data, especially when decisions 
about prognosis and long-term management are being 
made [6, 11, 21, 25].

In conclusion, AI-based quantitative HRCT analysis 
shows promising concordance with expert visual assess-
ment for the evaluation of ILD in patients with idiopathic 
inflammatory myopathies, particularly with respect to 
GGO and consolidation. These tools may support more 
objective and reproducible assessment of lung involve-
ment and could be integrated into routine practice and 
clinical trials as a complement to, rather than a replace-
ment for, expert human interpretation. Future multi-
centre, prospective studies incorporating longitudinal 
imaging, pulmonary function data and clinical outcomes 
are warranted to better define the prognostic value and 
utility of AI-derived imaging biomarkers in IIM-associ-
ated ILD and their role in monitoring response to immu-
nosuppressive or antifibrotic therapies.
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Pitié-Salpêtrière, Paris, France
7Université Sorbonne Paris Nord, Assistance Publique-Hôpitaux de Paris, 
Hôpital Avicenne, Service de Pneumologie, Bobigny, France
8Université Sorbonne Paris Nord, Assistance Publique-Hôpitaux de Paris, 
Hôpital Avicenne, Service de Radiologie, Bobigny, France
9Direction de la Recherche clinique et de l’Innovation, Hôpital Foch, 
Suresnes, France

Received: 30 November 2025 / Accepted: 18 February 2026

References
1.	 Sun KY, Fan Y, Wang YX, Zhong YJ, Wang GF. Prevalence of interstitial lung 

disease in polymyositis and dermatomyositis: A meta-analysis from 2000 to 
2020. Semin Arthritis Rheum. 2021;51:175–91.

2.	 Johnson C, Pinal-Fernandez I, Parikh R, Paik J, Albayda J, Mammen AL, et al. 
Assessment of Mortality in Autoimmune Myositis With and Without Associ-
ated Interstitial Lung Disease. Lung. 2016;194:733–7.

3.	 Hannah JR, Law HE, Gordon T, Rooney M, Buazon A, Adas M, et al. A Sys-
tematic Review and Meta-analysis of Predictors of Mortality in Idiopathic 
Inflammatory Myopathy-Associated Interstitial Lung Disease. J Rheumatol. 
2023;50:373–83.

4.	 Cottin V, Thivolet-Béjui F, Reynaud-Gaubert M, Cadranel J, Delaval P, Ternam-
ian PJ, et al. Interstitial lung disease in amyopathic dermatomyositis, dermato-
myositis and polymyositis. Eur Respir J. 2003;22:245–50.



Page 10 of 10Kuzmanovic et al. BMC Pulmonary Medicine          (2026) 26:153 

5.	 Laporte A, Mariampillai K, Allenbach Y, Pasi N, Donciu V, Toledano D, et al. 
Idiopathic inflammatory myopathies: CT characteristics of interstitial lung 
disease. Eur Radiol. 2022;32:3480–9.

6.	 Travis W, Costabel U, Hansell D, King T Jr, Lynch D, Nicholson A, et al. An 
official American Thoracic Society/European Respiratory Society statement: 
Update of the international multidisciplinary classification of the idiopathic 
interstitial pneumonias. Am J Respir Crit Care Med. 2013;188(6):733–48.

7.	 Raghu G, Remy-Jardin M, Myers JL, Richeldi L, Ryerson CJ, Lederer DJ, et al. 
Diagnosis of Idiopathic Pulmonary Fibrosis. An Official ATS/ERS/JRS/ALAT 
Clinical Practice Guideline. Am J Respir Crit Care Med. 2018;198(5):e44–68.

8.	 Jiang M, Dong X, Zheng Y. Clinical characteristics of interstitial lung diseases 
positive to different anti-synthetase antibodies. Medicine. 2021;100:e25816.

9.	 Li Y, Gao X, Li Y, Jia X, Zhang X, Xu Y, et al. Predictors and Mortality of Rapidly 
Progressive Interstitial Lung Disease in Idiopathic Inflammatory Myopathy. 
Front Med. 2020;7:363.

10.	 Watadani T, Sakai F, Johkoh T, Noma S, Akira M, Fujimoto K, et al. Interobserver 
variability in the CT assessment of honeycombing in the lungs. Radiology. 
2013;266:936–44.

11.	 Walsh SLF, Calandriello L, Sverzellati N, Wells AU, Hansell DM, Consortium UO. 
Interobserver agreement for the ATS/ERS/JRS/ALAT criteria for a UIP pattern 
on CT. Thorax. 2016;71:45–51.

12.	 Tominaga J, Bankier AA, Lee KS, Leung AN, Remy-Jardin M, Akira M, et al. 
Inter-observer agreement in identifying traction bronchiectasis on computed 
tomography. Japanese J Radiol. 2019;37:773–80.

13.	 Dack E, Christe A, Fontanellaz M, Brigato L, Heverhagen JT, Peters AA, 
et al. Artificial Intelligence and Interstitial Lung Disease. Invest Radiol. 
2023;58:602–9.

14.	 Weatherley ND, Eaden JA, Stewart NJ, Bartholmai BJ, Swift AJ, Bianchi SM, 
et al. Experimental and quantitative imaging techniques in interstitial lung 
disease. Thorax. 2019;74:611–9.

15.	 Calandriello L, Matin T, Prosch H, Jacob J. Quantitative CT analysis in ILD and 
the use of artificial intelligence. In: Wuyts WA, Cottin V, Spagnolo P, Wells AU, 
editors. Pulmonary Manifestations of Systemic Diseases. Sheffield: European 
Respiratory Society; 2019. p 27–43.

16.	 Yoon RG, Seo JB, Kim N, Lee HJ, Lee SM, Lee YK, et al. Quantitative assessment 
of change in regional disease patterns on serial HRCT of fibrotic interstitial 
pneumonia. Eur Radiol. 2013;23:692–701.

17.	 Bottai M, Tjärnlund A, Santoni G, Werth VP, Pilkington C, de Visser M, et al. 
EULAR/ACR classification criteria for adult and juvenile idiopathic inflamma-
tory myopathies. RMD Open. 2017;3:e000507.

18.	 Mariampillai K, Granger B, Amelin D, Guiguet M, Hachulla E, Maurier F, et al. 
Development of a New Classification System for Idiopathic Inflammatory 
Myopathies. JAMA Neurol. 2018;75:1528–37.

19.	 Bankier AA, MacMahon H, Colby T, Gevenois PA, Goo JM, Leung ANC, et 
al. Fleischner Society: Glossary of Terms for Thoracic Imaging. Radiology. 
2024;310(2):e232558.

20.	 Khanna D, Nagaraja V, Tseng C hong, Abtin F, Suh R, Kim G et al. Predictors of 
lung function decline in scleroderma-related interstitial lung disease based 
on high-resolution computed tomography: implications for cohort enrich-
ment in systemic sclerosis–associated interstitial lung disease trials. Arthritis 
Res Ther. 2015;17(1):372.

21.	 Lega JC, Reynaud Q, Belot A, Fabien N, Durieu I, Cottin V. Idiopathic inflamma-
tory myopathies and the lung. Eur Respiratory Rev. 2015;24:216–38.

22.	 Trallero-Araguás E, Grau-Junyent JM, Labirua-Iturburu A, García-Hernández 
FJ, Monteagudo-Jiménez M, Fraile-Rodriguez G, et al. Clinical manifesta-
tions and long-term outcome of anti-Jo1 antisynthetase patients in a large 
cohort of Spanish patients from the GEAS-IIM group. Semin Arthritis Rheum. 
2016;46:225–31.

23.	 Desai SR, Veeraraghavan S, Hansell DM, Nikolakopolou A, Goh NSL, Nicholson 
AG, et al. CT Features of Lung Disease in Systemic Sclerosis. Radiology. 
2004;232:560–7.

24.	 Cottin V, Hirani NA, Hotchkin DL, Nambiar AM, Ogura T, Otaola M et al. 
Presentation, diagnosis and clinical course of the spectrum of progressive-
fibrosing interstitial lung diseases. Eur Respir Rev. 2018;27(150):180076. 

25.	 Felder FN, Walsh SLF. Exploring computer-based imaging analysis in 
interstitial lung disease: opportunities and challenges. ERJ Open Res. 
2023;9:00145–2023.

26.	 Walsh SLF, Wells AU, Desai SR, Poletti V, Piciucchi S, Dubini A, et al. Multicentre 
evaluation of multidisciplinary team meeting agreement on diagnosis in 
diffuse parenchymal lung disease. Lancet Respiratory Med. 2016;4:557–65.

27.	 Lee JH, Chae KJ, Park J, Choi SM, Jang M, Hwang EJ, et al. Measurement Vari-
ability of Same-Day CT Quantification of Interstitial Lung Disease. Radiology: 
Cardiothoracic Imaging; 2024;6:e230187.

28.	 Ohno Y, Aoyagi K, Takenaka D, Yoshikawa T, Ikezaki A, Fujisawa Y, et al. 
Machine learning for lung CT texture analysis. Eur J Radiol. 2021;134:109410.

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


	﻿AI-based chest CT quantification of interstitial lung disease in idiopathic inflammatory myopathies: agreement with expert visual assessment in 107 patients
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Population
	﻿Chest imaging
	﻿HRCT analysis
	﻿Statistics

	﻿Results
	﻿Study population
	﻿AI-based quantification
	﻿AI vs. radiologist: correlation and agreement
	﻿Lobar analysis

	﻿Discussion
	﻿References


