
Introduction

Consolidation appears on high-resolution com-
puted tomography (HRCT) as a homogeneous in-
crease in pulmonary parenchymal attenuation that 
obscures the margins of vessels and airway walls (1). 
Chronic consolidations may be due to diagnoses re-
quiring distinct managements, especially regarding 
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malignancy. HRCT plays a key role in the diagnostic 
approach along with clinical data (2, 3). Consolida-
tions can be defined by their morphological charac-
teristics (contours, density, and bronchogram), distri-
bution, or their association with other features. Some 
HRCT features are considered highly indicative of 
a disease. For instance, a bulging fissure sign favors 
adenocarcinoma (4), a superior and peripheral dis-
tribution advocates chronic eosinophilic pneumonia, 
and an association with a nodular galaxy sign sug-
gests sarcoidosis (5). However, the diseases often 
share similar HRCT features, and the specificity of 
isolated signs remains to be determined.  Moreover, 
in the daily practice, diagnosis is usually made by 
associating features, and the determination of perti-
nent combinations needs to be investigated.

The development of data mining provides inno-
vating tools to extract relevant information from a da-
tabase. Among the various available methods, logical 
analysis of data (LAD) allows, from a large set of data, 
the identification of informative combinations of fea-
tures (named attributes) suggestive of a specific diag-
nosis (6). LAD has already been applied in a series of 
medical studies (7-10), particularly for the diagnosis 
of chronic diffuse infiltrative lung diseases presenting 
with predominant ground-glass opacity (11). Results 
provided by the LAD constitute a diagnostic decision 
support for non-expert radiologists (11). 

Our study aimed to investigate how logical 
analysis of data (LAD) may improve the diagnosis of 
chronic pulmonary consolidations at HRCT. 

Methods

The present study was retrospective and mono-
centric. It was validated by a local ethics committee, 
and informed consent was waived. First, we worked 
on the clinical and HRCT attributes. We calculated 
the interobserver agreement (Cohen’s Kappa test 
using the following κ ranges: 0.21-0.40=poor, 0.41-
0.60=fair, 0.61-0.80=moderate, 0.81-1.00=good), 
sensitivity and specificity of each HRCT attribute. 
Second, we defined HRCT and HRCT + clinical 
models for the main diseases by combining attrib-
utes, and we calculated their sensitivity and speci-
ficity. Our endpoint was to fulfill a specificity >90% 
(first optimal scenario) or >80% (second scenario) 
with the highest sensitivity as possible. The last step 

consisted of understanding the overlaps between 
diseases by analyzing misclassified or non-classified 
cases by LAD during the agglomeration of models 
step and by using cluster analysis. Our aim was to 
obtain for each disease a model with the highest sen-
sitivity and specificity. 

Patient selection

Three hundred one cases of possible chronic dif-
fuse infiltrative lung diseases with multifocal consoli-
dation on lung HRCT that were referred at a tertiary 
care hospital (HÔpital Avicenne, Bobigny, France) 
from January 1988 to August 2009 were retrospec-
tively reviewed. Cases with predominant or exclusive 
multifocal consolidation on lung HRCT, a definitive 
diagnosis of chronic diffuse infiltrative lung diseases 
and clinical symptoms evolving for at least 2 months 
were included, after optimal work-up and antibiotic 
treatment leading to exclusion of chronic infectious 
diseases. Cases with the following criteria were ex-
cluded: lone lung consolidation (n=12), absence of 
lung consolidation at presentation (n=15), absence of 
a definite diagnosis (no histological proof (n=47), in-
complete files (n=48), other (n=8)), prior comorbidity 
known to be confusing (i.e., cardiac failure, known 
lung neoplasia, other chronic infiltrative lung disease 
or lung infection) (n=16), immunodeficiency (HIV/
AIDS, organ transplantation, immunosuppressive 
drug or corticosteroids use) (n=5) and clinical symp-
toms evolving for less than 2 months (n=28). Even-
tually, 124 cases were included and analyzed for this 
study (Appendix A).

Clinical data collection

Clinical and epidemiological data were collected 
retrospectively from clinical records using a stand-
ardized data sheet by a pulmonologist with expertise 
in infiltrative lung diseases (GD). For each case, the 
final diagnosis was confirmed in consensus by a pul-
monologist (DV), a radiologist (MB) and a patholo-
gist (MK) specialized and experienced (> 20 years of 
experience) in infiltrative lung disease according to 
strict criteria (Appendix B). Subsequently, cases were 
classified into eight categories: sarcoidosis (n=35), 
connective tissue disease (n=21), adenocarcinoma 
(n=17), lymphoma (n=13), cryptogenic organizing 
pneumonia (n=11), drug-induced lung disease (n=9), 
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chronic eosinophilic pneumonia (n=7) and miscella-
neous (n=11, Appendix B).

The following clinical and epidemiological at-
tributes were included (n=14, Table 1): age, gen-
der, exposure to drugs known to cause lung disease, 
smoking history, Caucasian ethnicity, cough, dysp-
nea, weight loss, asthenia, fever, extrathoracic visceral 
involvement, rheumatologic symptoms, crackles and 
Raynaud syndrome or myalgias. Each attribute was 
binary coded (presence=1 or absence=0) for the LAD 
analysis except for age (in years).

HRCT Protocol

HRCT was performed using a Toshiba X-Press 
unit (Toshiba, Tokyo, Japan) or a CE 10 000 unit 
(Thomson CGR, Buc, France) between 1988 and 
1999 and an  MX 8000 unit (Philips Healthcare, Best, 
the Netherlands) since 1999. HRCT was acquired 
using standard lung protocols (with 120<kVp<140 
and standard mAs). All images were obtained during 
inspiration, with patients in the supine position. Im-
ages were reconstructed using a high spatial frequen-
cy algorithm (lung algorithm). A series of 1.5- or 
1-mm-thick sections with 10-mm intersection spac-
ing was available in all cases. The matrix size was 512 
× 512 pixels, and the field of view was adapted to the 
patient size. All images were examined at standard 
pulmonary and mediastinal window settings, either 
on film (n=85) or on a PACS workstation (n=39). 

HRCT analysis

HRCT were retrospectively and independently 
reviewed by two specialized and experienced radi-
ologists (> 10 years of experience) in infiltrative lung 
disease (MB, PYB), blinded to the clinical data. In 
the case of disagreement, a consensus was reached 
thereafter. Retained HRCT attributes (n=51), in-
cluding morphological characteristics of the con-
solidation, distribution, and other associated features 
are listed in Table 1. Specific attributes describing 
consolidation were cavitation, a reversed halo sign 
(central ground-glass opacity surrounded by dens-
er consolidation of a crescentic or a ring shape), a 
stretched or absent bronchogram, a bulging fissure 
and an abnormal density. Distribution was evalu-
ated in the cranio-caudal, axial and antero-posterior 
planes and was described as symmetrical, peribron-

chovascular, lobar or having no predominant distri-
bution. The cranio-caudal distribution was evaluated 
in three zones: the upper zone above the level of the 
carina, middle zone between the level of the carina 
and level of the inferior pulmonary veins, and lower 
zone below the level of the inferior pulmonary veins. 
The axial distribution was also evaluated in three 
zones: the central zone situated in the inner half of 
the lung, peripheral zone referring to the outer half 
of the lung and peripheral and subpleural zones situ-
ated under the pleura. The antero-posterior distri-
bution was evaluated in three equal zones (anterior, 
middle and posterior). Thirty-two additional HRCT 
features describing other pleuro-pulmonary and 
hilo-mediastinal abnormalities were considered (Ta-
ble 1). Each attribute was binary coded (presence=1 
or absence=0) for the LAD analysis.

Logical analysis of data 

The analysis was performed using the data min-
ing method LAD previously described by Martin et 
al (11) for radiological applications. The principle of 
a data mining process is to extract information from 
a data set and transform it into an understandable 
structure for further use. This information extraction 
can be performed using supervised learning models 
(if the aim is to classify data in previously established 
groups) such as the nearest neighbor method, neural 
networks, support vector machine, or unsupervised 
techniques (if the aim is to find a hidden structure 
in unlabeled data - for instance clustering). Logical 
analysis of data is a supervised data mining method 
that combines ideas and concept from optimization, 
combinatorics and Boolean functions (6, 12). Its 
aim is to classify new observations in a way consist-
ent with past classifications. It consists of extracting, 
from a set of instances sharing a common property, 
one or more logical relations called “patterns” satis-
fied by a large number of those instances such that 
these logical relations are satisfied by only a small 
number of instances not having the property. An 
important feature of LAD methodology is the pos-
sibility of using patterns to explain the results of the 
classification to human experts by standard formal 
reasoning.

Logical analysis of data has been applied to data 
analysis problems in different domains, including bi-
ology and medicine (13), particularly for the diag-
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Table 1. Details of the attributes evaluated by logical analysis of data for the 7 main categories

		  Sarcoidosis	 CTD	 ADC	 Lymphoma	 COP	 DILD	 CEP	 Total
		  n=35	 n=21	 n=17	 n=13	 n=11	 n=9	 n=7	 n=124

Clinical data
	 Age*†	 38	 50	 66	 59	 57	 68	 49	 52
	 Gender (females/males)*	 12/23	 16/5	 9/8	 7/6	 8/3	 5/4	 7/0	 68/56
	 Exposure to drugs*	 6	 8	 6	 5	 3	 9§	 2	 39
	 Smoker*	 21	 2	 8	 5	 3	 6	 1	 46
	 Caucasian ethnic group*	 20	 7	 9	 10	 6	 2	 3	 57
	 Cough	 24	 15	 15	 11	 7	 5	 7	 92
	 Dyspnea	 29	 18	 6	 5	 5	 3	 5	 58
	 Weight loss	 16	 12	 6	 5	 5	 3	 5	 58
	 Asthenia 	 17	 12	 7	 10	 5	 3	 4	 65
	 Fever*	 2	 8	 2	 4	 5	 6	 6§	 33
	 Extrathoracic visceral involvement*	 18	 18	 2	 6	 1	 3	 2	 50
	 Rheumatologic symptoms*	 6	 9	 1	 3	 0	 1	 1	 21
	 Crackles*	 7	 18	 12	 6	 7	 6	 2	 58
	 Raynaud syndrome or myalgias*	 4	 8	 0	 0	 0	 1	 0	 13

Characteristics of alveolar consolidations
	 Cavitation*	 3	 0	 10	 1	 0	 0	 0	 14
	 Halo sign	 16	 10	 13	 9	 9	 7	 5	 69
	 Reversed halo sign*	 7	 7	 5	 1	 3	 0	 5§	 28
	 Stretched or absent bronchogram*	 11	 0	 15§	 5	 1	 5	 0	 37
	 Bulging fissure*	 3	 0	 8	 2	 0	 1	 0	 14
	 Abnormal density‡*	 0	 0	 1	 0	 0	 5	 0	 6
	 Distribution
	    - Asymmetrical*	 5	 4	 11	 3	 4	 3	 3	 36
	    - Peribronchovascular*	 8	 13	 0	 5	 3	 1	 2	 32
	    - Lobar*	 3	 1	 13§	 3	 2	 3	 0	 25
	 Cranio-caudal distribution
	    - Upper*	 9	 2	 2	 1	 2	 0	 5§	 21
	    - Middle*	 15	 5	 8	 8	 6	 6	 2	 50
	    - Lower*	 12	 15	 10	 7	 7	 6	 0	 57
	 Axial distribution
	    - Central	 6	 0	 0	 0	 0	 1	 0	 7
	    - Peripheral	 7	 7	 2	 0	 3	 1	 1	 21
	    - Peripheral and subpleural*	 10	 10	 4	 3	 2	 4	 4	 37
	 Antero-posterior distribution								      
	    - Anterior*	 2	 0	 2	 4	 0	 0	 0	 8
	    - Middle	 12	 2	 4	 2	 2	 3	 1	 26
	    - Posterior*	 13	 13	 7	 2	 7	 1	 1	 44
	 No predominant distribution*	 5	 3	 3	 3	 0	 0	 2	 16

Ground-glass pattern
	 As associated predominant pattern*	 1	 4	 5	 1	 3	 2	 1	 17
	 Well-defined margins*	 0	 0	 0	 0	 2	 0	 0	 2
	 Centrilobular*	 0	 0	 0	 0	 0	 2	 0	 2

Nodular pattern
	 As associated predominant pattern*	 12	 0	 0	 2	 0	 1	 0	 15
	 Nodules*	 29	 12	 16	 10	 7	 7	 3	 84
	 Centrilobular micronodules*	 0	 1	 4	 0	 0	 4	 1	 10
	 Tree in bud*	 0	 0	 0	 0	 0	 1	 0	 1
	 Galaxy sign*	 11	 1	 0	 0	 0	 0	 0	 12
	 Perilymphatic micronodules*	 27§	 1	 2	 3	 0	 0	 0	 33
	 Cavitated nodule*	 1	 0	 5	 1	 0	 0	 0	 7

Linear pattern
	 Bands*	 3	 5	 0	 0	 5	 2	 1	 16
	 Intralobular reticulations*	 0	 4	 0	 1	 0	 1	 0	 6
	 Smooth septal thickening*	 2	 1	 3	 3	 1	 0	 0	 10
	 Nodular septal thickening*	 2	 0	 1	 2	 0	 0	 0	 5

(continued)
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nosis of chronic diffuse interstitial lung diseases pre-
senting with predominant ground-glass opacity (11).

Based on our data set, LAD defined combi-
nations of attributes (called patterns) and models 
(compilations of patterns) characterizing each dis-
ease. Next, the agglomeration of models allowed pa-
tients with or without a given disease to be classified 
and the sensitivity of the models to be calculated. 
The analysis was based on HRCT data alone and on 
combined HRCT and clinical data. Validation was 
performed according to the leave-one out cross-val-
idation method.  Leave-one-out cross-validation is a 
simply n-fold cross-validation, where n is the num-
ber of patients in the dataset. (14).

Selection of relevant attribute combinations and
definition of models

Each pattern in our study included a maximum 
of 3 HRCT and/or clinical attributes which could be 

observed in homogeneous subsets of patients. This 
maximum of 3 attributes per pattern was chosen to 
limit the number of generated patterns and to keep 
readable models. The method identified positive pat-
terns, mainly covering patients with the disease, and 
negative patterns, mainly covering patients without 
the disease. The selection of combinations used in the 
models was performed by a radiologist (MB) and a 
pulmonologist (DV) according to relevancy. 

Understanding overlaps

Failures of LAD were investigated by the ag-
glomeration of models and cluster analysis. Both 
approaches aimed to help to understand the HRCT 
overlap between diagnoses. 

During the agglomeration of models, each pa-
tient in the data set was tested for each model. There-
fore, a patient could be classified as follows: correct 
classification (the correct diagnosis was given by the 

Table 1 (continued). Details of the attributes evaluated by logical analysis of data for the 7 main categories

		  Sarcoidosis	 CTD	 ADC	 Lymphoma	 COP	 DILD	 CEP	 Total
		  n=35	 n=21	 n=17	 n=13	 n=11	 n=9	 n=7	 n=124

	 Hilo peripheral lines*	 2	 5	 0	 0	 3	 0	 1	 11
	 Subpleural curvilinear lines*	 0	 4	 0	 0	 2	 2	 1	 9
	 Peripheral honeycombing*	 1	 1	 1	 0	 0	 0	 0	 3
	 Other lines*	 20	 10	 2	 4	 6	 5	 3	 50

Bronchial disease
	 Proximal traction bronchiectasis*	 0	 0	 2	 0	 0	 1	 0	 3
	 Distal traction bronchiectasis*	 2	 5	 1	 2	 1	 2	 1	 14
	 Bronchiectasis (except traction)*	 0	 4	 1	 1	 0	 0	 0	 6
	 Peribronchovascular thickening*	 15	 6	 1	 5	 0	 3	 2	 32

Lymph nodes
	 Hilar*	 23	 2	 1	 5	 1	 0	 2	 34
	 Mediastinal*	 25§	 2	 5	 5	 0	 0	 2	 39

Pleura
	 Thickening*	 5	 0	 4	 2	 0	 0	 0	 11
	 Effusion*	 5	 1	 4	 1	 1	 0	 2	 14

Other HRCT signs
	 Fissural distortion*	 6	 1	 0	 2	 0	 1	 0	 10
	 Lung collapse*	 7	 2	 6	 3	 1	 0	 1	 20
	 Centrilobular emphysema*	 0	 0	 2	 0	 0	 2	 0	 4
	 Thin-walled cyst*	 0	 1	 2	 0	 0	 0	 0	 3
	 Thick-walled cyst*	 0	 0	 1	 0	 0	 0	 0	 1
	 Esophageal dilatation*	 0	 2	 1	 0	 0	 0	 0	 3

CTD: connective tissue disease, ADC: adenocarcinoma, COP: cryptogenic organizing pneumonia, DILD: drug-induced lung disease, CEP: 
chronic eosinophilic pneumonia
Total column includes the 7 previous columns and miscellaneous category
* Informative data used by the logical analysis of data to construct the different models
† Data are presented as the number of patients except for age (mean number of years)
‡ Hypodense or hyperdense compared to vessel density
§ Sensitivity> 70% and specificity >80% for the considered diseas
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correct model), partially correct classification (if two 
positive diagnoses were proposed including the cor-
rect one), misclassification (if the patient fitted with 
one or several models, but none was the correct diag-
nosis) and unclassified (if the patient was not classi-
fied as positive by any model). Our analysis focused 
on partially correct and misclassified patients.

Cluster analysis consists of classifying diseases 
into subsets (clusters) in such a way that HRCT and 
HRCT + clinical attributes in the same cluster are 
more similar to each other than to those in other 
clusters. The aim is to obtain higher homogeneity 
within a cluster and, conversely, higher heterogene-
ity among the different clusters. Cluster analysis is 
a general task that can be performed using differ-
ent methods. The expected maximization algorithm 
using the Weka software package (http://www.
cs.waikato.ac.nz/ml/weka/) was chosen in this study 
to isolate our clusters. Our analysis focused on over-
laps among the different diseases.

Results

Analysis of HRCT attributes alone

Table 1 shows the frequency of clinical and 
HRCT attributes for each category of disease. Co-
hen’s kappa agreement measure for the most frequent 
signs (observed by at least one observer in more than 
10% of the cases) was good for 21/39 attributes. A 
lower level of agreement was noted for hilo-periph-
eral lines (poor), peribronchovascular thickening 
(fair), a stretched or an absent bronchogram (fair), 
smooth septal lines (fair), the association of ground-
glass opacity as a predominant finding (fair) and lung 
collapse (moderate). 

Among all HRCT attributes, some were spe-
cific, few were sensitive, but none of them had both 
a sensitivity and specificity >80% (Figure 1A -C). 
Particularly, regarding the standard signs of chronic 
consolidation, some were highly specific of a given 
disease but had a low (<50%) sensitivity: for example 
the “galaxy” sign in sarcoidosis or the bulging fissure 
sign in adenocarcinoma had a specificity of 99% and 
94% but a sensitivity of 31% and 47%, respectively. 
Eventually, some signs were neither specific nor sen-
sitive (for instance, the halo sign). 

Fig. 1. Scatter plots of the sensitivity and specificity of isolated 
HRCT and clinical features, and of HRCT and HRCT + clinical 
models for sarcoidosis (1A), connective tissue disease (1B), adeno-
carcinoma (1C). White circles represent isolated HRCT attrib-
utes, black circles represent clinical attributes. The attribute name 
is mentioned if the sensitivity is >70%, and the specificity is >80%. 
White squares represent HRCT models, and black squares repre-
sent HRCT + clinical models

A)

B)

C)
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In sarcoidosis, the best attributes were perilym-
phatic micronodules and mediastinal nodes, which 
had a good sensitivity and were both highly specific 
(sensitivity of 77% and 71% and specificity of 92% 
and 82%, respectively). For adenocarcinoma, the best 
attributes were lobar distribution of consolidation 
and a stretched or an absent bronchogram (sensi-
tivity of 76% and 88% and specificity of 87% and 
77%, respectively). As expected, chronic eosinophilic 
pneumonia had a trend for upper lobe predominance 
(sensitivity of 71% and specificity of 85%). 

Definition of models for HRCT and HRCT+ clinical 
attributes 

Almost all attributes were used for the definition 
of models (46/50 for HRCT and 10/14 for clinical 
attributes) (Tables 1 and 2a-n).  

The HRCT models had a sensitivity and speci-
ficity >80% for the diagnosis of sarcoidosis (sensitiv-
ity and specificity of 86% and 85%, respectively) and 
reached a higher specificity (>90%) for adenocarci-
noma (sensitivity and specificity of 100% and 96%, 
respectively) and chronic eosinophilic pneumonia 
(86% and 96%). The specificity remained >90% but 
with a lower sensitivity for the diagnosis of connec-
tive tissue disease (69%) and drug-induced lung dis-
ease (75%). Conversely, we could not obtain accurate 
models for the diagnosis of lymphoma and crypto-
genic organizing pneumonia (sensitivity <80%, spec-
ificity ≤50%).

Adding clinical data to HRCT data improved 
the model specificity (>90%) without decreasing the 
sensitivity for sarcoidosis (sensitivity and specificity 
of 83% and 95%, respectively), connective tissue dis-
ease (83% and 95%), and drug-induced lung disease 

Table 2  (A-B). Models obtained using LAD for sarcoidosis

A. HRCT model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    sarcoidosis	 sarcoidosis
				    (n= 35)	 (n=89)

Positive	 Hilar lymph nodes	 No nodular septal thickening	 No band	 21	   8
Positive	 No lobar distribution (AC)	 Perilymphatic Micronodules	 No smooth septal	 24	   4
			   thickening
Positive	 Perilymphatic micronodules	 No nodular septal thickening	 No bronchiectasis	 25	   4
Negative	 No perilymphatic micronodules	 No fissural distortion	 No hilar lymph nodes	   3	 67
Negative	 No perilymphatic micronodules	 No peripheral honeycombing	 No hilar lymph nodes	   3	 63
Negative	 No galaxy sign	 No peribroncho- vascular	 No hilar lymph nodes	   3	 59
		  thickening

B. HRCT + clinical model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    sarcoidosis	 sarcoidosis
				    (n= 35)	 (n=89)

Positive	 Age ≤ 60	 No fever	 Smoker	 20	 3
Positive	 Age ≤ 55	 No fever	 No crackles	 25	 7
Positive	 Age ≤ 40	 No fever	 No cavitated nodule	 23	 4
Positive	 Perilymphatic micronodules	 No nodular septal thickening	 No band	 24	 3
Negative	 Age ≥ 40	 No fissural distortion	 No hilar lymph nodes	 2	 63
Negative	 Age ≥ 40	 No perilymphatic micronodules	 	  3	 70
Negative	 No hilar lymph nodes	 No fissural distortion	 No perilymphatic	 3	 67
			   micronodules
Negative	 No peribroncho-vascular	 No peripheral honeycombing	 No perilymphatic	 3	 63
	 thickening		  micronodules
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(100% and 94%). The model specificity remained 
above this threshold for chronic eosinophilic pneu-
monia (sensitivity and specificity of 100% and 97%, 
respectively) and adenocarcinoma (88% and 92%). 
Regarding lymphoma and cryptogenic organizing 
pneumonia, the specificity of the models increased 
(>90% for both), but the sensitivity showed a sig-
nificant decrease (≤55%).  Sensitivity and specificity 
results obtained with the leave-one out cross-vali-
dation method provided slightly lower sensitivities 
(Appendix C). This result is probably due to overfit-
ting, which occurs when a model is overly complex, 
especially when the number of attributes is too high 
relative to the number of observations.  

Comprehensive analysis of overlaps

Results of the model agglomeration and cluster 
analysis are shown in Table 3. In most cases (68/124, 
55% based on HRCT and 70/124, 56% based on 
HRCT and clinical attributes), the patients fulfilled 
only one of the different models and were correctly 
classified. The diagnosis was correct in all cases of 
chronic eosinophilic pneumonia. The diagnosis was 
also correct for all cases of adenocarcinoma based on 
HRCT attributes and for sarcoidosis when adding 
clinical data. In a limited number of cases, patients 
fulfilled several models simultaneously, including 
being diagnosed correctly (partially correct classifi-

Table 2 (C-D). Models obtained using LAD for connective tissue diseases

C. HRCT model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    CTD	 CTD
				    (n= 21)	 (n=103)

Positive	 Peribronchovascular distribution (AC)	 Posterior distribution (AC)	 No band	 9	 1
Positive	 Peribronchovascular distribution (AC)	 Lower distribution (AC)	 No pleural	 10	 5
			   thickening
Positive	 Peribronchovascular distribution (AC)	 No middle (cranio-caudal) 	 No mediastinal	 10	 5
		  distribution (AC)	 lymph nodes	
Negative	 No peribroncho-vascular distribution (AC)	 No intralobular reticulations	 No subpleural	 4	 74
			   curvilinear lines	
Negative	 No posterior distribution (AC)	 No intralobular reticulations	 No bronchiectasis	 2	 65
Negative	 No reversed halo sign (AC)	 Nodule	 No bronchiectasis	 3	 61 

D. HRCT + clinical model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    CTD	 CTD
				    (n= 21)	 (n=103)

Positive	 Extrathoracic visceral involvement	 Crackles	 No mediastinal	 16	 9
			   lymph nodes
Positive	 Age ≤ 55	 Crackles	 No hilar lymph nodes	 13	 8
Positive	 Extrathoracic visceral involvement	 Peribronchovascular 	 No mediastinal lymph	 12	 4
		  distribution (AC)	 nodes
Negative	 No extrathoracic visceral involvement	 No Raynaud/ myalgias	 No intralobular	 2	 66
			   reticulations
Negative	 No rheumatologic symptoms	 No peribroncho-vascular 	 No intralobular	 2	 66
		  distribution (AC)	 reticulations
		  	
Negative	 No extrathoracic visceral involvement	 No Raynaud/ myalgias	 No esophageal 	 2	 66
			   dilatation	
Negative	 No posterior distribution (AC)	 No intralobular reticulations	 No bronchiectasis	 65	 2
Negative	 No crackles	 No intralobular reticulations	 No bronchiectasis	 59	 1
Negative	 No crackles	 No thin wall cyst	 No bronchiectasis	 59	 1
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Table 2 (E-F). Models obtained using LAD for adenocarcinoma

E. HRCT model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    adenocarcinoma	adenocarcinoma
				    (n=17)	 (n=107)

Positive	 Lobar distribution (AC)	 Asymmetrical distribution (AC)	 Nodules	 9	 1
Positive	 No predominant nodular pattern	 Cavitation (AC)	 No galaxy sign	 10	 2
Positive	 No predominant nodular pattern	 Lobar distribution (AC)	 Asymmetrical 	 10	 3
			   distribution (AC)	
Negative	 No predominant ground glass pattern	 No cavitation (AC)	 No stretched nor	 1	 82
			   absent bronchogram (AC)
Negative	 Symmetrical distribution (AC)	 NO cavitation (AC)	 No thick-walled cyst	 0	 76
Negative	 No lung collapse	 No bulging fissure (AC)	 No cavitated nodule	 1	 83

F. HRCT + clinical model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (clinical + HRCT data)		  Patients with	 Patients without
pattern				    adenocarcinoma	adenocarcinoma
				    (n=17)	 (n=107)

Positive	 Age ≥ 50	 No fever 	 Lobar distribution (AC)	 11	 2
Positive	 Age ≥ 50	 Lobar distribution (AC)	 No peribroncho-vascular	 13	 4
			   thickening
Negative	 No predominant ground-glass	 No stretched nor absent 	 No cavitated nodule	 1	 82
	 pattern	 bronchogram (AC)
Negative	 No cavitation (AC)	 Symmetrical distribution (AC)	  	 0	 76

Table 2 (G-H). Models obtained using LAD for lymphoma

G. HRCT model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    lymphoma	 lymphoma
				    (n=13)	 (n=111)

Positive	 Anterior distribution (AC)	 No Reversed halo sign (AC)	 No stretched or 	 4	 0
			   absent bronchogram (AC)	
Positive	 Middle (cranio-caudal) distribution (AC)	 Peribronchovascular	 No other lines	 4	 1
		  thickening

H. HRCT + clinical model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (clinical + HRCT data)			   Patients with	 Patients without
pattern				    lymphoma	 lymphoma
				    (n=13)	 (n=111)

Positive	 Stretched or absent bronchogram (AC)	 No reversed halo sign (AC)	 Anterior	 4	 0
			   distribution (AC)
Positive	 No peribroncho-vascular distribution	 Middle (cranio-caudal) 	 No other lines	 4	 1
	 (AC)	 distribution (AC)
Negative	 Age ≤ 75	 No anterior distribution (AC)	 No distal traction	 6	 93
			   bronchiectasis
Negative	 No predominant distribution (AC)	 No anterior distribution (AC)	 	 6	 92
Negative	 No smooth septal thickening	 No nodular septal thickening	 No fissural distortion	 6	 90
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cation for 12/124, 10% based on HRCT and 8/124, 
6% based on HRCT and clinical attributes) or be-
ing misclassified (6/124, 5% based on HRCT and 
5/124, 4% based on HRCT and clinical attributes). 
Mismatches were mainly noted between sarcoidosis 
and lymphoma and between connective tissue dis-
ease and cryptogenic organizing pneumonia. Finally 

31% of the studied population remained unclassi-
fied, especially patients included in the miscellane-
ous category, as this category was not described by 
a model. 

The cluster analysis individualized three clusters 
based on HRCT alone or with clinical data (Table 
4). Cluster A grouped most of the sarcoidosis cases 

Table 2 (I-J). Models obtained using LAD for cryptogenic organizing pneumonia 

I. HRCT model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    COP	 COP
				    (n=11)	 (n=113)

Positive	 No posterior distribution (AC)	 Band	 No pleural effusion	 4	 2
Positive	 No middle (cranio-caudal) distribution (AC)	 Band	 No pleural effusion	 5	 4

J. HRCT + clinical model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (clinical + HRCT data)			   Patients with	 Patients without
pattern				    COP	 COP
				    (n=11)	 (n=113)

Positive	 Caucasian	 Fever	 No middle (cranio-	 4	 2
			   caudal) distribution (AC)	
Negative	 No predominant ground-glass pattern	 No upper distribution (AC)	 No band	 2	 67
Negative	 Age ≤ 55	 No ground glass with 	 No subpleural curvilinear 	 2	 66
		  well-defined margins 	 lines	

Table 2 (K-L). Models obtained using LAD for drug-induced lung disease (DILD) 

K. HRCT model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    DILD	 DILD
				    (n=8)	 (n=116)

Positive	 Abnormal density (AC)	 No subpleural curvilinear lines	 No pleural effusion	 5	 0
Negative	 No abnormal density (AC)	 No centrilobular emphysema	 No proximal traction bronchiectasis	 1	 113
			 

L. HRCT + clinical mode			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    DILD	 DILD
				    (n=8)	 (n=116)

Positive	 Exposure to drugs	 No Caucasian	 Abnormal density (AC)	 5	 0
Positive	 Age ≥ 70	 No posterior distribution (AC)	 No lung collapse	 4	 2
Positive	 Exposure to drugs	 Fever	 No reversed halo sign (AC)	 6	 4
Negative	 No fever	 No tree in bud	 No centrilobular ground glass	 0	 84
Negative	 Age ≤ 60	 No abnormal density (AC)	  No proximal traction bronchiectasis	 0	 82
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(71 and 80% for HRCT alone or with clinical data, 
respectively), cluster B grouped most of the con-
nective tissue disease cases (95 and 90% for HRCT 
alone or with clinical data, respectively), and cluster 
C grouped most of the adenocarcinoma cases (82 
and 82% for HRCT alone or with clinical data, re-
spectively). No specific cluster was recognized for the 
other diagnoses, with cases of lymphoma distributed 
among the 3 clusters. Finally, many cases of crypto-
genic organizing pneumonia were observed in clus-
ter B based on HRCT data (72 and 55% for HRCT 
alone or with clinical data, respectively). 

Discussion

By providing models based on the combinations 
of attributes, LAD supports the diagnosis of chronic 
pulmonary consolidations. Indeed, LAD allows the 

attainment of a sensitivity >80% and a specificity 
>90% based on HRCT data for adenocarcinoma and 
chronic eosinophilic pneumonia, respectively. Sec-
ondly, LAD highlights the need to combine HRCT 
and clinical data to obtain the best results for sar-
coidosis, connective tissue disease, and drug-induced 
lung diseases, with models reaching 90% specificity. 
Third, LAD failed to provide a satisfactory model for 
lymphoma and cryptogenic organizing pneumonia, 
with both diseases having a wide HRCT polymor-
phism spectrum as evidenced by cluster analysis. 

Data mining techniques are a new field of re-
search in radiology. LAD method reproduces daily 
practice, where features are combined to propose 
a diagnosis. From a patient’s point of view, LAD 
should be considered as support for the physician as 
it provides a justification of the results based on the 
list of positive and negative patterns. Each pattern 
comprises attributes that suggest or exclude a given 

Table 2 (M-N). Models obtained using LAD for chronic eosinophilic pneumonia 

M. HRCT model			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    CEP	 CEP
				    (n=8)	 (n=116)

Positive	 Upper distribution (AC)	 Peripheral and subpleural distribution (AC)	 Reversed halo	 4	 1
			   sign (AC)
Positive	 Upper distribution (AC)	 No lobar distribution (AC)	 No perilymphatic	 5	 4
			   Micronodules	
Negative	 No upper distribution (AC)	 Predominant distribution  ≠ NO (AC)	 	 0	 85
Negative	 No upper distribution (AC)	 Nodule		  0	 74
Negative	 No reversed halo sign (AC)	 No peribronchovascular distribution (AC)	 	 0	 63

N. HRCT + clinical mode			   Number of patients fitting 
				    the pattern

Type of	 Pattern description (HRCT)			   Patients with	 Patients without
pattern				    CEP	 CEP
				    (n=8)	 (n=116)

Positive	 Female gender	 No lower distribution (AC)	 No nodule	 4	 3
Positive	 Age ≤ 60	 Fever	 Upper distribution	 5	 0
			   (AC)
Negative	 NO upper distribution (AC)	 Nodule		  0	 74
Negative	 No upper distribution (AC)	 Symmetrical distribution (AC)	 No centrilobular	 0	 69
			   micronodule
Negative	 Age ≥ 30	 No reversed halo sign (AC)	 No predominant	 0	 68
			   distribution  (AC)
Negative	 No upper distribution (AC)	 No peribronchovascular distribution (AC)	 No hilo peripheral	 0	 68
			   lines

AC = refers to characteristic of alveolar consolidations
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diagnosis. For instance, perilymphatic micronodules 
and enlarged hilar lymph nodes are the cornerstone 
of sarcoidosis on HRCT. Consequently, they con-
tribute to the diagnosis of sarcoidosis in positive pat-
terns, and their absence tends to block this diagnosis 
in negative patterns. 

Our results confirm previously sparse data from 
the literature showing various degrees of overlap be-
tween benign conditions (15, 16). Concerning drug-
induced lung disease and connective tissue disease, 
clinical attributes have to be considered in addition 
to HRCT attributes to reach both a high sensitiv-
ity and specificity. As expected, exposure to drugs 
known to cause lung diseases, age, crackles and the 
presence of extrathoracic signs were combined on 
HRCT in the different patterns. Regarding crypto-

genic organizing pneumonia, we could not obtain an 
accurate model, and the diagnosis should be consid-
ered by exclusion of others. In the agglomeration of 
models, we noticed several misclassifications or par-
tially correct classifications involving connective tis-
sue disease and cryptogenic organizing pneumonia, 
with the two diagnoses well represented in cluster 
B. This result was expected because we know from 
the pathological literature that these diagnoses are 
both included in the wide spectrum of organizing 
pneumonia (17). Future studies should focus on the 
distribution of consolidation, which seem to be more 
frequently peribronchovascular and peripheral in the 
case of connective tissue disease. 

For malignant diseases, the interpretation of re-
sults differed between adenocarcinoma and lympho-

Table 3 – Agglomeration of models generating the results for the classification of patients by LAD

Diagnosis	 Number 	 Correct classification	 Partially correct	 Misclassification n (%)	 Unclassified n (%)
	 (n)	  n (%)	 classification n (%)	 -Evoked diagnosis
		  	 Alternative diagnoses 	 (number)
			   (number)		

		  HRCT	 HRCT and	 HRCT	 HRCT and	 HRCT	 HRCT and	 HRCT	 HRCT and
		  attributes	 clinical	 attributes	 clinical	 attributes	 clinical	 attributes	 clinical
			   attributes		  attributes		  attributes		  attributes

Sarcoidosis	 35	 26 (76)	 27 (77)	 2 (6)	 0 (0)	 0 (0)	 0 (0)	 7 (20)	 8 (23)
				    -lymphoma (1)
				    -COP (1)	

CTD	 21	 10 (48)	 14 (67)	 3 (14)	 2 (10)	 1 (5)	 0 (0)	 7 (33)	 5 (24)
				    -sarcoidosis (1)	 -CEP (1)	 -CEP (1)
				    -COP (2)	 -COP (1)	
	
ADC	 17	 17 (100)	 11 (65)	 0(0)	 2 (12)	 0 (0)	 1 (6)	 0 (0)	 3 (18)
					     -CTD (1)		  -sarcoidosis (1)
					     -DILD (1)	
	
Lymphoma	 13	 4 (31)	 3 (23)	 3 (23)	 1 (8)	 1 (8)	 2 (15)	 5 (38)	 7 (54)
				    -sarcoidosis (3)	 -ADC (1)	 -sarcoidosis (1)	-sarcoidosis (1)
							       -CTD (1)	

COP	 11	 3 (27)	 1 (9)	 2 (18)	 2 (18)	 0 (0)	 1 (9)	 6 (55)	 7 (64)
				    -CTD (2)	 -DILD (1)		  -CTD (1)
					     -ADC (1)	

DILD	 9	 3 (33)	 7 (78)	 2 (22)	 1 (11)	 0 (0)	 1 (11)	 4 (44)	 0 (0)
				    -ADC (1)	 -ADC (1)
				    -COP (1)	
	
CEP	 7	 5 (71)	 7 (100)	 0 (0)	 0 (0)	 0 (0)	 0 (0)	 2 (29)	 0 (0)

Miscellaneous	 11	 NA	 NA	 NA	 NA	 4 (36)	 0 (0)	 7 (64)	 11 (100)

Total	 124	 68 (55%)	 70 (56%)	 12 (10%)	 8 (6%)	 6 (5%)	 5 (4%)	 38 (31%)	 41 (33%)

CTD: connective tissue disease; ADC: adenocarcinoma; COP: cryptogenic organizing pneumonia; DILD: drug-induced lung disease;
CEP: chronic eosinophilic pneumonia
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ma, the first one being easily diagnosed, while the 
second one likely to be misinterpreted as sarcoidosis 
on HRCT images. For adenocarcinoma, our results 
corroborate the former descriptions of bronchioloal-
veolar carcinomas (18, 19, 20). Adenocarcinomas 
display a pneumonic growth by the filling of alveo-
lar spaces, expansion to the lobe leading to bulging 
fissures and narrowing bronchi, and frequent cavita-
tions (4, 18, 20). They finally disseminate through 
airways to produce distant nodules. Conversely, for 
lymphoma, no satisfactory model could be identified, 
and the diagnosis should be advocated when LAD 
generates several diagnoses, including sarcoidosis, or 
remains unclassified. Indeed, in the cluster analysis, 
we noticed the polymorphism of lymphoma, which 
shares similarities with other diseases (21–23). Lym-
phatic involvement in lymphoma, such as in sar-
coidosis (24), most likely explains the occurrence 
of the latter disease as an alternative diagnosis or a 
false diagnosis for lymphoma in the LAD models. 
The confusion urges caution, and the diagnosis of 
sarcoidosis should be retained in the case of typical 
cases with perilymphatic micronodules or nodules, 
hilar nodes and subtle signs of fibrosis (fissural dis-
tortion). In other cases, further histologic examina-
tions seem to be required, including transparietal bi-
opsy (25). 	

Our study has several limitations. First, we 
could not obtain models for rare diseases (miscel-
laneous category), and a significant number of pa-
tients remained unclassified by LAD. Indeed, the 
study was monocentric and retrospective, and strict 
diagnostic criteria were used. This resulted in a lim-
ited number of included cases (n=124), with a lack of 
representation of rare diseases and the need to group 
cases (particularly in the drug-induced lung disease 
category). Second, the limited number of patients, as 
regard to the complexity of models, is also responsi-
ble for a certain degree of overfitting. Overfitting oc-
curs when the LAD “memorized” rather than “learn” 
from the training set. It induces a decreased of sen-
sitivities during the leave-one-out cross-validation, 
as it can exaggerate minor fluctuations in the data. 
Third the study included HRCT performed between 
1988 and 2009, and most of them were realized with 
sequential scanning. Attribute detection may be 
more powerful with helical scanning. 

In conclusion, there was recently a paradigm 
shift in the diagnostic imaging approach of infil-

trative lung disease that was initially based on pre-
dominant lesions, often leading to numerous possible 
diagnoses. LAD, which is a mathematical approach 
that can combine numerous data, seems relevant for 
the diagnosis of chronic consolidation. Additionally, 
LAD highlights the need to combine clinical data 
in most of cases due to frequent overlaps at HRCT. 
Finally, LAD is a powerful support for diagnosis and 
provides imaging and clinical evidence to the physi-
cian. It may improve the performance of less expe-
rienced radiologists who cannot easily integrate the 
imaging and clinical findings.
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Appendices 

Appendix A

Fig. A.1. Study Flow Chart
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Appendix B

Table B.1 Diagnostic criteria of 22 diseases (8 categories) with chronic diffuse interstitial lung disease and predominant alveolar consolida-
tion

CDILD	 N	 Diagnostic criteria

Sarcoidosis	 35	 (i) Compatible clinical history and thoracic imaging, (ii) Histologic demonstration of 
			   noncaseating granulomas and (iii) Exclusion of an alternative diagnosis of granulomatosis (26)

Connective tissue disease	 21	 (i) Diagnosis of connective tissue disease according to specific diagnosis criteria, 
			   (ii) Compatible clinical history and thoracic imaging, (iii) Exclusion of an alternative 
			   diagnosis
	 Polymyositis and dermatomyositis 	 13	 Peter and Bohan criteria (27)
	 Sjögren’s syndrome	 5	 American-European Consensus Group criteria (28) 
	 Rheumatoid arthritis	 2	 American Rheumatoid Association criteria (29) 
	 Undifferentiated connectivitis	 1	 Mosca criteria (30)

Adenocarcinoma with lepidic growth	 17	 (i) Compatible clinical history and thoracic imaging, (ii) adenocarcinoma with lepidic 
			   growth on lung cytology or histology

Lymphoma	 13	 (i) Compatible clinical history and thoracic imaging, (ii) Lymphoma on lung biopsy

Cryptogenic organizing pneumonia	 11	 (i) Compatible clinical history, (ii) Mobile lung infiltrations on thoracic imaging, 
			   (iii) Absence of eosinophilia on BAL, (iv) Exclusion of alternative diagnosis or
			   (i) Compatible clinical history and thoracic imaging, (ii) Organizing pneumonia on lung
			   biopsy (iii) Exclusion of an alternative diagnosis of organizing pneumonia

Drug-induced lung disease	 9	
	 Amiodarone	 4	 (i) Exposure to a drug known to be responsible for CDILD, (ii) Compatible clinical history
	 Bicalutamide	 1	 and thoracic imaging, (iii) BAL compatible, (iv) Exclusion of an alternative diagnosis, 
			   (v) Clinical resolution with drug withdrawal
	 Exogenous lipid pneumonia	 4	 (i) Compatible clinical history and thoracic imaging, (ii) Presence of intrapulmonary lipids, 
			   (iii) Exogenous origin of the lipid pneumonia (31)

Chronic eosinophilic pneumonia	 7	 (i) Compatible clinical history and thoracic imaging, (ii) Blood eosinophilia > 1000 or 
			   BAL eosinophilia > 25% or eosinophil infiltration on lung biopsy, (iii) Exclusion of 
			   an alternative diagnosis 
Miscellaneous (n ≤ 4)	 11	
	 Vasculitis	 4	 (i) Diagnosis of vasculitis according to their specific diagnosis criteria, (ii) Compatible 
			   clinical history and thoracic imaging, (iii) Exclusion of alternative diagnosis
        Churg and  Strauss	 3	 American College of Rheumatology criteria (32)
        Wegener	 1	 American College of Rheumatology criteria (33)
	 Idiopathic pulmonary fibrosis	 1	 (i) Possible UIP on thoracic imaging (34) (ii) UIP on lung biopsy, (iii) Exclusion of 
			   an alternative diagnosis of UIP
	 Chronic beryllium disease	 1	 (i) A history of beryllium exposure, (ii) A positive beryllium-specific lymphocyte
			   proliferation test, (iii) Non-necrotizing granulomas on biopsy of lung/affected tissue
	 Silicosis	 1	 (i) A history of crystalline silica exposure, (ii) Compatible clinical history and thoracic
			   imaging, (iii) Silicotic granulomas or birefringeant body on lung biopsy 
	 Crohn’s disease	 1	 (i) Diagnosis of Crohn’s disease according to specific diagnosis criteria, (ii) Compatible 
			   clinical history and thoracic imaging, (iii) Organizing pneumonia on lung biopsy
	 Lung amyloidosis	 2	 (i) Compatible clinical history and thoracic imaging, (ii) Amyloidosis on lung biopsy
	 Radiation pneumonitis	 1	 (i) History of radiation therapy, (ii) Compatible history and thoracic imaging, 
			   (iii) Exclusion of an alternative diagnosis

BAL: bronchioloalveolar lavage 
CDILD: chronic diffuse interstitial lung disease
UIP: usual interstitial pneumoni
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Appendix C
Comparison of sensitivity and specificity obtained with LAD and with leave-one out cross-validation

Table C.1 HRCT models

Disease category	 Sensitivity	 Sensitivity	 Specificity	 Specificity
	 (LAD models)	 (leave-one out 	 (LAD models)	 (leave-one out
		  cross-validation method)	  	 cross-validation method)

Sarcoidosis	 0.86	 0.71	 0.85	 0.83
Connective tissue disease	 0.69	 0.55	 0.95	 0.84
Adenocarcinoma	 1.00	 0.59	 0.96	 0.95
Lymphoma	 0.77	 0.04	 0.50	 0.98
Cryptogenic organizing pneumonia	 0.73	 0.09	 0.48	 0.95
Drug-induced lung disease	 0.75	 0.5	 0.99	 0.93
Chronic eosinophilic pneumonia	 0.86	 0.44	 0.96	 0.98

Table C.2 HRCT + clinical models

Disease category	 Sensitivity	 Sensitivity	 Specificity	 Specificity
	 (LAD models)	 (leave-one out 	 (LAD models)	 (leave-one out
		  cross-validation method)	  	 cross-validation method)

Sarcoidosis	 0.83	 0.74	 0.93	 0.92
Connective tissue disease	 0.83	 0.6	 0.95	 0.91
Adenocarcinoma	 0.88	 0.53	 0.92	 0.96
Lymphoma	 0.38	 0.08	 1.00	 0.95
Cryptogenic organizing pneumonia	 0.55	 0	 0.91	 0.97
Drug-induced lung disease	 1.00	 0.5	 0.95	 0.97
Chronic eosinophilic pneumonia	 1.00	 0.42	 0.97	 0.97


