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RESUME

Introduction

Le phénotype emphysème peut bénéficier d'un traitement spécifique, éventuellement préventif de sa progression. Sa reconnaissance précoce est donc cruciale surtout lorsque les accès à l'imagerie quantitative et/ou à la consultation pneumologique sont limités. Au cours de l'étude AIR mené chez 614 patients, 71 % des sujets étaient classés GOLD 1 et 2 dont les 2/3 présentaient un emphysème majoritairement méconnu. Nous avons souhaité vérifier s'il existait des clusters individualisables sur une partie de cette cohorte, en incluant des mesures d'imagerie quantitatives de l'emphysème, des données cliniques et spirométriques simples, sans mesure de la distension thoracique ni de la DLCO. Nous avons ensuite testé divers modèles de prédiction du phénotype emphysémateux à partir de toutes les variables, en excluant les mesures d'imagerie, comme cela a été précédemment démontré par une étude post-hoc sur une cohorte de BPCO plus sévères, dans COSYCONET.

Méthodes

Notre étude a concerné 143 des 614 participants du centre Niçois de l'essai AIR. Les données cliniques, fonctionnelles et TDM ont été colligées sur un clone de la consultation digitale Colibri-BPCO. La méthode de complétion basée sur les forêts aléatoires missForest a permis de compléter 9,4% de données manquantes. Pour le clustering nous avons utilisé une technique d'apprentissage non supervisée, l'Analyse Factorielle de Données Mixtes (AFDM), puis choisi le nombre idéal de clusters basé sur un algorithme de matrices de dissimilarité COSA (Clustering Objects on Subsets of Attributes). Enfin, pour l'analyse de prédiction, nous avons employé diverses techniques de forêts aléatoires dont HyperSMURF.

Résultats

Parmi nos 143 patients, il s'agissait majoritairement d'hommes (66,4%), âgés de 62,2 ± 6,9 ans, dont la plupart (57,3%) étaient fumeurs actifs à 57,2 ± 22,7 Paquets-Années. Des images L'algorithme prédictif de l'emphysème retrouvait une Exactitude (Accuracy) de 0,9643 (95% CI 0,88) à l'aide des variables âge, IMC, VEMS/CVF, grade et groupe GOLD (VEMS, Exacerbations dans l'année, CAT score) et DIRECT.

Conclusion

Le phénotype emphysème pourrait être prédit avec une quasi-certitude chez des sujets fumeurs avec une BPCO légère sans scanner thoracique, ni mesures de la distension thoracique et de la DLCO. Ce modèle reste à valider sur d'autres cohortes de sujets fumeurs avec divers niveaux de sévérité de la fonction respiratoire mesurée par spirométrie lente et forcée.

Introduction

Chronic obstructive pulmonary disease (COPD) is the third cause of death worldwide, accounting for 6% of total deaths in 2019 (WHO Global Health Estimates (1)). It is characterized by persistent respiratory symptoms and airflow limitation due to airway and/or alveolar abnormalities usually caused by significant exposure to noxious particles or gases and influenced by host factors [START_REF] Rabe | Global Strategy for the Diagnosis, Management, and Prevention of Chronic Obstructive Pulmonary Disease: GOLD Executive Summary[END_REF].

Since 2017, the GOLD committee released a classification wherein FEV1 is separated from clinical parameters (exacerbation history, modified Medical Research Council dyspnea mMRC and COPD Assessment Test CAT scores)(3). This classification often guides clinical practice, but lacks statistical support with respect to its predictive ability regarding clinically meaningful outcomes, such as mortality and response to treatment (4).

Therefore, in parallel with the GOLD Guidelines, some authors explored the heterogeneity of the COPD disease. Nonetheless, there is a great disparity in the literature as to the best way to split patients into different phenotypes. The number of COPD phenotypes identified varies in the literature, with the most frequently reported being: Alpha1-Antitrypsin Deficiency COPD (5), upper-lobe emphysema and low base-line exercise capacity [START_REF]A Randomized Trial Comparing Lung-Volume-Reduction Surgery with Medical Therapy for Severe Emphysema[END_REF] and frequent-exacerbator [START_REF] Hurst | Susceptibility to Exacerbation in Chronic Obstructive Pulmonary Disease[END_REF]. Some authors define up to seven phenotypes [START_REF] Mirza | Chronic Obstructive Pulmonary Disease Phenotypes: Implications for Care[END_REF] with specific aspects of the management for each.

Phenotyping enables a precision medicine in order to personalize COPD patients care, with tailored treatments. Recently, research has increasingly called for the integration of other determinants into phenotyping, such as physiological characteristics, comorbidities, pulmonary function tests, tomographic images and biomarkers (4). However, a universal and properly defined classification of phenotypes lacks due to major methodological challenges that remain in studies on COPD phenotyping at various stages : selection of patients, completeness of dataset, statistical analysis and follow-up (9).

To this complex task involving large amounts of data, where the patterns can be somehow cryptic to the human-based reasoning, Artificial Intelligence (AI), through its branch Machine Learning (ML) or Data Mining (DM), came to the rescue [START_REF] Exarchos | Review of Artificial Intelligence Techniques in Chronic Obstructive Lung Disease[END_REF]. To achieve these aims, ML models undergo multiple phases that can be summarized into : 1/ Acquisition of a worthy dataset, 2/ data preparation (including treatment of missing data) [START_REF] Stekhoven | MissForest--non-parametric missing value imputation for mixedtype data[END_REF], 3/ selection of the appropriate ML algorithms, 4/ the training phase where the model is trained to learn the dependencies among the input variables : learning can be either supervised wherein the algorithm is trained using labeled datasets to classify data and predict outcomes accurately, or unsupervised wherein algorithms discover hidden patterns in data without the need for human intervention, 5/ the testing phase where new instances are presented to the aforementioned model in order to assess its generalizability [START_REF] Arbet | Lessons and tips for designing a machine learning study using EHR data[END_REF].

In COPD, clustering studies in diagnosis, patients classification, management and prognosis [START_REF] Exarchos | Review of Artificial Intelligence Techniques in Chronic Obstructive Lung Disease[END_REF] have started emerging recently [START_REF] Weatherall | Use of cluster analysis to define COPD phenotypes[END_REF]. In the COPD phenotyping where AI is commonly used, many authors applied ML to large sets of COPD patients in order to unfold COPD clusters with different characteristics and therefore eventually different personalized treatment. For instance, Pikoula and al. ( 14) applied an unsupervised classification scheme cluster analysis method on more than 30,000 COPD patient in order to identify clinically meaningful patient subgroups using as input 16 clinical features (e.g. risk factors, comorbidities) with no chest imaging. They identity five COPD patient clusters with the following leading characteristics: 1/ anxiety/depression, 2/ severe airflow obstruction and frailty, 3/ cardiovascular disease and diabetes, 4/ obesity/atopy and 5/ low prevalence of comorbid conditions. Other authors analyzed chest computed tomography images of COPD patients with correlating them to the pulmonary function tests (15)( 16) [START_REF] Karabulut | Emphysema discrimination from raw HRCT images by convolutional neural networks[END_REF] with the aim of generating different emphysema phenotypes.

The emphysema phenotype has a specific management encompassing lung volume reduction (18) [START_REF] Criner | A Multicenter Randomized Controlled Trial of Zephyr Endobronchial Valve Treatment in Heterogeneous Emphysema (LIBERATE)[END_REF]. Therefore its detection is very important especially in smokers followed in primary care when a chest CT scan or specialist lung consultation are difficult to access. We therefore retrospectively analyzed a cohort of COPD patients with chest CT, with the aim of potentially identifying multidimensional clinical clusters including categorical CT variables (emphysematous vs. nonemphysematous) and then creating a predictive model of the emphysema phenotype using only standard clinical parameters, questionnaire scores and basic forced spirometry measures.

Methods

Participants

The AIR trial [START_REF] Marquette | Circulating tumour cells as a potential biomarker for lung cancer screening: a prospective cohort study[END_REF] was a multicenter study done in 21 university centers in France, testing whether circulating tumor cells could be used as a biomarker for lung cancer screening in 614 patients with COPD.

For our proof-of-concept study, we included all patients in the AIR trial who were recruited in Nice, France. Those without COPD were excluded. All patients therefore had persistent respiratory symptoms and fixed airflow limitation with a post-bronchodilator FEV1/Forced Vital Capacity ratio of less than 0,7, and the criteria of the National Lung Screening trial for lung cancer screening [START_REF] National | Reduced Lung-Cancer Mortality with Low-Dose Computed Tomographic Screening[END_REF] : aged 55-74 years, with at least 30 pack-year smoking history.

Clinical evaluation

Baseline data included anthropomorphic, clinical and anamnestic data, spirometric data as well as a chest CT scan.

COPD symptoms, quality of life and disability were evaluated using respectively the modified Medical Research Council (mMRC) [START_REF] Bestall | Usefulness of the Medical Research Council (MRC) dyspnoea scale as a measure of disability in patients with chronic obstructive pulmonary disease[END_REF], CAT score and the Disability Related to COPD Tool (DIRECT) [START_REF] Regnault | Disability related to COPD tool (DIRECT): towards an assessment of COPD-related disability in routine practice[END_REF]. COPD's impact on mental health was assessed using Hospital Anxiety and Depression Scale. It is a combined questionnaire (depression and anxiety) with 14 questions.

Spirometry

The lung function parameters used in our study were: Forced Expiratory Volume in one second (FEV1), Forced Vital Capacity (FVC) and their ratio FEV1/FVC, as well as maximal Forced Inspiratory Flow (FIFmax) and inspiratory capacity. Plethysmography and carbon monoxide diffusion capacity were not performed as per the AIR protocol.

CT scan

At baseline, patients underwent Non-Contrast-Enhanced inspiratory CT scan.

Lung volumes were estimated and emphysema was quantified per lobe using a quantitative software, StratX (Thirona's lung quantification software).

Chest CT Phenotypes

We classified patients into four phenotypes, mainly based on the severity of emphysema on chest CT and also taking into account the annual exacerbation rate in the previous year before inclusion.

Patients with more than 15% (24)(25) [START_REF] Ding | Role of the Emphysema Index Combined with the Chronic Obstructive Pulmonary Disease Assessment Test Score in the Evaluation of Chronic Obstructive Pulmonary Disease. Sontake V, éditeur[END_REF] of voxels less than -950 HU at quantitative CT (27)(28) [START_REF] Gevenois | Comparison of computed density and macroscopic morphometry in pulmonary emphysema[END_REF], not having alternative abnormalities such as lung cysts, were defined as having Emphysema. A heterogeneity index was established to differentiate between low and high levels of emphysema heterogeneity. A difference of 15% in tissue destruction was used as a threshold to differentiate between homogenous and heterogenous emphysema [START_REF] Valipour | Patterns of Emphysema Heterogeneity[END_REF].

The exacerbators were defined as patients having at least 2 exacerbations or an hospitalization in the previous year [START_REF] Hurst | Susceptibility to Exacerbation in Chronic Obstructive Pulmonary Disease[END_REF]. Based on these two parameters, four phenotypes were defined:

-Emphysema phenotype : emphysema without exacerbation -Exacerbator phenotype : Exacerbator without emphysema -Mixed phenotype : Exacerbators with emphysema -Mild phenotype : none exacerbator non emphysematous patients.

Patients with Asthma-COPD overlap were not included since reversibility was an exclusion criterion in the AIR trial.

Statistical analysis Managing missing data

Our data set was composed for each patient by the observed values of two types of variables, continuous and categorical and presents several missing values (9,4%). Assuming that these missing values over the variables in the data set occur completely at random (the process of missing entries is not influenced by the data or the data generating process), we impute the missing data by simply handing it over to missForest [START_REF] Stekhoven | MissForest--non-parametric missing value imputation for mixedtype data[END_REF], which is a nonparametric imputation method for basically any kind of data. The missForest algorithm can cope with mixed-type of variables, nonlinear relations, complex interactions and high dimensionality. It only requires the observation (i. e. the rows of the data set supplied to the algorithm) to be pairwise independent. The algorithm is based on random forest [START_REF] Breiman | Using Iterated Bagging to Debias Regressions[END_REF] and is dependent on its R implementation random Forest by Andy Liaw and Matthew Wiener [START_REF] Liaw | Classification and Regression by randomForest[END_REF]. Put simple: for each variable missForest fits a random forest on the observed part and then predicts the missing part. The algorithm continues to repeat these two steps until a stopping criterion is met or the user specified maximum of iterations is reached [START_REF] Stekhoven | MissForest--non-parametric missing value imputation for mixedtype data[END_REF].

Cluster analysis

To enrich the description of the data, we then performed on the imputed data set an unsupervised cluster analysis according to the recorded characteristics of the study participants patients. To achieve this task, we combined three exploratory data analysis methods, a factor analysis of mixed data (FAMD) (a kind of principal component method dedicated to analyze a data set containing both continuous and categorical variables (see Lê, S, Josse, J. and Husson, F. ( 2008)) [START_REF] Lê | FactoMineR: An R Package for Multivariate Analysis[END_REF], hierarchical clustering (see e.g. Murtagh F and Contreras P (2012)) [START_REF] Murtagh | Algorithms for hierarchical clustering: an overview[END_REF] and partitioning (35).

Principal component methods are used as preprocessing step, to clustering. From principal components, which are the linear amalgamation of the original variables, distances between individuals are derived. Using then these distances (compatible with mixed data) we performed a hierarchical clustering method, with an optimal choice of the possible number of clusters, based on a dissimilarity matrix derived by the COSA (Clustering Objects on Subsets of Attributes) algorithm proposed by [START_REF] Friedman | Clustering objects on subsets of attributes (with discussion)[END_REF] [START_REF] Friedman | Clustering objects on subsets of attributes (with discussion)[END_REF]. The identified clusters are characterized by considering between-cluster differences of patients' recordings using appropriate statistical tests adapted to the types of recordings. All analyses were performed using R software. Evaluation of emphysema on CT scan showed that 107 patients of 143 (74,8%) had emphysema.

Cluster generating features

On average, 27,82% (SD 13,4%) of the lung was affected by emphysema. For 47,7% of emphysema patients (51 of 107), emphysema was heterogenous and for 52,9% of them (27 of 51) it is predominantly in upper lobe. Seven patients (4.9%) had chest CT scans that were not analyzable for emphysema quantification using StratX.

When we focus on phenotypes, 98 of 143 patients (68,5%) had emphysema phenotype. The second was mild phenotype (25 of 143 (17,5%)). Only 4 patients had the Exacerbator phenotype (2,8%) and 9 (6,3%) the mixed phenotype.

The Hopkins' statistic value was 0,68 suggesting clustered data (Supplementary appendix 1). The optimal cluster analysis separated our population in two clusters (Figure 1 and2). Since our population was split in two clusters mainly depending on the presence of emphysema, we tested multiple non-tomographic variables in order to try to predict the Emphysema Phenotype in patients without the need for a chest CT. The statistical analysis highlights a very robust model with nine variables (Table 2) which can predict with a high power the Emphysema phenotype (Sensitivity: 100%, Specificity: 100%, Positive predicted value: 100%, Negative predicted value: 100%, Accuracy: 0,9643 with (95% CI 0,8766; 1). In this model, we count two common Pulmonary Function Test (FEV1/FVC, FEV1), two common pulmonary questionnaires (CAT and DIRECT), the GOLD Classification, age and Body Mass Index (BMI).

Discussion

We have demonstrated that using an unsupervised ML-based clustering, we were able to recognize a cluster of emphysematous patients which is concordant with a clinical-based phenotyping. To our surprise, when we eliminated tomographic data from the dataset and we analyzed a predictive model of emphysema phenotype versus non emphysema phenotype, we were still able to predict with an impressive 96 % accuracy the presence of emphysema phenotype using 9 readily available clinical data that we can rearrange into only four:

-Age -BMI: weight / height 2 -GOLD score: FEV1/FVC, FEV1, Exacerbations in the previous year, CAT score -Direct questionnaire.

COPD is now regarded as an umbrella of different sub-types of diseases presenting with respiratory symptoms, fixed obstruction and tomographic changes [START_REF] Stolz | Towards the elimination of chronic obstructive pulmonary disease: a Lancet Commission[END_REF]. Therefore, endophenotyping is becoming the cornerstone of understanding and management of COPD using tailored treatments. Nonetheless, COPD phenotyping is very complex and that's related to the fact that phenotypes are rarely mutually exclusive and often overlap [START_REF] Lopez-Campos | Moving Towards Patient-Centered Medicine for COPD Management: Multidimensional Approaches versus Phenotype-Based Medicine-A Critical View[END_REF]. In their recent commission towards the elimination of COPD, authors introduce a distinction between COPD types (genetic, connected to early life events, post-infectious, smoking and environmental exposure) those articulate with 10 various clinical phenotypes [START_REF] Stolz | Towards the elimination of chronic obstructive pulmonary disease: a Lancet Commission[END_REF]. The current tendency is therefore clearly towards sub-typing and clustering this heterogeneous disease in order to better tailor treatment. It is now clear that AI-based clustering could serve to find homogenous groups of patients deserving specific treatments [START_REF] Pikoula | Identifying clinically important COPD sub-types using data-driven approaches in primary care population based electronic health records[END_REF][START_REF] Peng | Classification and Quantification of Emphysema Using a Multi-Scale Residual Network[END_REF][START_REF] Sorensen | Quantitative Analysis of Pulmonary Emphysema Using Local Binary Patterns[END_REF][START_REF] Karabulut | Emphysema discrimination from raw HRCT images by convolutional neural networks[END_REF]. Nonetheless, until now, clustering COPD patients has not allowed for a significant modification in our understanding of phenotyping or treatment. As long as we are unable to universally phenotype patients, and to understand the various COPD endo-phenotypes pathophysiologies, it will continue to be hard to develop phenotype-specific treatments. Emphysema phenotype is one that is clearly commonly accepted [START_REF] Burgel | Clinical COPD phenotypes: a novel approach using principal component and cluster analyses[END_REF] and specific care is already available (lung volume reduction [START_REF] Herth | Endoscopic Lung Volume Reduction: An Expert Panel Recommendation -Update 2019[END_REF]) or being tested (potential role of Metformin in Emphysema treatment ( 43)). It is therefore important to be able to identify this phenotype even in the absence of chest CT scan.

Contrary to most clustering studies of COPD patients which usually report at least 3 clusters (4), we chose to see, based on what seemed to be the best number of clusters, that is two clusters, if we could isolate the emphysema phenotype. This was the case. Clustering distinguished emphysematous from non-emphysematous patients when tomographic data were included in the dataset. These two clusters are clinically distinguishable, which is not always obvious in clusters found in the literature due to the mathematical construction of clustering method (4). What was surprising, is that our model was still able to distinguish these classes without any tomographic data. Besides emphysema, we found other significant differences between our two clusters such as cardiovascular comorbidities (46,2% in cluster 1 versus 23,1% in cluster 2; p-value = 0,031)

and the HAD depression score (5,2 versus 3,7; p-value = 0,046). It should be noted that cardiovascular comorbidities seem usually to be more associated with chronic bronchitis phenotype [START_REF] Wedzicha | Mechanisms and impact of the frequent exacerbator phenotype in chronic obstructive pulmonary disease[END_REF][START_REF] Domenech | High risk of subclinical atherosclerosis in COPD exacerbator phenotype[END_REF]. In our clusters, it is more frequent in the "emphysema cluster" but that is very probably because the other cluster is mainly comprised of patients with a mild phenotype and not exacerbators. It is also remarkable that the two clusters do not seem to be distinguishable to the basic reasoning since there is no statistical difference between the two groups as per the prediction variables used in the model.

Moreover, contrary to some clustering studies, we decide to not select a priori variables to clusterise. For instance, Chubachi and al [START_REF] Chubachi | Identification of five clusters of comorbidities in a longitudinal Japanese chronic obstructive pulmonary disease cohort[END_REF] One could wonder if adding plethysmographic and diffusion data to this prediction model could have provided more precise prediction model with information on homogeneity and heterogeneity of emphysema or its severity. This needs to be tested in a population with these spirometric data, which was not the case of the AIR trial cohort.

Our study has some limitations. First, it is monocentric, and retrospective and therefore suffered from a certain amount of missing data (9,4%), managed by a non-parametric imputation method (recommended in clustering analysis ( 4)). Our definition of tomographic emphysema is not consensual. We chose a threshold of fifteen percent which is the most common in literature [START_REF] Lim | Mixed Phenotype of Emphysema and Airway Wall Thickening Is Associated with Frequent Exacerbation in Chronic Obstructive Pulmonary Disease Patients[END_REF][START_REF] Loh | A novel CT-emphysema index/FEV1 approach of phenotyping COPD to predict mortality[END_REF].

For instance, some authors have used the cutoff of 6 % of voxels of the parenchyma with < -910

Hounsfield Units [START_REF] Lynch | CT-Definable Subtypes of Chronic Obstructive Pulmonary Disease: A Statement of the Fleischner Society[END_REF].

At this stage, an external validation study would allow to test the generalizability of our conclusions especially to more severe COPD patients and to exacerbators which were a minority in our population.

Conclusion

To conclude, the present study demonstrates that emphysema as a COPD phenotype could be predicted without chest CT. This is of significant importance to physicians with limited technical resources regarding respiratory diseases [START_REF] Stolz | Towards the elimination of chronic obstructive pulmonary disease: a Lancet Commission[END_REF]. Even when a chest CT is performed, emphysema quantification is not readily available on reports, and to an unexperienced eye, it can be overlooked.

Our study brings therefore new data in phenotyping COPD patient with clustering method and offers a new tool in order to predict with high accuracy emphysema phenotype without chest CT.

The D index is a graphical method of determining the number of clusters.

In the plot of D index, we seek a significant knee (the significant peak in D index second differences plot) that corresponds to a significant increase of the value of the measure. Among all indices: 9 proposed 2 as the best number of clusters 7 proposed 3 as the best number of clusters 2 proposed 4 as the best number of clusters 2 proposed 13 as the best number of clusters 3 proposed 14 as the best number of clusters 1 proposed 15 as the best number of clusters Conclusion: According to the majority rule, the best number of clusters is 2
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 73 d'emphysème étaient retrouvées à des degrés variables chez 74,8 % des sujets. Deux clusters ont été isolés à partir des variables anamnestiques, cliniques, spirométriques, scanographiques et de questionnaires HAD, CAT et DIRECT. Dans le cluster 1, 97,4% des individus présentaient des lésions d'emphysème tandis que le cluster 2 ne renfermait pas d'emphysémateux. Seuls les comorbidités cardiovasculaires (46,2% vs 23,1% ; p= 0.031) et le score HAD-D (5,2 (3,7%) vs 3,3%) ; p=0.045) différenciaient significativement les clusters 1 et 2.

  Categorical variables: Sex, cardiovascular comorbidity, diabetes comorbidity, psychiatric comorbidity, cancer comorbidity, obstructive sleep apnea syndrome comorbidity, chronic respiratory failure comorbidity, work status, smoking status, pneumococcal vaccine status, flu vaccine status, classification of daily activities, treatment with inhaled corticosteroids, long acting bronchodilator inhalers, long acting muscarinic antagonist, frequent cough, frequent expectoration, , exacerbation severity, Gold grade (1,2,3,4), Gold group (A,B,C,D), right, left and total lung emphysema heterogeneity. Continuous variables: Age, smoking pack-years, duration of smoking in years, weight, height, BMI, leukocyte, neutrophil, eosinophil counts, FEV1, FVC, FEV1/FVC, FIFmax, slow vital capacity, inspiratory capacity, inspiratory reserve volume, peak expiratory flow, right upper lobe emphysema -910 UH, middle lobe emphysema -910 UH, right lower lobe emphysema -910 UH, left upper lobe emphysema -910 UH, left lower lobe emphysema -910 UH, right upper lobe emphysema -950 UH, middle lobe emphysema -950 UH, right lower lobe emphysema -950 UH, left upper lobe emphysema -950 UH, left lower lobe emphysema -950 UH, inspiratory volume in right upper lobe, inspiratory volume in middle lobe, inspiratory volume in right lower lobe, inspiratory volume in left upper lobe, inspiratory volume in left lower lobe, inspiratory volume in right lung, inspiratory volume in left lung, inspiratory volume in total lung, mMRC score, CAT score, DIRECT score, Epworth score, HAD-A, HAD-D and HAD-A+D score.
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Table 2 : Emphysema Phenotype Prediction model
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  decided to use only comorbidities data while Yoon and al[START_REF] Yoon | Prediction of first acute exacerbation using COPD subtypes identified by cluster analysis[END_REF] selected a combination of lung functions, comorbidities and demographic data. Our clustering method is robust due to the use of three exploratory data analysis methods (FAMD, Hierarchical and partionning clustering).Concerning our predictive Emphysema Phenotype model, nine non-tomographic parameters (two common Pulmonary Function Tests, two common pulmonary questionnaires, Gold classification, exacerbation evaluation, and some basic information such as age and BMI) enable to predict if a patient belonged to the emphysema phenotype or not with a high degree of certainty. This finding could have a significant impact on COPD management and can help phenotyping patients based on clinical and basic spiromectric data only. Indeed, none of the pulmonary function tests variables reliably evaluating distension or emphysema (residual volume, total lung capacity, Diffusing Capacity for Carbon monoxide (DLCO)) were part of our prediction model. Therefore, the prediction variables we used do not inform about the presence of Emphysema phenotype or not, except for the BMI which is more often low in emphysematous patients[START_REF] Shin | Association of body mass index and COPD exacerbation among patients with chronic bronchitis[END_REF][START_REF] Ji | Differences in the Outcome of Patients with COPD according to Body Mass Index[END_REF].

	Kellerer and al (50) did a similar trial and found, in a COPD cohort of 436 patients
	(COSYCONET), variables which could predict emphysema in COPD patients (specific questions
	of the CAT score and St George's respiratory Questionnaire, mMRC score and lung function
	respiratory variables including diffusion of carbon monoxide). Emphysema phenotype was only
	qualitatively assessed and was not measured using percentage of attenuation. Their sensitivity for
	predicting emphysema was 61 % when combining questionnaires, spirometry and KCO. Our
	model seems to better predict emphysema without the need for diffusion evaluation and by
	including DIRECT score.

The population of our study are COPD patients recruited in an outpatient setting to perform lung cancer screening. Some of them were not known to have COPD before the AIR trial. Therefore, on average they are slightly symptomatic and have overall mild disease. Our results are applicable to the patients recruited in only one center, Nice, France. It would be interesting as a start, to try to externally validate the model on the rest of the cohort (471 patients). In case the model keeps a good accuracy of prediction, a validation on a more severe COPD patient population could be attempted.
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Prediction model

Finally, to address the prediction the Emphysema Phenotype of a patient participating in the study, we first performed a variable selection by feature importance using CATBOOST (a recent gradient boosting algorithm adapted to mixed-type data, see Prokhorenkova and al. ( 2017)) [START_REF] Prokhorenkova | CatBoost: unbiased boosting with categorical features[END_REF] and developed a predictive model using an ensemble regression and classification algorithm which takes into account the unbalance of the Emphysema Phenotype in the data. The final prediction is derived using a recent hyper-ensemble of SMOTE (Synthetic Minority Oversampling Technique) under sampled random forests (HyperSMURF) method, which is based on resampling techniques and a hyper-ensemble approach (see Schubach and al.) [START_REF] Schubach | Imbalance-Aware Machine Learning for Predicting Rare and Common Disease-Associated Non-Coding Variants[END_REF]. All analyses were performed using R software.

Data presentation

Continuous data are presented as mean (± SD) and categorical data as number (percentage).

Results

The health records of 143 COPD patients were retrospectively analyzed (Table 1). Patients were predominantly male (95 of 143 66,4%), aged 62,2 (SD 6,9) years, most of whom (57,3%) were active smokers with an average of 57,2 (SD 22,7) pack-years. The main comorbidities were cardiovascular (60 of 143, 42%) and overweight (BMI 25,8 Kg/m2 SD 5,1, 25 of 143 (35%)).

Our population had a relatively conserved lung function (FEV1pred average 72,6% SD 21,8%) mainly GOLD 1 and 2 (41,3% and 38,5% respectively). Most patients were not frequent exacerbators (21,7% GOLD A and 67,8% GOLD B). Their dyspnea was evaluated as mild to moderate (mMRC scores of 0, 1, 2 accounted for almost 90% of our population) and had a mild disability (DIRECT 8,3 on average SD 6,4). HAD scores were below eleven, the value above which mental status disturbance is highly likely (Anxiety: 5,9 SD 3,7 Depression 4,9 SD 3,7).

APPENDIX Appendix 1: Estimation of the optimal number of clusters according some different technics

The Hubert index is a graphical method of deeming the number of clusters. In the plot of Hubert index, we seek a significant knee that corresponds to a significant increase of the value of the measure i.e the significant peak Hubert index second differences plot