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ABSTRACT   

Chronic obstructive pulmonary disease (COPD) is predicted to become the third leading cause of death worldwide by 

2030. A longitudinal study using CT scans of COPD is useful to assess the changes in structural abnormalities. In this 

study, we performed visualization and unsupervised clustering of emphysema progression using t-distributed stochastic 

neighbor embedding (t-SNE) analysis of longitudinal CT images, smoking history, and SNPs. The procedure of this 

analysis is as follows: (1) automatic segmentation of lung lobes using 3D U-Net, (2) quantitative image analysis of 

emphysema progression in lung lobes, and (3) visualization and unsupervised clustering of emphysema progression 

using t-SNE. Nine explanatory variables were used for the clustering: genotypes at two SNPs (rs13180 and rs3923564), 

smoking history (smoking years, number of cigarettes per day, pack-year), and LAV distribution (LAV size and density 

in upper lobes, LAV size, and density in lower lobes). The objective variable was emphysema progression which was 

defined as the annual change in low attenuation volume (LAV%/year) using linear regression. The nine-dimensional 

space was transformed to two-dimensional space by t-SNE, and divided into three clusters by Gaussian mixture model. 

This method was applied to 37 smokers with 68.2 pack-years and 97 past smokers with 51.1 pack-years. The results 

demonstrated that this method could be effective for quantitative assessment of emphysema progression by SNPs, 

smoking history, and imaging features. 
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1. INTRODUCTION  

Chronic obstructive pulmonary disease (COPD) is predicted to become the third leading cause of death worldwide by 

2030. A longitudinal study using CT scans of chronic obstructive pulmonary disease (COPD) is useful to assess the 

changes in structural abnormalities [1]. Previous our study using 5 years follow-up CT images and genomics data 

showed two single nucleotide polymorphisms (SNPs) associated with emphysema progression [2]. In this study, we 

performed visualization and unsupervised clustering of emphysema progression using t-distributed stochastic neighbor 

embedding (t-SNE) [3] analysis. The procedure of this analysis is as follows: (1) automatic segmentation of lung lobes 

using 3D U-Net, (2) quantitative image analysis of emphysema progression in lung lobes, and (3) visualization and 

unsupervised clustering of emphysema progression using t-SNE.  

2. MATERIALS AND METHODS 

2.1 Longitudinal CT image and SNP database 

Longitudinal CT images were collected from the Tokyo health service association. Collection and analysis of data were 

approved by the Institutional Review Board at the institution. The CT images were acquired on Aquilion scanner with 30 

mA at 120 kVp, plane resolution: 0.625 or 0.781 mm, reconstruction matrix: 512 x 512, convolution kernel: FC01, slice 
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thickness: 1.0 mm, and reconstruction interval: 1.0 mm. The number of smokers and past smokers were 37 and 97, 

respectively, follow-up years were 5.3+1.5 and 5.3+1.4 years, and pack-years were 68.2+30.0 and 51.1+29.7 pack-years.   

2.2 Automatic segmentation of lung lobes using 3D U-Net 

The lungs are divided into five lobes; RUL (right upper lobe), RML (right middle lobe), RLL (right lower lobe), LUL 

(left upper lobe), and LLL (left lower lobe). Excellent works have been presented for lung lobe segmentation [4][5]. 

Here, we used 3D U-Net [6] for lung lobe segmentation. The network architecture is shown in Fig. 1. We focused on the 

vascular tree belonging to each lung lobe, and blank spaces between these trees. The input volume was scaled into a 

small volume to reduce the detail of the tree. The input to the network was 128 x 128 x 128 voxel with a channel. The 

output of the network was 128 x 128 x 128 voxel with five channels corresponding to RUL, RML, RLL, LUL, and LLL. 

The 3D U-Net architecture was implemented in TensorFlow [7]. The network was trained with 200 epochs using 270 

scans for training and 30 scans for validation, using the Adam optimization algorithm, with the Dice loss function. This 

training was conducted on a single graphical processing unit (NVIDIA GeForce RTX 3090). The segmentation results of 

the lung lobe were restored to the original size using linear interpolation. The segmented regions were used as seeds to 

fill the lungs by the five lobes. The segmentation of lungs was performed using a previous method [8]. 

2.3 Quantitative image analysis of emphysema progression in lung lobes  

CT can detect the loss of lung tissue associated with emphysema as low attenuation volume (LAV) [1]. LAV% was 

defined as the percentage of voxels less than a threshold of -950 H.U. [9][10]. Its progression was defined as the annual 

change in LAV%, which was computed by linear regression of time-series LAV% [11]. Examples of the emphysema 

progression were shown in Fig. 2. We measured two imaging features to quantify the LAV distribution in lung lobes; 

LAV size and LAV density. Since the LAV clusters are frequently connecting each other, cluster volume is not 

Fig. 2. Quantitative evaluation of emphysema progression for two participants. The annual increments of LAV% for the 

participant (a) and (b) were 0.31 %/year and 0.05 %/year, respectively. 

6.1 years ago (LAV:1.06%)           Latest (LAV:2.88%)                     4.2 years ago (LAV:0.09%)        Latest (LAV:0.32%) 

(a)                                                                                                      (b)  
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Fig. 1. Network architecture for lung lobe segmentation. 
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appropriate to the LAV size. 3D Euclidean distance was employed as LAV size. LAV density was defined by the LAV 

per 1cm3.  

2.4 Visualization and unsupervised clustering of emphysema progression using t-SNE 

In our previous study [2], it was presented that two SNPs are associated with emphysema progression; rs3923564 in 

SFTPD [12] and rs13180 in IREB2 [13]. These genotypes at the SNPs, smoking history (smoking years, number of 

cigarettes per day, pack-year), and LAV distribution (LAV size and density in upper lobes, LAV size, and density in 

lower lobes) were combined into nine-dimensional space. This space was transformed to two-dimensional space by t-

SNE, and divided into three clusters by Gaussian mixture model. The perplexity parameter and iteration were set to 15 

and 2000, respectively.  

3. RESULTS 

3.1 Lung lobe segmentation results 

An observer semi-automatically determined the ground truth of the lung lobe using our previous method which separates 

lung lobes based on the interlobar fissures detected by four-dimensional curvature features. This method was tested with 

32 scans. The performance of segmentation was evaluated according to the Dice similarity coefficient (DSC). DSCs of 

RUL, RML, RLL, LUL, and LLL segmentation were 0.971+0.011, 0.935+0.089, 0.944+0.172, 0.977+0.003, and 

0.973+0.004, respectively. Examples of lung lobe segmentation are shown in Fig. 1. 

3.2 Visualization and unsupervised clustering results of emphysema progression using t-SNE 

Visualization and clustering results using t-SNE are shown in Fig. 4. A comparison of emphysema progression in three 

classes is shown in Fig. 5. The mean emphysema progressions for classes 1, 2, and 3 were 0.20%/year, 0.06%/year, and 

0.04%/year, respectively. The emphysema progression of class 1 was significantly larger than the other classes (pairwise 

t-test with Bonferroni correction). Smoking history (smoking years, number of cigarettes per day, and pack-year) of three 

classes are shown in Fig. 6. There was no significant difference between the pack-year of classes 1 and 3. Genotypes at 

rs13180 and rs3923564 in the three classes are shown in Table 1. There was a significant difference in the genotypes at 

rs13180 (Fisher’s exact test, p-value<0.05), and not in the genotypes at rs3923564. The size and density of LAV for 

upper lobes are shown in Fig. 7. Both of size and density for class 1 were significantly larger than the other two classes 

(p-values<0.05, pairwise t-test with Bonferroni correction). Similar trends were observed for lower lobes. Focusing on 

class 1, the LAV densities of almost all patients were high. However, LAV sizes look like to be classified into two 

Fig. 3. Lung lobe segmentation results of two participants. Red, orange, light blue colors show RUL, RML, and RLL, 

respectively. Magenta and blue colors show LUL and LLL, respectively. Window center and width for CT images are -800 

H.U. and 400 H.U. 

Participant 1 Participant 2 
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groups. A group has a large LAV size and high density, and another group has a small LAV size and high density. There 

is a difference in the distribution of the emphysematous regions as shown in Fig. 1. Additional local and global imaging 

features would be useful information for separating these three classes into subdivided classes. 

4. CONCLUSIONS 

This paper presented a visualization and unsupervised clustering of emphysema progression using t-SNE analysis of 

longitudinal CT images and SNPs. The visualization and clustering using t-SNE could be an effective method for 

quantification of emphysema progression by SNPs, smoking history, and imaging features. 

Fig. 4. Visualization and unsupervised clustering results of emphysema progression. (a) Clustering result, (b) emphysema 

progression (%/year). The mean emphysema progression for class 1, 2, and 3 were 0.20, 0.06, and 0.04, respectively. 

(a)                                                                             (b) 
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Fig. 5.  Comparison of emphysema progression (LAV%/year) in three classes (* p-values<0.05, pairwise t-test with Bonferroni 

correction).  
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(a) Smoking years                                    (b) Number of cigarettes per day                               (c) Pack-year 

Fig. 6.  Visualization of smoking history of the three classes. (a) Smoking years of class 1, 2, and 3 were 49.6, 47.4, and 46.5, 

respectively. (b) Number of cigarettes per day of class 1, 2, and 3 were 28.3, 15.4, and 30.4, respectively. (c) Pack-year of class 

1, 2, and 3 were 69.0, 35.4, 71.1, respectively. 
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