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Abstract

Chronic obstructive pulmonary disease (COPD) is the third leading cause of death world-
wide, and emphysema is present in the majority of affected patients and can be identified
on computed tomography (CT). This study investigated whether radiomic features derived
from automatically and adaptively segmented low-attenuation lung regions can capture
distinct imaging characteristics of COPD beyond conventional emphysema measures. Ra-
diomic features were extracted from 6078 chest CT scans of 2243 participants from the
COPDGene cohort. Emphysematous regions were segmented using the MimSeg method
based on Gaussian mixture modelling with patient-adjusted thresholding, and radiomic
features were computed for individual lesion clusters and aggregated per patient using
summary statistics, yielding 780 features per subject. Uniform Manifold Approximation
and Projection (UMAP) was used to generate a low-dimensional embedding, and feature
contributions were evaluated using SHAP analysis and statistical testing. The resulting
embedding demonstrated structured patterns broadly aligned with Global Initiative for
Chronic Obstructive Lung Disease (GOLD) stages, with greater overlap among GOLD 0–2
and more consolidated groupings for GOLD 3 and 4, reflecting differences in disease sever-
ity. The most influential features were predominantly derived from Grey Level Run Length
Matrix measures, capturing textural heterogeneity and spatial organisation of emphyse-
matous changes that are not directly described by standard density-based metrics. These
findings suggest that radiomic analysis of adaptively segmented CT data may provide
complementary and structurally distinct information relative to conventional emphysema
measures, supporting a more nuanced characterisation of emphysema patterns in COPD.

Keywords: unsupervised learning; radiomic features; computer-aided diagnosis; thorax
computed tomography; emphysema

1. Introduction
COPD (Chronic Obstructive Pulmonary Disease) is a progressive respiratory condition

characterised by a chronic and irreversible limitation of airflow through the airways. This
airflow obstruction arises primarily from two underlying pathological processes: chronic
bronchitis—marked by persistent inflammation of the airways and excessive mucus produc-
tion, which narrows the bronchial passages and pulmonary emphysema—defined by per-
manent damage to the alveoli and a loss of their elasticity, leading to reduced surface area for
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gas exchange [1]. Identifying the predominant underlying mechanism of COPD—whether
emphysema or chronic bronchitis—allows for more tailored treatment decisions, a more
accurate prognosis, and a better understanding of the patient’s symptoms. Phenotyping
COPD (for example, “emphysema-dominant” vs. “chronic bronchitis-dominant”) is now
a key component of modern clinical management of the disease. The key diagnostic tool
is spirometry, performed after administration of a bronchodilator. A post-bronchodilator
FEV1/FVC (Forced Expiratory Volume in 1 s/Forced Vital Capacity) ratio below 0.7 con-
firms persistent airflow limitation, which is the hallmark of COPD and the basis for the
GOLD standard [1,2]. The severity is then graded based on the FEV1 percentage of the
predicted value. Additional assessments, such as symptom questionnaires (e.g., mMRC or
CAT), exacerbation history, CT imaging, and arterial blood gases, may help guide treatment
decisions and rule out other conditions. The presented work explores radiomic features
derived from the CT images of the COPDGene dataset to capture a broader range of imag-
ing biomarkers [3,4]. By visualising case similarities through this expanded feature space,
the proposed method aims to support more accurate, individualised decision-making and
improve responsiveness to patient-specific disease characteristics.

For the assessment of emphysematous changes on chest CT, the widely accepted
standard is the measurement of the percentage of low-attenuation areas relative to total
lung volume using a fixed threshold of −950 HU (%LAA−950). This metric shows partial
correlation with GOLD staging and is one of the most commonly used thresholds in
emphysema research. This threshold performs well in identifying large, discrete low-
attenuation clusters, but it does not fully capture the diversity of emphysema patterns
observed in COPD [5]. Before the dominance of clearly delineated low-attenuation regions,
early disease stages, so-called incipient emphysema, may be characterised by more subtle
and spatially diffuse structural changes affecting broader areas of the lung [6]. Recent
studies have shown that increased parenchymal heterogeneity in lung regions that appear
visually normal in COPD patients is associated with disease progression and mortality [7].
These findings suggest that COPD-related structural alterations may exist in forms that are
not fully captured by traditional fixed–threshold–based metrics and that complementary
textural and spatial descriptors may provide additional insight into disease presence
and progression.

These limitations motivated the use of other descriptors and metrics measuring het-
erogeneity and textural features of patterns related to COPD. Radiomic features enable
the extraction of such descriptors from defined regions of interest [8,9]. They comprise a
collection of values characterising a specific region within a region-of-interest (ROI) of a
medical image. Various methodologies have been applied to test their effectiveness. Chep-
lygina et al. suggested a logistic classifier to categorise patients as healthy or diseased [10].
In pursuing similar objectives, Li et al. employed the SVM algorithm, leveraging computed
lung radiomic characteristics to additionally identify COPD subtypes [11]. Yang et al. intro-
duced two methodologies: the first utilises the Lasso method to pinpoint significant lung
radiomic features, followed by categorisation via a multi-layer perceptron [12], and the
second also employs Lasso for feature selection but features a graph neural network for the
final classification [13]. Amudala et al. concentrated on lung and bronchial tree features,
examining their texture and shape, and adopted a Gradient Boosting-based algorithm
to classify lungs as either healthy or exhibiting COPD [14]. While radiomics has shown
strong performance in detecting COPD on both standard-dose and low-dose CT scans,
most approaches frame the problem as binary classification, providing limited insight into
disease heterogeneity, phenotypic structure, and the relationships among radiomic features
concerning COPD.
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Neural networks offer an alternative to radiomic features by learning to extract mean-
ingful image representations correlated with clinical targets. González et al. trained a CNN
using canonical CT views to classify COPD and GOLD stage [15]. Singla et al. used a gener-
ative network with attention to predict spirometric indices (FEV1, FEV1/FVC) [16]. Xu et al.
employed a CNN for feature extraction, followed by PCA and classical classifiers to stage
COPD [17]. Du et al. focused on the bronchial tree, using CNN and a voting classifier for
COPD detection [18]. Tang et al. applied a deep residual network to regional CT inputs for
spirometry-based COPD classification [19]. Ho et al. used parametric response mapping
with CNN to identify emphysema and classify COPD [20]. Chen et al. applied graph
convolutional networks on CT cubes to detect COPD [21]. Zhang et al. combined DenseNet
models trained on lung volumes and bronchial walls via logistic regression [22]. Wu et al.
used 3D lung and airway snapshots for CNN-based COPD detection [23]. Sun et al. utilised
ResNet18 with attention on axial CT slices [24]. Li et al. modelled spatial-temporal ROI
graphs for COPD classification using graph neural networks [25]. Another approach by
Wu et al. fused CT slices, lung, and bronchial masks using an attention-based CNN [23].
Xue et al. adopted a multiple-instance learning framework with attention to detect COPD
and localise affected slices [26]. Yu et al. introduced a self-supervised contrastive learning
method for emphysema detection [27]. Deep learning–based methods have shown strong
performance in COPD classification; however, many approaches focus on end-to-end pre-
diction and provide limited information regarding disease staging or regional patterns
relevant for clinical interpretation.

Clinicians remain cautious about AI-driven tools due to the need for transparency in
high-stakes medical decisions [28,29]. Simply outputting a diagnostic label is insufficient;
explainability is essential. Some studies use explainable AI (xAI) techniques to visualise
network attention on CT scans, highlighting regions influencing the decision [20,23,26].
However, these methods can lead to ambiguity—activation maps may extend beyond
relevant regions, potentially reflecting biases from training data or imaging centre artefacts.
As such, neural networks are not yet suitable for diagnosis but may be useful as screening
tools if validated on diverse datasets with strong predictive performance [30,31]. In con-
trast, radiomic approaches offer greater interpretability but may miss subtle, localised
abnormalities when applied to entire lung volumes.

The present work focuses on characterising COPD using both quantitative and quali-
tative analysis of radiomic features extracted from chest CT images. Unlike prior studies
that either focus on the whole lung or rely on fixed-threshold segmentations that may
miss subtle changes, our approach uses adaptive, patient-specific thresholding to delineate
emphysema-related tissue. This allows the method to capture large, clearly defined emphy-
sematous regions in severe cases, as well as diffuse, incipient structural changes in early or
mild cases, which are often overlooked by standard global fixed thresholds. By projecting
the resulting radiomic descriptors into a low-dimensional space using UMAP, the pipeline
(MILES) highlights both distinct emphysema patterns and the features that drive them,
providing interpretable structure in the data. While the analysis also reflects GOLD stage
trends, the key contribution is the identification of subtle, patient-specific tissue changes
across the spectrum of disease, offering a more nuanced and individualised assessment of
emphysema phenotypes in COPD.

2. Materials and Methods
The MILES pipeline is presented in Figure 1, CT series are processed through lung

and lobe segmentation, as well as the removal of bronchi from the lung parenchyma.
This is followed by MiMSeg based adaptive thresholding, lesion clustering, and per-
cluster radiomic feature extraction. Features are then aggregated at the patient-level and
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passed to the UMAP method. The created embedding is explained using SHAP, capturing
meaningful features.

Figure 1. Schematic pipeline showing key points of presented approach.

2.1. Dataset

The COPDGene dataset was developed through a multi-phase study involving 21 U.S.
institutions [2]. It includes genetic data, inspiratory and expiratory CT scans, and patient
metadata such as age, sex, ancestry, scanner type, convolutional kernel, and GOLD stage
derived from the spirometry results.

The GOLD stage is a spirometry-based metric that classifies the severity of airflow
limitation in COPD patients. GOLD stages range from 0 to 4, where GOLD 0 represents
individuals with symptoms suggestive of COPD but without spirometric confirmation
of airflow obstruction, when FEV1/FVC > 0.7. GOLD stages 1 through 4 correspond to
progressively increasing severity of obstruction based on post-bronchodilator FEV1 as a
percentage of the predicted value. A patient is classified as GOLD 1 when FEV1 ≥ 80%,
GOLD 2 when 50% ≤ FEV1 < 80%, GOLD 3 when 30% ≤ FEV1 < 50% and GOLD 4
when FEV1 < 30% of predicted [1].

From the entire dataset, for each patient, the series with a soft or standard convolution
kernel was selected. Only the scans conducted during inspiration were considered in
this study. This work analyses 1107 CT series of unique patients from the COPDGene
population. The resulting dataset consisted of studies conducted using 12 different scanners
from 3 popular CT scanner manufacturers, as shown in Table 1. The distribution of the
GOLD standard values across the dataset is shown in Table 2.

Table 1. Scanner Manufacturer DICOM attribute distribution.

Manufacturer Count

GE Medical Systems 570
SIEMENS 519
Philips 18

Table 2. GOLD stage distribution.

GOLD Stage Count

0 234
1 76
2 374
3 263
4 160

2.2. Region of Interest (ROI) Definition

The region of interest was emphysematous lesions. The following sequence of oper-
ations was used to segment them: lung segmentation, lobe segmentation, bronchial tree
segmentation and removal, and adaptive thresholding to localise emphysematous lesions.
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For both lungs segmentation and lobes segmentation, the UNet proposed and trained
by Hofmanninger et al. [32] was used. A bronchial bundle was removed from the lung area
using the dual-velocity growing method [33]. This way, reducing the number of voxels
similar in intensity to the emphysematous lesion.

The emphysematous lesion was segmented using adaptive thresholding based on
the Gaussian Mixture Models employed by the MimSeg algorithm [34]. The algorithm
iterates over the slices of the given CT series and performs decomposition of the Gaussian
components, where the number of components was selected using the Bayesian Information
Criterion (BIC). The parameters of components (mean, standard deviation, and alpha) are
stored in each iteration. After all slices were analysed, the grouping using K-Means was
done in the space of mean, standard deviation, and alpha; the number of clusters was
optimised using the elbow curve. For each cluster, a membership curve was created.
The curve characterised by the lowest overall mean is assumed to contain emphysema.
The segmentation threshold was defined at the intersection of the membership curves.

Emphysema segmentation was split based on the lobes. Additionally, sub-regions
were created in each lobe based on the voxel coordinates using K-Means. As a result, voxels
located next to each other and in close proximity were incorporated into a single ROI.

2.3. Features Extraction

Three feature sets were extracted per region of interest (ROI). The first set included
110 radiomic features [8,9] from the ROI, using the pyRadiomics package. The second set
was computed from contours drawn within a 3-voxel margin around the ROI. The third set
described the spatial position of the ROI, based on a vector from the lung’s weighted centre
to the ROI centre, capturing its magnitude and angles in x, y, and z directions. In total,
156 features were calculated per ROI.

Radiomic features came from seven groups: (1) First-Order (intensity distribution),
(2) Shape (geometry; not used for contour features), (3) GLCM (texture via voxel pair
relationships), (4) GLRLM (run lengths of equal intensity), (5) GLSZM (size of same-
intensity zones), (6) GLDM (intensity dependence in neighbourhoods), and (7) NGTDM
(contrast with surrounding voxels).

For each patient, features from all ROIs were aggregated using the mean, median, min,
max, and standard deviation, resulting in 780 features per patient.

2.4. Features Space Reduction

As a first step in the pipeline, features with zero variance were removed. The remaining
features were then standardised using their mean and standard deviation. Principal
Component Analysis (PCA) was applied for initial dimensionality reduction, retaining
components that explained 90% of the total variance.

2.5. UMAP Embedding

Uniform Manifold Approximation and Projection (UMAP) [35] was used to create the
final 2D embedding. UMAP models high-dimensional data as a weighted graph and finds
a low-dimensional embedding by minimising differences between the original and reduced
graphs. For key hyperparameters, the distance metric d(. . .) was set to cosine distance,
the number of neighbours k was set to 70, and the minimum distance between points dmin

was set to 0.3.

2.6. Features Significance

To evaluate the importance of individual features in the UMAP embedding process,
SHAP values were applied [36]. A separate neural network model was trained, where
the input consisted of standardised features and the output corresponded to the UMAP
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coordinates (U1 and U2). The architecture consisted of five fully connected (dense) layers
with ELU activation functions [37], and two dropout layers (with a dropout rate of 0.3)
placed between the dense layers to prevent overfitting. The network’s backbone contained
between 200 and 50 neurons, with 2 neurons at the input layer. Training was carried out
using the Adam optimiser with a learning rate of 0.001, and mean absolute error (MAE)
was used as the loss function. The model was trained for 100 epochs.

To assess how radiomic features identified as influential by SHAP relate to conven-
tional emphysema metrics, Spearman correlation coefficients were calculated between
each feature and both %LAA−950 and mean lung density. Correlation magnitudes were
qualitatively classified as negligible (<0.1), small (<0.3), medium (<0.5) or large (<0.7) ac-
cording to [38]. This approach allows the evaluation of how SHAP-selected features reflect
conventional emphysema measures while identifying additional structural information
captured by radiomic descriptors.

3. Results
The feature set was first preprocessed and then passed through Principal Component

Analysis (PCA). Components explaining 90% of the total variance were retained, resulting
in 29 principal components, each representing a linear combination of the original features.
UMAP was then applied to these PCA components. The resulting embedding is presented
in Figure 2 as a density plot, with separate subplots illustrating the distribution of patients
from each GOLD group. In each subplot, clusters—areas with a high concentration of
points—were labelled as C(GOLD) (cluster number, ordered left to right). Specifically, three
clusters were identified for GOLD 0 patients (C00, C01, C02); two similarly sized clusters
for GOLD 1 (C10, C11); two differently sized clusters for GOLD 2 (C20, C21); and a single
cluster each for GOLD 3 (C30) and GOLD 4 (C40) patients.

Figure 2. Density plots of resulting UMAP embedding shown on different subplots. For each GOLD
group, areas of the largest densities have been found and named following the convention C(GOLD)
(cluster number left–right).
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Some overlap is observed among clusters corresponding to GOLD groups 0, 1, and 2.
Specifically, clusters C00 and C02 are positioned slightly above clusters C10, C11, C20,
and C21. Cluster C10 lies between C00 and C01, while C11 is located between C01 and
C02. Cluster C20 overlaps with C10 but does not significantly intersect with C00 or C01.
Cluster C21 overlaps with C11 and occupies the lower portion of C02. Clusters C30 and
C40 are positioned near each other, with the highest density area of C40 located below the
C30 cluster.

The number of clusters and the degree of overlap within the GOLD groups indicate a
level of non-homogeneity. However, this variation is not primarily driven by the disease
itself, but rather by individual patient differences. A trend toward increased cluster homo-
geneity is observed with higher GOLD stages. Each identified cluster was visualised and
further analysed to support this observation.

An example image from the C00 cluster is shown in the second subplot of Figure 3.
These scans show low attenuation values (−982 HU), with abnormalities near the lung
edges or blood vessels. Thin alveolar walls are visible, indicating high-resolution imaging.
The third subplot presents an example from the C01 cluster, which includes both normal
scans and those with emphysematous changes. Segmented regions are large, with densities
around −910 HU, mostly located away from lung borders and minimally overlapping
blood vessels. The C02 cluster example, shown in the fourth subplot, displays unusually
high threshold values (−788 HU). Despite this, lung boundaries are not fully outlined,
possibly due to scanning issues or high-attenuation patterns. Some images are noisy,
obscuring alveolar detail. Segmentations often extend to the chest wall, suggesting contour
features may influence this cluster’s placement in the UMAP space.

Figure 3. UMAP embedding density plot for GOLD 0 group with example images taken from the
centre of each cluster.

An example image from the C10 cluster is shown in the second subplot of Figure 4.
These scans exhibit small-volume but highly diffuse emphysematous lesions, often in
contact with lung walls and vessels. Threshold values vary between −900 and −940 HU,
though voxel values within segmentations appear relatively uniform. The C11 cluster
example, shown in the third subplot, includes scans with larger volumes of abnormal tissue
and lower diffusion; lesions are more compact. Thresholds range from −850 to −910 HU,
and the segmented regions show greater heterogeneity in voxel values.
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Figure 4. UMAP embedding density plot for GOLD 1 group with example images taken from the
centre of each cluster.

An example from the larger, more diffuse C20 cluster is shown in the second subplot of
Figure 5. Threshold values in this group range widely from −915 to −990 HU, reflecting the
cluster’s broad coverage. These scans show moderate structural changes with increasing
intensity lower on the UMAP y-axis. The lesions are highly diffuse, and voxel values appear
homogeneous. The C21 cluster example, shown in the third subplot, represents a smaller
group with higher threshold values, indicating larger lesion volumes. The segmented areas
are compact, often adjacent to the lung boundary, and show heterogeneous voxel intensities.

Figure 5. UMAP embedding density plot for GOLD 2 group with example images taken from the
centre of each cluster.

An example from the high-density C30 cluster is shown in the second subplot of
Figure 6. These scans contain a large volume of emphysematous lesions with no consis-
tent distribution pattern. The HU values within the segmented areas are heterogeneous,
featuring distinct patches of lesions separated by prominent white lines.

Figure 6. UMAP embedding density plot for GOLD 3 group with example image taken from the
centre of the cluster.

An example from the main C40 cluster is shown in the second subplot of Figure 7.
These images feature widespread, large, and homogeneous emphysematous patches, re-
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flecting extensive alveolar wall destruction. Segmented areas often border vessels and lung
walls or are divided by fissures and reticulations.

Figure 7. UMAP embedding density plot for GOLD 4 group with example image taken from the
centre of the cluster.

A visual analysis of the UMAP embedding reveals a progression in emphysematous
changes. In the upper left region, images show small segmented areas with homogeneous
grey-level intensities. Moving rightward, the extent of abnormalities increases—initially
with high spatial dispersion, later transitioning to more uniform regions. Further to the
right, segmentations become more heterogeneous in terms of grey levels and often border
lung walls. As one moves downward, the segmentations gradually shift away from lung
boundaries. The lower part of the UMAP becomes increasingly narrow, with segmentations
displaying growing homogeneity. On the left and right, segmentations with highly scattered
regions (ROIs) are observed, while at the bottom, segmentations form large, uniform
patches, suggesting advanced alveolar wall destruction.

To better understand which features influenced the UMAP embedding, a backwards
feature analysis was performed. SHAP values, computed from the trained neural network
model, identified the most impactful features. The mean absolute SHAP values for the
U1 dimension were as follows: min Run Entropy shap = 0.0245, std Contour Small
Area Emphasis shap = 0.0245, mean Surface Area shap = 0.017943, max Dependence
Non-Uniformity shap = 0.017147 and std Run Entropy shap = 0.01698. Following that,
the mean absolute SHAP values for the U2 dimension were: std Minor Axis Length
shap = 0.017045, min Run Percentage shap = 0.01312, min Run Length Non-Uniformity
Normalised shap = 0.01251, max Long Run Emphasis shap = 0.01219 and min Short Run
Emphasis shap = 0.01127. The minimum run entropy is the most influential feature along
the U1 (X) axis, while the standard deviation of the minor axis length is most significant
along the U2 (Y) axis. Other features show relatively uniform SHAP value distributions.

The overall structure reveals a clear separation between the GOLD 0–1–2 classes and
the GOLD 3–4 classes. GOLD 0, 1, and 2 occupy the upper part of the UMAP embedding,
while GOLD 3 and 4 occupy the lower part of the embedding. Separation ability of the
joint groups is shown in the Figure 8.

Based on the SHAP features indicated, the Kruskal-Wallis test was conducted to assess
the influence of these features on the groups GOLD 0–1–2 and GOLD 3–4. The resulting
p-values and boxplot of the features values are presented in Figure 9.
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Figure 8. UMAP embedding density plot presenting separation ability of joint densities of GOLD
groups 0–1–2 and 3–4.

Figure 9. Boxplots with Kruskal-Wallis p-values in the title showing the distribution of the features
indicated by the SHAP analysis and their strength regarding differentiating between groups of joint
GOLD standards 0–1–2 and 3–4.

Assuming a statistical significance level of α = 0.05, each of the analysed features
significantly differentiates the GOLD 0–1–2 group from the GOLD 3–4 group. The most
distinguishing features belong to dimension U2; for example, features such as min Run
Percentage and min Run Length Non-Uniformity Normalised, as seen in the first row
of Figure 9. The features selected by SHAP analysis for U1 are also statistically signifi-
cant, but their p-values are higher than those for U2 features. This result was expected,
considering the density plots shown in Figure 8.

Spearman correlation analysis showed that U1 features (min Run Entropy, std Run
Entropy, std Contour Small Area Emphasis, mean Surface Area, std Minor Axis Length)
generally exhibited negligible to weak correlations with %LAA−950 and mean lung density.
In contrast, U2 features (min Run Percentage, min Run Length Non-Uniformity Normalised,
max Long Run Emphasis, min Short Run Emphasis) demonstrated moderate correlations
with both metrics, particularly with mean lung density. These findings indicate that U1 fea-
tures capture subtle or incipient emphysematous changes that are not fully represented by
global threshold-based metrics, while U2 features reflect larger-scale emphysema patterns
associated with conventional measures (Table 3).
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Table 3. Spearman correlation of SHAP-indicated radiomic features with standard emphysema
metrics (%LAA−950 HU and mean lung density). Effect sizes are categorised as negligible, weak,
moderate, or strong based on the correlation magnitude.

UMAP Feature Metric Spearman’s ρ Effect

U1 min Run Entropy %LAA−950 HU 0.03 negligible
U1 std Run Entropy %LAA−950 HU −0.06 negligible
U1 std Contour Small Area Emphasis %LAA−950 HU 0.15 small
U1 mean Surface Area %LAA−950 HU 0.13 small
U1 std Minor Axis Length %LAA−950 HU 0.31 moderate
U1 min Run Entropy Mean Lungs Density 0.04 negligible
U1 std Run Entropy Mean Lungs Density 0.00 negligible
U1 std Contour Small Area Emphasis Mean Lungs Density −0.22 small
U1 mean Surface Area Mean Lungs Density −0.15 small
U1 std Minor Axis Length Mean Lungs Density −0.24 small

U2 min Run Percentage %LAA−950 HU −0.43 moderate
U2 min Run Length Non-Uniformity Normalized %LAA−950 HU −0.43 moderate
U2 max Long Run Emphasis %LAA−950 HU 0.44 moderate
U2 min Short Run Emphasis %LAA−950 HU −0.41 moderate
U2 min Run Percentage Mean Lungs Density 0.57 large
U2 min Run Length Non-Uniformity Normalized Mean Lungs Density 0.58 large
U2 max Long Run Emphasis Mean Lungs Density −0.58 large
U2 min Short Run Emphasis Mean Lungs Density 0.56 large

4. Features Impact
This section explores the impact of individual features on the UMAP embedding.

UMAP visualisations include example CT slices representing low and high feature values,
with corresponding voxel-based radiomic features displayed below each image. Each
low-attenuation pattern segmentation was divided into regions of interest (ROIs) based
on lung lobes. Radiomic features were calculated per ROI and then aggregated using a
difference-based method.

The most influential feature along the U1 axis is the minimum of Run Entropy, a tex-
ture metric derived from the Grey Level Run Length Matrix (GLRLM). It measures the
randomness of run-length distributions across intensities—higher values indicate complex
textures, while lower values reflect more uniform patterns. Figure 10 shows examples with
high and low values. In GOLD 0 and 1 cases, emphysema appeared in small, uniform
regions; otherwise, masks covered non-uniform lung areas. This suggests the feature helps
differentiate emphysematous from non-emphysematous cases in early GOLD stages.

Run Entropy appears again in the importance ranking—its standard deviation is the
fifth most significant feature. While both measures derive from the same origin, their
UMAP distributions differ (Figure 11). The gradient of feature variation is reversed, but the
overall spatial trend remains consistent.

The standard deviation of contour Small Area Emphasis is the second most important
U1 feature. This texture feature, derived from the Grey Level Size Zone Matrix (GLSZM),
quantifies the frequency of small homogeneous zones along the segmentation contour.
High values indicate varied contour sizes and textures, often seen in centrally located
lesions; low values reflect more uniform contours, typically along lung borders (Figure 12).
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Figure 10. Minimum of Run Entropy distribution across the UMAP embedding (reference GOLD
distribution in bottom-left corner). Example images (indicated by stars on the scatter plot) with low
and high feature values with their voxel-based feature heatmaps.

Figure 11. Standard deviation of Run Entropy distribution across the UMAP embedding (reference
GOLD distribution in bottom-left corner). Example images (indicated by stars on the scatter plot)
with low and high feature values with their voxel-based feature heatmaps.

Figure 12. Standard deviation of Contours’ Small Area Emphasis distribution across the UMAP
embedding (reference GOLD distribution in the bottom-left corner). Example images (indicated by
stars on the scatter plot) with low and high feature values with their voxel-based feature heatmaps.
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The mean Surface Area ranks third in U1 significance. As a shape-based feature, it
represents the average outer surface area of segmented 3D ROIs and correlates directly
with mask size. Examples with high and low values are shown in Figure 13.

Figure 13. Mean of ROIs’ Surface Area distribution across the UMAP embedding (reference GOLD
distribution in bottom-left corner). Example images (indicated by stars on the scatter plot) with low
and high feature values, with and without overlaid segmentations’ contours.

The standard deviation of Minor Axis Length is the most influential feature along the
U2 axis. This shape-based feature reflects the variation in the shortest axis of ellipses fitted
to segmented ROIs. High values suggest many lesions of varying sizes scattered across
the lungs, while low values indicate fewer or similarly sized regions. Example images are
shown in Figure 14.

Figure 14. Standard deviation of Minor Axis Length distribution across the UMAP embedding
(reference GOLD distribution in the bottom-left corner). Example images (indicated by stars on the
scatter plot) with low and high feature values, with and without overlaid segmentations’ contours.

The minimum of Run Percentage ranks second. This texture feature from the GLRLM
measures the density of homogeneous grey-level runs. Low values indicate more uniform
regions, typical of emphysematous lesions. Examples are in Figure 15.
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Figure 15. Minimum of Run Percentage distribution across the UMAP embedding (reference GOLD
distribution in bottom-left corner). Example images (indicated by stars on the scatter plot) with low
and high feature values with their voxel-based feature heatmaps.

Third in importance is the minimum of Run Length Non-Uniformity Normalised, also
from GLRLM. It captures variation in run lengths—low values indicate that some lengths
dominate, suggesting a repetitive texture, as seen in emphysematous areas (Figure 16).

Figure 16. Minimum of Run Length Non-Uniformity Normalised distribution across the UMAP
embedding (reference GOLD distribution in the bottom-left corner). Example images (indicated by
stars on the scatter plot) with low and high feature values with their voxel-based feature heatmaps.

The last two key features are the maximum of Long Run Emphasis (LRE) and minimum
of Short Run Emphasis (SRE). Both reflect texture homogeneity, but at different scales. High
LRE and low SRE values both indicate more uniform textures, typical in emphysematous
tissue. LRE captures large-scale structure, while SRE reflects finer patterns. Example slices
are in Figures 17 and 18.

The first UMAP component (U1) appears to reflect both the location and size of ROIs,
as well as the extent of low grey-level regions (emphysema).

1. Run Entropy distinguishes patients by texture randomness—larger, non-emphysematous
ROIs show higher randomness, capturing both emphysema presence and extent.

2. The standard deviation of contour Small Area Emphasis reflects whether ROIs are
near the lung borders and their spread. Small, peripheral ROIs with low volume yield
high variation; large ROIs extending to fissures show lower variation.

3. Mean Surface Area directly measures the extent of emphysematous changes.
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Figure 17. Maximum of Long Run Emphasis (LRE) distribution across the UMAP embedding
(reference GOLD distribution in the bottom-left corner). Example images (indicated by stars on the
scatter plot) with low and high feature values with their voxel-based feature heatmaps.

Figure 18. Minimum of Short Run Emphasis (SRE) distribution across the UMAP embedding
(reference GOLD distribution in the bottom-left corner). Example images (indicated by stars on the
scatter plot) with low and high feature values with their voxel-based feature heatmaps.

The second UMAP component (U2) mainly reflects the extent and homogeneity of
emphysema within ROIs.

1. Standard deviation of Minor Axis Length indicates the number and size variability of
ROIs—more varied ROIs suggest more widespread emphysema.

2. Run Percentage and Run Length Non-Uniformity Normalised both describe homo-
geneity; lower values signal more uniform emphysematous texture.

3. Long Run Emphasis (LRE) and Short Run Emphasis (SRE) also measure homogeneity
but at different scales—LRE captures global patterns, SRE local ones.

Component U2, and the features driving it, primarily capture differences between
GOLD severity groups, both for the full GOLD classification and for the combined GOLD
0–1–2 versus 3–4 grouping. In contrast, component U1 mainly reflects variability within
individual GOLD groups, highlighting heterogeneity among patients of similar spiromet-
ric severity.

5. Discussion
The present study adopts an unsupervised, data-driven analysis strategy based on

adaptive emphysema segmentation and region-level feature aggregation. By including
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incipient emphysema through patient-specific thresholding, the resulting manifold repre-
sentation captures structural variability that is not directly optimised for the prediction of
standard metrics. This enables the identification of radiomic features shaping the embed-
ding beyond conventional density-based measures, positioning the proposed framework
as complementary to existing supervised radiomics approaches.

In contrast, most radiomics-based COPD studies adapt supervised learning frame-
works that aim to classify disease presence, GOLD stage, or predict clinical or densitometric
outcomes using CT-derived features extracted from predefined anatomical regions, most
commonly the whole lung [11–13]. These approaches typically rely on feature selection
methods such as LASSO or generalised linear models, followed by conventional machine-
learning classifiers or neural networks, and demonstrate strong associations between
radiomic features, emphysema burden, and established clinical metrics. More recent stud-
ies have gone a step further by analysing how radiomic features change over time and by
including additional anatomical regions such as the airways and bronchi. Using features
extracted from whole-lung and airway masks, these works have shown that radiomics
can predict changes in lung density and the rate of emphysema progression [39], and can
improve COPD detection in both low-dose and standard-dose CT scans [14]. While these
approaches expand the clinical applications of radiomics, they still rely on predefined
anatomical regions and supervised models trained to predict specific outcome measures.

While the GOLD stage is used as the standard for COPD severity, it has important
limitations. It is based on spirometry and reflects functional airflow limitation, which can
be influenced by both airway disease and parenchymal destruction. As a result, the GOLD
stage does not translate directly into the actual amount of emphysematous changes. This is
especially true in early disease when structural changes may be present before significant
airflow limitation occurs. Imaging-based features, such as those presented in the article,
can provide complementary information about the extent, distribution, and heterogeneity
of emphysematous changes, resulting in a clearer interpretation of the COPD background.

In the created embedding, areas corresponding to clusters C02, C11, and C21 are
particularly noteworthy. These clusters likely represent regions with incipient or diffuse
emphysematous changes, characterised by subtle structural alterations that are faint or
difficult to detect using conventional fixed-threshold approaches. Because the segmentation
threshold is automatically adjusted on a per-patient basis, such regions may be included
in the analysis even when clearly delineated emphysematous lesions are not present.
Assigning these regions to distinct clusters allows them to be systematically separated
from the core emphysema patterns while still preserving information about early or mild
structural changes. This may be beneficial when analysing patients with early-stage disease,
as it enables the identification of subtle emphysema-related alterations without confounding
the characterisation of more advanced phenotypes.

The overlap in the GOLD 0, GOLD 1, and GOLD 2 clusters, GOLD 0 represents indi-
viduals who do not meet spirometric criteria for COPD but exhibit respiratory symptoms
consistent with early disease. As such, this group is expected to overlap structurally with
early GOLD stages rather than form a clearly distinct category. Quantitative imaging
studies support this view. Konietzke et al. [40] reported only modest differences in emphy-
sema burden between GOLD 0 and GOLD 1 patients, with emphysema index (EI) values
of approximately 1.0 ± 1.8% and 4.5 ± 9.9%, respectively. In contrast, GOLD 2 patients
showed a marked increase in EI (∼19.4 ± 15.8%), accompanied by the largest variability
among all stages, indicating substantial heterogeneity in structural lung changes.

Similar patterns have been reported in other large cohorts. Young et al. [41] observed
overlapping emphysema phenotypes across early GOLD stages, although in their cohort,
variability was more pronounced in GOLD 3 and GOLD 4. Importantly, GOLD 2 consis-
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tently emerges as a heterogeneous transitional stage, reflecting the coexistence of relatively
preserved lung tissue and regions of established emphysematous destruction. In addition,
GOLD 2 typically represents the largest subgroup in clinical and observational studies, often
substantially outnumbering GOLD 1 patients, as shown in studies by Konietzke et al. [40],
Young et al. [41], and Li et al. [42]. This broad and heterogeneous patient composition
further contributes to overlap with adjacent GOLD stages. Those findings support the
interpretation that the overlap among GOLD 0, 1, and 2 in the radiomic embedding space
reflects the biological continuum of early COPD rather than methodological limitations.

Sensitivity to UMAP parameter selection was assessed by testing multiple configura-
tions, varying the minimum distance and the number of nearest neighbours while keeping
the distance metric constant. Although changes in global rotation and compactness of
the embedding were observed, the overall structure and relative relationships between
patients were maintained, as shown in Figure 19. Neighbourhood consistency was further
quantified using the Jaccard index, calculated for 70 nearest neighbours to match the refer-
ence embedding. A high degree of neighbourhood overlap was observed across parameter
settings, indicating that the grouping patterns are not dependent on a specific configuration
but reflect the underlying structure in the radiomic feature space.

Figure 19. UMAP embedding using a cosine distance metric generated with different minimum
distance and nearest-neighbour parameters, demonstrating consistency across embeddings obtained
with varying parameter settings. Density plot colors represents GOLD 0 (green), GOLD 1 (yellow),
GOLD 2 (orange), GOLD 3 (light red) and GOLD 4 (dark red) groups respectively. The mean Jaccard
index was calculated to compare the neighbourhood structure of each embedding with the reference
embedding. Overall, Jaccard index values ranged from 0.70 to 0.87, indicating strong overlap of
point neighbourhoods.
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6. Conclusions
The presented method enables the stratification of patients with chronic obstructive

pulmonary disease (COPD) within a 2D embedding space, providing a visually inter-
pretable representation of structural lung changes derived from chest CT. By applying
patient-adaptive thresholds for emphysema segmentation, the method captures not only
well-defined emphysematous regions in advanced disease but also diffuse and incipient
structural changes in earlier stages that may not be detected by fixed-threshold approaches.

The extracted radiomic features differentiate patients across GOLD stages, separating
GOLD 0–2 from GOLD 3–4, while also revealing substantial intra-stage heterogeneity,
reflecting the complex and continuous nature of emphysema progression. Several features
were identified as influential to the embedding structure, including the standard deviation
of Minor Axis Length, the minimum of Run Percentage, the minimum of Run Length Non-
Uniformity Normalised, the maximum of Long Run Emphasis, the minimum of Short Run
Emphasis, the minimum and standard deviation of Run Entropy, the standard deviation of
contour Small Area Emphasis, and the mean Surface Area.

Rather than being driven by a single dominant descriptor, the learnt embedding and
SHAP-based analysis indicate that emphysema represents a multidimensional structural
phenotype best characterised by the combined behaviour of multiple radiomic features.
By incorporating information from both established emphysema and subtle early changes,
this approach provides complementary information to standard emphysema metrics, sup-
porting a more nuanced and interpretable assessment of COPD-related lung pathology.
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