
ISSN 2958-0846  eISSN 2958-0854            Journal of Problems in Computer Science and Information Technologies №1 (4) 2026           https://jpcsit.kaznu.kz

© 2026  Al-Farabi Kazakh National University 15 Licensed under CC BY-NC 4.0

IRSTI 28.23.15							       https://doi.org/10.26577/jpcsit4120262
	

T. Sarsembayeva1* , A. Oshibayeva2 ,  

A. Shayakhmetova1 , A. Ospan1

1Al-Farabi Kazakh National University, Almaty, Kazakhstan 
2Khoja Akhmet Yassawi International Kazakh-Turkish University, Turkistan, Kazakhstan 

*e-mail: talshyn.sagdatbek@kaznu.edu.kz 

RESNET EMBEDDING-BASED PIPELINE FOR TRANSPARENT  
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Abstract. This study presents a methodology for the automated detection and quantification of 
pulmonary emphysema from low-dose chest computed tomography (CT) scans. As a morphological sub-
type of chronic obstructive pulmonary disease (COPD), emphysema can be accurately assessed on CT 
imaging. Our approach utilizes a pre-trained ResNet152 model to extract high-dimensional feature em-
beddings (2048 dimensions) from mid-lung patches. Patients were automatically categorized based on 
the percentage of low attenuation areas (LAA%) below –950 Hounsfield units (HU), a standard measure 
for emphysema severity. The extracted feature embeddings were subsequently analyzed using statisti-
cal methods and logistic regression to identify key discriminative and interpretable features. A logistic 
regression model, trained on the top 20 most salient features, achieved a high level of performance, with 
an Area Under the Curve (AUC) of 0.94 and an Average Precision (AP) of 0.87 on a balanced dataset of 
90 subjects. Furthermore, the selected features exhibited a strong correlation with LAA%, demonstrating 
their utility for regression-based severity assessment.

The findings confirm the viability of using pre-trained deep embeddings for transparent and repro-
ducible emphysema screening. This method avoids the need for extensive end-to-end model retraining, 
making it highly adaptable for integration into existing clinical CT analysis workflows.
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Resnet embedding-based pipeline for transparent diagnosis of pulmonary emphysema on low-
dose CT 

 
Abstract. This study presents a methodology for the automated detection and quantification of 

pulmonary emphysema from low-dose chest computed tomography (CT) scans. As a morphological subtype 
of chronic obstructive pulmonary disease (COPD), emphysema can be accurately assessed on CT imaging. 
Our approach utilizes a pre-trained ResNet152 model to extract high-dimensional feature embeddings (2048 
dimensions) from mid-lung patches. Patients were automatically categorized based on the percentage of low 
attenuation areas (LAA%) below –950 Hounsfield units (HU), a standard measure for emphysema severity. 
The extracted feature embeddings were subsequently analyzed using statistical methods and logistic 
regression to identify key discriminative and interpretable features. A logistic regression model, trained on 
the top 20 most salient features, achieved a high level of performance, with an Area Under the Curve (AUC) 
of 0.94 and an Average Precision (AP) of 0.87 on a balanced dataset of 90 subjects. Furthermore, the selected 
features exhibited a strong correlation with LAA%, demonstrating their utility for regression-based severity 
assessment. 

The findings confirm the viability of using pre-trained deep embeddings for transparent and reproducible 
emphysema screening. This method avoids the need for extensive end-to-end model retraining, making it 
highly adaptable for integration into existing clinical CT analysis workflows. 

Keywords: emphysema, low-dose CT, deep learning, ResNet, feature embeddings, explainable AI, 
COPD. 

 
 
1. Introduction 
 
Chronic Obstructive Pulmonary Disease 

(COPD) remains one of the leading causes of death 
and disability worldwide. Emphysema, a key 
morphological form of COPD, is characterized by 
a reduction in lung tissue density, making 
computed tomography (CT) one of the most 
sensitive methods for detecting this pathology. 
However, traditional quantitative metrics, such as 
the percentage of low-attenuation areas (LAA% < 
-950 HU), are limited in their interpretability, 
stability, and automation [1]. 

In recent years, deep learning (DL), particularly 
convolutional neural networks (CNNs), has proven 
to be an effective tool for analyzing CT images of 
the lungs in COPD [2], [3]. Wu et al. [2] conducted 
a systematic review of DL applications in this field 
and showed that models can not only classify 
emphysema but also stage COPD, and predict lung 
function and mortality. Humphries et al. [4] 
demonstrated that DL can automate the Fleischner 
scale-a visual assessment of emphysema severity-

with a high degree of agreement with experts. 
Similarly, Fuhrman et al. [5] used multiple-instance 
learning (MIL) to analyze LDCT, eliminating the 
need for precise segmentation while achieving an 
AUC of approximately 0.94. 

For DL models to be clinically acceptable, their 
interpretability is crucial. Studies by Callı et al. [6] 
and Almeida et al. [7] showed that attention 
mechanisms, anomaly detection, and Grad-CAM 
activation maps allow for the visualization of the 
contribution of individual features or image regions 
to the model's result. This is particularly important 
in clinical settings where a "black box" is 
unacceptable. 

Ash et al. [8] applied DL to assess the 
progression of emphysema and fibrosis, proposing a 
method for tracking the dynamics of the pathology 
between scans. Wysoczanski et al. [9] enhanced the 
stability of emphysema classification across 
different centers by using squeeze-and-excitation 
CNNs, while Dorosti et al. [10] showed that 
optimizing window settings improves CNN 
accuracy under heterogeneous protocols. 
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Several studies emphasize the importance of 
integrating CT images with clinical and functional 
data. For example, Zhu et al. [11] and Wang et al. 
[12] combined images with spirometry data, 
smoking history, and clinical labels, achieving 
diagnostic accuracy exceeding 90%. 

Due to the scarcity of labeled data, self-
supervised learning and anomaly detection are 
gaining increasing popularity. Using such an 
approach, Almeida et al. [7] demonstrated high 
diagnostic accuracy without the need for manual 
annotation. Yeom et al. [13] and Ferri et al. [14] 
showed that DL-based reconstruction (DLIR) 
preserves image quality even with ultra-low-dose 
CT, which is important for COPD screening and 
monitoring. 

The application of explainable AI (XAI) is 
described in detail in the works of Tjoa and Guan 
[15], as well as Zhou et al. [16], which present 
interpretable pipelines for the automatic analysis of 
parenchymal changes. Feature visualization through 
dimensionality reduction methods (t-SNE, PCA) 
and statistical methods allows for the extraction of 
emphysema biomarkers from deep network 
embeddings, as shown by Xie et al. [17]. 

Additionally, as noted by Sourlos et al. [18], the 
presence of severe emphysema can reduce the 
accuracy of other AI systems, such as those for 
nodule detection, highlighting the importance of 
building robust models adapted to background 
pathologies. Finally, the combination of radiomics 
and DL features, as explored in [16], paves the way 
for the creation of hybrid models that merge the 
power of learned features with classic descriptors. 

Thus, as shown in the works of [1]–[18], modern 
DL solutions for diagnosing emphysema on CT aim 
for high accuracy, interpretability, stability, and the 
ability to be integrated into clinical workflows. 

 
2. Materials and Methods 
 
2.1 Automated Generation of Emphysema 

Labels Based on LAA% 
The study used the publicly available LIDC-

IDRI (TCIA) dataset [1], which contains over 1,000 
chest CT scans. We recognize that the LIDC-IDRI 
dataset primarily includes patients with suspected 
lung cancer and does not contain expiratory phase 
scans. Since this dataset mainly consists of patients 

with a history of cancer and lacks explicit clinical 
labels for COPD or emphysema, we implemented an 
automated annotation strategy based on quantitative 
CT criteria. 

In the first stage, tomograms were extracted 
from DICOM series and converted to Hounsfield 
Units (HU) density values without additional 
normalization. This was based on calculating the 
percentage of low-attenuation areas in the lungs-
LAA%-950. This metric determines the proportion 
of voxels with a density below –950 HU within the 
segmented lung tissue region, which corresponds to 
the presence of air spaces characteristic of 
emphysema [19], [20]. 

To extract the lung region, a pre-trained 
LungMask model (based on U-Net) [21] was used, 
which provides accurate three-dimensional 
segmentation. The LAA% was then calculated 
based on the resulting mask (1):  

 
%𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =

𝑁𝑁𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻<−950)

𝑁𝑁𝑁𝑁𝑡𝑡𝑡𝑡𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑣𝑣𝑣𝑣 𝑣𝑣𝑣𝑣𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣
× 100%          (1) 

 
Patients with a LAA% ≥ 6% were classified as 

having signs of emphysema, in accordance with 
clinical guidelines [22], [4]. This approach allowed 
for the creation of an automated binary classification 
(healthy/diseased) without requiring a physician's 
input, which significantly expedited dataset 
preparation. The logical structure of the study is 
shown in Figure 1. 

For each patient, we implemented the following 
processing pipeline: 

1. Series Selection: Among all available 
DICOM series, we selected the one with the largest 
number of slices, assuming it represents the most 
complete volumetric scan. 

2. Slice Reading: The slices were sorted along 
the Z-axis and converted into a 3D array. Intensities 
were transformed into Hounsfield Units  

3. HU-Based Filtering: 
o Volumes with maximum HU > 1600 were 

excluded due to suspected reconstruction artifacts or 
metallic implants. 

o Highly inhomogeneous scans with standard 
deviation HU > 600 were also discarded. 

o Intensity clipping to the range [–1000, 400] 
HU was applied, following recommendations from 
prior studies on emphysema imaging. 
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Figure 1. Logical Structure of the Study 
 
 
These filters were based on heuristics and 

domain knowledge rather than manual validation. 
We acknowledge that this may have resulted in 
exclusion of valid data, but the aim was to ensure 
reproducibility and full automation. 

Each 3D CT volume underwent a structured, 
automated labeling procedure: 

1. Resampling: All scans were resampled to an 
isotropic voxel spacing of 1×1×1 mm³ to ensure 
cross-subject comparability. 

2. Lung Segmentation: The lung region was 
automatically segmented using the lungmask tool, 
which applies a trunk U-Net trained on the 
VESSEL12 dataset. 

3. Low Attenuation Area (LAA%) 
Calculation: 

o Voxels with HU < –950 were considered 
indicative of emphysematous regions. 

o LAA% was defined as the proportion of such 
voxels within the lung mask. 

o A binary label was assigned: patients with 
LAA% ≥ 6% and mean lung density < –850 HU 
were labeled as emphysema-positive (label = 1), all 
others as negative (label = 0). 

We also preserved: 
• Segmentation masks, 
• Slice-level visualizations with overlayed lung 

masks, 
• LAA% distributions across axial slices. 
In total, 497 chest CT volumes were processed: 
• 45 volumes (9%) were labeled as 

emphysema-positive, 
• 452 volumes (91%) were labeled as negative. 
Such class imbalance is typical in screening 

cohorts. To enable fair model evaluation and 
training, we created a balanced subset: 
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• A random sample of 45 negative cases was 
drawn to match the 45 positive cases. 

• All associated .npy and .json (spacing) files 
were copied into a dedicated directory. 

• A filtered label file was retained for 
reproducibility. 

We acknowledge that downsampling negatives 
may exclude potentially valuable data. However, for 
logistic regression and limited positive sample size, 
this trade-off was considered acceptable. 

As a result, the final dataset included: 
• 90 patients (45 positive / 45 negative) with 

annotated and normalized CT lung volumes, 
• Associated quantitative markers and visual 

outputs for further analysis. 
To better understand the severity distribution of 

emphysema, we computed descriptive statistics of 
LAA% for all 497 scans. The mean LAA% was 
3.31%, with a standard deviation of 6.22%. The 
median value was 0.73%, indicating that most 

subjects had minimal emphysematous changes, 
while the most severe case reached 41.49%. 

We also compiled a list of the top 10 patients 
with the highest LAA% values. As expected, most 
of these were labeled positive according to our 
threshold-based criteria (LAA% ≥ 6%, mean HU < 
–850), validating the robustness of the automatic 
labeling method. 
 
Table 1. Summary statistics of LAA% across the dataset 
(N=497) 
 

count 497.000000 
mean 3.311285 
std 6.220265 
min 0.000000 
25% 0.103029 
50% 0.726426 
75% 3.380258 
max 41.493362 

 
 

Table 2. Top 10 CT scans with the highest LAA% in the dataset 
 

patient_id laa_percent mean_lung_hu label 
307 LIDC-IDRI-0309 41.493362 -904.99630 1 
139 LIDC-IDRI-0140 40.604675 -887.96454 1 
104 LIDC-IDRI-0105 39.663574 -889.00730 1 
418 LIDC-IDRI-0422 33.973350 -867.26750 1 
195 LIDC-IDRI-0196 33.402438 -864.96190 1 
462 LIDC-IDRI-0467 29.670417 -800.05005 0 
40 LIDC-IDRI-0041 29.059437 -878.72930 1 
295 LIDC-IDRI-0297 27.884453 -879.75543 1 
452 LIDC-IDRI-0457 26.868231 -882.45020 1 
446 LIDC-IDRI-0450 26.434079 -867.33417 1 
 
 
Of the 497 CT scans processed from the LIDC-

IDRI dataset, 45 cases (approximately 9%) were 
labeled as positive for emphysema (label = 1). 

 
2.2 Deep Feature Representation via ResNet152 
To numerically represent the visual content of 

chest CT scans, we utilized a deep convolutional 
neural network – specifically, the ResNet152 
architecture – pre-trained and subsequently adapted 
for the medical imaging domain [23]. A schematic 
of the modified model is provided in Figure 2. The 
network processes individual CT slices, and from its 

global average-pooling layer (avg_pool), we extract 
high-dimensional embeddings of size 2048. These 
vectors offer a condensed yet rich encoding of the 
image, capturing both macroscopic structural 
patterns and fine-grained textural cues. 

Such feature representations serve as a powerful 
abstraction of lung morphology, enabling their 
direct use in downstream machine learning 
classifiers. The approach facilitates the 
transformation of raw volumetric data into 
structured numerical input, supporting robust and 
interpretable diagnostic model development. 
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Figure 2. Pre-trained ResNet152 architecture [23]  
 
 
In addition, statistical analysis was performed 

using the t-test to determine the most significant 
features between the groups with and without 
emphysema. The 20 features with the greatest 
differences out of 2048 were selected and the 

model was retrained. Despite the reduction in 
dimensionality, the classification accuracy 
remained high (AUC ≈ 0.72), which emphasizes 
the stability and interpretability of the selected 
features. 

 
 

 
Figure 3. Top 20 features by impact on LAA% 
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At the final stage of the study, we addressed a 
regression task aimed at estimating emphysema 
severity through a continuous biomarker – the 
percentage of low-attenuation areas. Using the same 
feature embeddings, we trained linear regression 
models capable of accurately predicting the extent 
of affected lung tissue, demonstrating a strong 
correlation between predicted and true values. 

Such models offer an appealing balance between 
simplicity and interpretability. Their linear nature 
allows integration into explainable AI frameworks, 
where the contribution of each input feature to the 
final prediction can be visualized and quantified. 
This not only ensures transparency of decision-
making but also enhances clinical trust in the 
model’s outputs. 

Moreover, beyond binary classification, this 
quantitative approach enables dynamic disease 

tracking over time, making it especially relevant for 
longitudinal monitoring and personalized treatment 
planning in clinical practice. 

 
2.3 Architecture of an Interpretable Emphysema 

Diagnosis System Based on CT Imaging 
Figure 4 illustrates a comprehensive, multi-

stage processing pipeline designed for the 
diagnosis of pulmonary emphysema using CT 
data, with a focus on explainability. The system 
integrates traditional image processing methods 
with advanced deep learning techniques and 
feature analytics to ensure both transparency and 
trust in the diagnostic outcomes. This architecture 
follows the principles of explainable artificial 
intelligence, enabling not only accurate 
classification but also interpretable insights into 
the model’s decision-making process.

 
 

 
 

Figure 4. Architectural Overview 
 
 
The processing pipeline begins with volume 

extraction and intensity normalization. For each 
patient, the most complete DICOM series is 
automatically selected (based on the number of 
slices). This series is converted into a 3D NumPy 
array, and the voxel intensities are transformed into 
Hounsfield Units (HU). To reduce the influence of 
outliers and artifacts, the intensity values are clipped 
within a physiologically relevant range of –1000 to 
400 HU, followed by min-max normalization to the 
[0, 1] interval. 

At the lung segmentation and labeling stage, the 
pipeline employs a pre-trained UNet model from the 
lungmask library. The CT volume is first resampled 
to an isotropic resolution of 1×1×1 mm³. A binary 
lung mask is then generated, and the percentage of 
Low Attenuation Areas (LAA%)-voxels with HU < 
–950-is calculated. If this value exceeds 6%, the 
case is classified as emphysema-positive. The 

resulting masks and labels are saved as NumPy 
arrays and CSV files, respectively. 

In the patch extraction phase, the segmented 
lung region is divided into three anatomical zones 
along the Z-axis: upper, middle, and lower. Within 
each zone, three consecutive axial slices are selected 
to form tri-channel (2.5D) image patches. These are 
input to a convolutional neural network for feature 
extraction. 

For this purpose, we utilize a pre-trained 
ResNet-152 model. Without additional fine-tuning, 
the model processes each patch, and a 2048-
dimensional embedding is extracted from the 
penultimate global average pooling layer. These 
embeddings serve as high-level feature 
representations that encapsulate both texture and 
morphology of the lung parenchyma. 

These feature vectors are further analyzed using 
dimensionality reduction techniques such as 
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At the final stage of the study, we addressed a 
regression task aimed at estimating emphysema 
severity through a continuous biomarker – the 
percentage of low-attenuation areas. Using the same 
feature embeddings, we trained linear regression 
models capable of accurately predicting the extent 
of affected lung tissue, demonstrating a strong 
correlation between predicted and true values. 

Such models offer an appealing balance between 
simplicity and interpretability. Their linear nature 
allows integration into explainable AI frameworks, 
where the contribution of each input feature to the 
final prediction can be visualized and quantified. 
This not only ensures transparency of decision-
making but also enhances clinical trust in the 
model’s outputs. 

Moreover, beyond binary classification, this 
quantitative approach enables dynamic disease 

tracking over time, making it especially relevant for 
longitudinal monitoring and personalized treatment 
planning in clinical practice. 

 
2.3 Architecture of an Interpretable Emphysema 

Diagnosis System Based on CT Imaging 
Figure 4 illustrates a comprehensive, multi-

stage processing pipeline designed for the 
diagnosis of pulmonary emphysema using CT 
data, with a focus on explainability. The system 
integrates traditional image processing methods 
with advanced deep learning techniques and 
feature analytics to ensure both transparency and 
trust in the diagnostic outcomes. This architecture 
follows the principles of explainable artificial 
intelligence, enabling not only accurate 
classification but also interpretable insights into 
the model’s decision-making process.

 
 

 
 

Figure 4. Architectural Overview 
 
 
The processing pipeline begins with volume 

extraction and intensity normalization. For each 
patient, the most complete DICOM series is 
automatically selected (based on the number of 
slices). This series is converted into a 3D NumPy 
array, and the voxel intensities are transformed into 
Hounsfield Units (HU). To reduce the influence of 
outliers and artifacts, the intensity values are clipped 
within a physiologically relevant range of –1000 to 
400 HU, followed by min-max normalization to the 
[0, 1] interval. 

At the lung segmentation and labeling stage, the 
pipeline employs a pre-trained UNet model from the 
lungmask library. The CT volume is first resampled 
to an isotropic resolution of 1×1×1 mm³. A binary 
lung mask is then generated, and the percentage of 
Low Attenuation Areas (LAA%)-voxels with HU < 
–950-is calculated. If this value exceeds 6%, the 
case is classified as emphysema-positive. The 

resulting masks and labels are saved as NumPy 
arrays and CSV files, respectively. 

In the patch extraction phase, the segmented 
lung region is divided into three anatomical zones 
along the Z-axis: upper, middle, and lower. Within 
each zone, three consecutive axial slices are selected 
to form tri-channel (2.5D) image patches. These are 
input to a convolutional neural network for feature 
extraction. 

For this purpose, we utilize a pre-trained 
ResNet-152 model. Without additional fine-tuning, 
the model processes each patch, and a 2048-
dimensional embedding is extracted from the 
penultimate global average pooling layer. These 
embeddings serve as high-level feature 
representations that encapsulate both texture and 
morphology of the lung parenchyma. 

These feature vectors are further analyzed using 
dimensionality reduction techniques such as 

Principal Component Analysis (PCA) and t-
Distributed Stochastic Neighbor Embedding (t-
SNE), enabling visualization of the feature space. 
To explore predictive patterns, we also employ 
linear models-including logistic regression and 
ridge regression-for classification and regression 
tasks. Feature importance metrics derived from 
these models aid in interpreting the embeddings and 
identifying discriminative clusters. 

Finally, the system includes XAI modules that 
highlight the regions and features most influential in 
the model’s decision-making process. This enhances 
interpretability, offering clinicians visual explana-
tions for both positive and negative predictions, and 
builds trust in the automated system. 

Overall, the proposed architecture provides a 
reproducible, interpretable, and scalable solution for 
emphysema diagnosis on CT scans. Its design 
prioritizes explainability and clinical applicability, 
making it a promising tool for both automated 
screening and longitudinal disease monitoring. 

 
3. Results 
 
This study presents a comprehensive evaluation 

of an interpretable machine learning system for the 
diagnosis of pulmonary emphysema based on low-
dose chest CT and automatically extracted image 
features.

 
 

 
 

Figure 5. LAA Analysis Reports part 
 
 
An analysis of the distribution of LAA% 

revealed that the majority of patients exhibited 
values below the commonly accepted threshold of 
6%, which is considered within the normal range. 
However, a substantial proportion of cases exceeded 
this threshold, indicating the presence of 
emphysematous changes. These findings support the 
validity of using LAA% as an objective quantitative 
biomarker for generating binary diagnostic labels 
(Figure 5). 

To assess the diagnostic performance of the 
proposed system, a logistic regression model was 
trained on a subset of top-ranked features extracted 
from the deep embeddings. The Receiver Operating 

Characteristic (ROC) curve demonstrated strong 
separability between the two diagnostic groups, with 
an Area under the Curve (AUC) of 0.92, indicating 
high classification accuracy (Figure 6). 

The final performance metrics were as follows: 
Accuracy: 0.91 
ROC-AUC: 0.939 
PR-AUC: 0.935 
These results demonstrate the model’s robust 

generalization capabilities and its potential for 
deployment in real-world clinical screening settings. 
Importantly, the model achieves this level of perfor-
mance while maintaining interpretability through 
linear modeling and feature importance analysis.
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Figure 6. Receiver Operating Characteristic curve 
 
 
To assess the structure of the feature space 

extracted by the deep neural network ResNet-152 
(prior to the fully connected layer), we applied 
dimensionality reduction techniques to project the 
high-dimensional embeddings into a two-
dimensional space. Specifically, t-distributed 
Stochastic Neighbor Embedding and Principal 
Component Analysis were employed to visualize the 
separability of patients with emphysema  
(LAA% ≥ 6%) and without emphysema (LAA% < 
6%). 

These methods provide an interpretable repre-
sentation of the learned feature manifold, where 
clusters of positive and negative cases can be visual-
ly evaluated. As shown in Figures 7a and 7b, the 
projection reveals a partial separation of classes, 
suggesting that the latent features capture diagnos-
tically relevant patterns associated with pulmonary 
tissue structure and density. Such visualizations not 
only support the discriminative capacity of the mo-
del’s internal representations but also reinforce its 
potential applicability in explainable AI pipelines.
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Figure 7. Dimensionality reduction methods: a-t-SNE, b-PCA 

 
 
To gain insight into the learned representations, 

we performed dimensionality reduction on the deep 
features obtained from the avg_pool layer of the 

pretrained ResNet-152 network. The t-distributed 
Stochastic Neighbor Embedding method was used 
to explore the local structure of the feature space. 
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To gain insight into the learned representations, 

we performed dimensionality reduction on the deep 
features obtained from the avg_pool layer of the 

pretrained ResNet-152 network. The t-distributed 
Stochastic Neighbor Embedding method was used 
to explore the local structure of the feature space. 

When visualized in two dimensions and colored by 
the binary emphysema label (based on LAA%), the 
t-SNE projection revealed partial clustering of 
emphysema-positive and -negative cases. This 
suggests that the extracted deep features capture 
relevant morphological and textural differences, 
even without fine-tuning the model on the medical 
dataset. 

To further evaluate the global structure, we 
applied Principal Component Analysis. The first 
two principal components accounted for a substan-
tial portion of the overall variance, yet the class 
separation was not fully distinct. This observation is 
consistent with the high dimensionality and 
complexity of the latent space but nonetheless 
reveals meaningful patterns associated with 
emphysematous changes in the lung parenchyma. 
Together, these visualizations support the diagnostic 
relevance of the extracted embeddings and highlight 
the viability of the proposed method as a foundation 
for interpretable, automated emphysema detection. 

 
4. Discussion 
 
This study presents an interpretable machine-

learning pipeline for the diagnosis of pulmonary 
emphysema from CT scans, combining weak 
supervision with LAA%, ResNet152 embeddings, 
and explainability techniques. 

Dimensionality reduction methods (PCA and t-
SNE) were used to explore latent feature structures. 
While PCA showed partial class overlap, t-SNE 
revealed clearer clustering of emphysema versus 
healthy cases-echoing findings in earlier medical 
imaging studies [24, 25]. 

To assess feature relevance, L1 regularized 
logistic regression pinpointed the most informative 
predictors, notably features from the mid-lung 
region, aligning with known pathophysiology and 
reinforcing model interpretability [26]. 

Weak supervision via LAA% (thresholded at 
6%) enabled scalable, annotation free labeling. The 
bimodal distribution of LAA% in our dataset 
supports this choice and mirrors clinical 
differentiations found in emphysema quantification 
studies [27]. 

Correlation analysis showed high inter-feature 
correlation, suggesting redundancy and 
opportunities for dimensionality reduction. 
Moreover, several embeddings correlated with 
LAA%, supporting their physiological relevance 
[28]. 

By combining performance with transparency-
embeddings visualization, feature importances, and 
clinical biomarker alignment-our pipeline strikes a 
balance between predictive accuracy and 
explainability, addressing a critical need in AI 
driven healthcare [29]. 

Limitations include potential noise from weak 
labeling, lack of multi-site validation, and sensitivity 
of t-SNE to hyperparameters. Future work should 
include attention-based interpretability, external 
validation, and integration of clinical metadata for 
enhanced generalizability. 

 
5. Conclusion 
 
This study introduced an interpretable 

methodology for the diagnosis of pulmonary 
emphysema using low-dose chest CT scans and 
feature embeddings extracted from a pretrained deep 
convolutional neural network, ResNet-152. Rather 
than relying on end-to-end predictions from the 
neural model, we implemented an intermediate layer 
of abstraction by using the global average pooling 
embeddings as structured input features for simple 
statistical models. 

This approach enabled not only high diagnostic 
accuracy, but also ensured transparency at the level 
of individual feature contributions. Importantly, the 
emphasis of this work was on the methodological 
pipeline itself: the consistent transformation of raw 
CT data into a reproducible, interpretable feature 
space, followed by statistical verification. 

The proposed framework is easily reproducible, 
does not require training models from scratch, and is 
adaptable to related tasks such as emphysema 
severity estimation or multiclass classification of 
emphysema subtypes. 

Scientific and Practical Contributions: 
-We present a reproducible pipeline for building 

interpretable diagnostic models based on pretrained 
convolutional networks. 

-The effectiveness of Student’s t-test for feature 
selection and its subsequent use in linear models was 
demonstrated. 

-Coefficients from logistic regression models 
were shown to be interpretable as indicators of 
individual feature contribution-crucial in medical AI 
systems. 

-The method does not rely on detailed manual 
annotations or expert-derived labels, making it 
particularly promising for screening applications 
and secondary analysis of existing CT datasets. 
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