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Abstract: Differentiating asthma from chronic obstructive pulmonary disease (COPD) remains challenging in clinical practice, and
asthma-COPD overlap (ACO) lacks universally accepted diagnostic criteria. In this study, we propose a chest computed tomography
(CT) image segmentation framework based on deep transfer learning to support imaging-assisted ACO-related classification as
a proof-of-concept approach. Experiments were performed in a single-center cohort of patients with asthma, COPD, and ACO.
Model performance was evaluated using classification accuracy and segmentation Dice similarity coefficient against expert-annotated
reference masks. In addition, lung function parameters, inflammatory biomarkers, and ACT/CAT scores were summarized to
characterize cohort profiles and assist clinical interpretation; these variables were not predicted by the AI model. The proposed
approach achieved the highest ACO classification accuracy (93.21%), outperforming NUS-PSL (85.43%) and PRE-1000C (86.92%).
These findings suggest potential utility for imaging-assisted ACO-related classification within this internal single-center evaluation.
Further multi-center external validation and robustness analyses are warranted before conclusions regarding stability and general-
izability can be made.
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Introduction

Asthma typically has an earlier age of onset and is characterized by variable, intermittent symptoms. It generally
responds well to inhaled corticosteroids and is frequently associated with allergic comorbidities. In contrast, chronic
obstructive pulmonary disease (COPD) usually presents later in life with persistent symptoms, a slowly progressive
course, and limited responsiveness to inhaled corticosteroids, and it is commonly linked to long-term tobacco exposure.
Although asthma and COPD are distinct but prevalent respiratory diseases, they share certain risk factors and clinical
manifestations, which can complicate differential diagnosis in real-world settings.

Deep learning has emerged as a powerful pattern-recognition technique inspired by neural networks and has been
widely adopted in image analysis due to its capacity for hierarchical feature learning. In medical imaging, deep learning-
particularly convolutional neural networks (CNNs)—has demonstrated strong potential for segmentation and classifica-
tion tasks, motivating further investigation into its application for airway disease-related imaging analysis.

Building on this background, several studies have explored deep learning methods relevant to medical image
understanding. Addagarla S K highlighted the utility of deep learning—based object detection for automated recognition
tasks, demonstrating that model design and dataset scale can substantially affect performance in real-world applications.'
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Wang emphasized that accurate medical image segmentation is essential for clinical decision-making and proposed an
interactive segmentation approach that integrates CNN-based predictions with user feedback via geodesic distance
transformation, achieving improved accuracy with reduced manual intervention compared with conventional interactive
methods.? In addition, Yves L reviewed health-related quality-of-life (HRQL) assessment tools in COPD, underscoring
the importance of symptom burden and functional status evaluation in comprehensive disease management.’
Collectively, these studies suggest that combining advanced image analysis with clinical assessment may provide
complementary insights into complex airway diseases.

In this study, we propose a chest CT image segmentation framework based on deep transfer learning for imaging-
assisted classification of asthma, COPD, and asthma-COPD overlap (ACO). We first summarize advances in deep
learning, CNN-based segmentation, and COPD-related clinical assessment to provide methodological and clinical
context. We then describe the segmentation pipeline and transfer learning strategy and evaluate performance in a single-
center cohort, using classification accuracy and Dice similarity coefficient as primary metrics. Clinical characteristics
(including inflammatory biomarkers, lung function parameters, and ACT/CAT scores) were summarized to describe
cohort profiles and support clinical interpretation; these variables were not predicted by the Al model. The proposed
framework aims to extract complementary anatomical features from CT images that may assist phenotypic characteriza-
tion of obstructive airway diseases. However, given the single-center design and limited sample size, the findings should
be regarded as preliminary, and external validation is required to establish robustness and generalizability.

ACO is primarily defined by clinical symptoms, pulmonary function testing, bronchodilator responsiveness, and
inflammatory biomarkers, and medical imaging alone is insufficient for definitive diagnosis. Nevertheless, computed
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tomography (CT) can provide structural information regarding airway remodeling and lung parenchymal alterations,
which may differ across asthma, COPD, and ACO phenotypes. Accordingly, in this work, medical image segmentation is
applied as an adjunctive analytical approach rather than a standalone diagnostic method. By integrating deep transfer
learning—based image analysis with established clinical and functional indicators, the proposed framework aims to extract
complementary anatomical features that may support identification and stratification of obstructive airway diseases.

Overlapping Classification Method of Chronic Obstructive Pulmonary
Disease and Asthma Lung Disease Based on Medical Image Segmentation
Based on Deep Transfer Learning

Medical Image Segmentation

Medical images contain a large amount of information; however, clinicians typically focus on specific regions of interest
(ROIs) relevant to diagnosis and treatment. Variations in imaging devices and acquisition protocols may introduce
differing levels of noise and artifacts, which can degrade image quality and hinder accurate interpretation, thereby
increasing the difficulty of clinical decision-making.** Consequently, medical image segmentation has attracted growing
attention in both the medical and computer science communities as a key technique for extracting clinically meaningful
structures from complex imaging data. Medical image segmentation aims to partition an image into multiple non-
overlapping regions with distinct anatomical or pathological meanings, such that pixels (or voxels) within the same
region share similar properties while different regions are clearly separated. Along with the continued development of
classic segmentation approaches, a variety of new methods have emerged in recent years.® Given the diversity of
segmentation techniques and the lack of a universally accepted taxonomy, this study introduces representative medical
image segmentation methods from multiple perspectives to provide a structured overview.

Region-Based Segmentation Method
Region-based segmentation groups pixels (or voxels) with similar properties into coherent regions to separate target
structures from the background. By leveraging local spatial characteristics, region-based methods typically produce
spatially continuous segmentation results. However, because multiple candidate regions may satisfy similarity criteria,
commonly used algorithms are prone to over-segmentation, particularly in the presence of noise, intensity inhomogene-
ity, or complex anatomical boundaries.’

Segmentation Method Based on K Nearest Neighbor
The k-nearest neighbors (KNN) algorithm is a supervised learning approach widely used in pattern recognition. In
medical image segmentation, applying KNN typically requires manually annotated training data to provide representative
labeled samples. For instance, in normal brain MR images, pixels corresponding to white matter, gray matter, and
cerebrospinal fluid are often manually labeled based on expert knowledge to train and validate the classifier.®

First, select the K pixels with determined classifications that are closest to the pixel to be divided. If a certain medical
image is divided into N categories, it is marked as By, ...,By. Among them, the number of the segmented pixels
categories belonging to Bj,...,By of the K neighbors are ki,...,ky respectively, the category of the pixel to be
segmented using the discriminant function. Among them, the discriminant function is defined as follows:

m(y) = (B,|argmax(k,))(r=1,...,N) (1)

Among them, when we measure the similarity, we use Euclidean distance to measure, adding that the positions of the two
pixels in the MR image space are yq; and yq, respectively. Then the Euclidean distance is defined as follows:

I1,02) =\ (a1 — yg2)? (2)

Although KNN-based segmentation is conceptually simple and straightforward to implement, it often increases workload
because it relies on manual labeling to obtain representative training samples. In addition, the choice of distance metrics
and feature representations can substantially influence segmentation performance. Moreover, due to inherent intensity
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inhomogeneity in MR images, gray-level-based classification approaches are susceptible to misclassification, particularly

in regions with overlapping intensity distributions or bias-field artifacts.”"'°

Clustering Segmentation Method Based on Fuzzy C-Means

Among fuzzy clustering techniques, fuzzy C-means (FCM) is one of the most widely used and successful methods. By
minimizing an objective function, FCM computes the membership degree of each sample with respect to all cluster
centers, thereby achieving unsupervised data partitioning. Each sample is associated with a set of membership values
across clusters, and its cluster assignment is typically determined by the maximum membership principle.''

Use P(x) to mark an image, where xeQ, Q represents the global image space. Assuming that the FCM algorithm
divides the image P(x) into C categories, and record k,(n = 1, ... C) as the mean value of the nth category, then MR is
the cluster center of the nth category at this time. We use the degree of membership to indicate the probability that a pixel
y belongs to a certain category n, and the degree of membership is a value ranging from 0 to 1. We use w,(») to indicate
the degree of membership of the pixel y belonging to the category r, then we have:

0< Wn(y) <1
C
Z wny) =1 @)
The objective function of FCM can be expressed as follows:
C
Sl wn() = 2 Zw,WIIPY) = kil )
n=1y

Based on the above constraints, the gradient descent method is used to update and solve the parameters k, and w,(y).
Then there are:

2w/ ()
T ©

1/IIP(y) — ka||*
S (/IP) — k")

Using the above formula to update the parameters k, and w,(y), it can be seen that the change of the objective function is

wa(y) = (6)

very small and the iteration stops. If we directly use the FCM algorithm on medical images, such as MR images, this
clustering method based on image gray will be greatly affected due to the unevenness of the gray level of the medical
image itself.'?

Chronic Obstructive Pulmonary Disease and Asthmatic Lung Disease
Asthma and chronic obstructive pulmonary disease (COPD) are two common chronic airway diseases that are often
considered in differential diagnosis in clinical practice. Figure 1 illustrates schematic bronchial changes associated with
asthma and COPD. In some patients, however, an immediate and definitive distinction cannot be made, and clinical
management may therefore incorporate elements of both treatment strategies with longitudinal assessment during follow-
up.'? Inflammatory profiles may also overlap. For example, eosinophilic airway inflammation can be observed in a subset
of COPD npatients, particularly during acute exacerbations, whereas neutrophilic inflammation may become more
prominent in patients with more severe asthma. With increasingly detailed investigations into the pathophysiology of
asthma and COPD, the concept of overlapping phenotypes has gained attention, prompting growing interest in asthma—
COPD overlap (ACO)."* Given its mixed clinical features and potential implications for disease control, the management
of ACO has become a topic of considerable concern among clinicians.

In current clinical practice, management of asthma—COPD overlap (ACO) is largely extrapolated from treatment
strategies for asthma and COPD, and dedicated guideline recommendations remain under development. For asthma
control, inhaled corticosteroid/long-acting B2-agonist (ICS/LABA) combinations such as budesonide-formoterol are
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COPD patient

Figure | Schematic illustration of bronchial structural differences between asthma and COPD. This figure is provided for conceptual background only and does not
represent quantitative measurements or study-derived imaging results.

commonly prescribed. In patients with more prominent COPD features or greater airflow limitation, add-on long-acting
muscarinic antagonists (LAMAs) such as tiotropium bromide may be considered. Compared with ACO, non-ACO
COPD phenotypes may demonstrate more consistent treatment responses to corticosteroid-containing regimens in
selected clinical contexts.'>'® However, how therapeutic responses differ among patients with ACO, asthma, and
COPD remains incompletely understood. Tiotropium bromide is a widely used LAMA for chronic airway diseases.
Owing to its prolonged bronchodilatory effect and relatively low systemic absorption, it is generally associated with
sustained efficacy and a favorable safety profile. Although evidence supporting tiotropium in asthma and COPD is
relatively robust, earlier studies frequently excluded ACO because of limited and evolving definitions. With increasing
research attention and iterative updates of disease concepts and guidance, ACO is being more clearly characterized,
which facilitates more standardized diagnosis, management, and clinical investigation. Nevertheless, optimizing treat-
ment strategies for ACO-including severity-based medication selection, dose adjustment, treatment duration, and criteria
for step-down or discontinuation-requires larger-scale, well-designed clinical studies.'’

Transfer Learning

Transfer learning aims to leverage knowledge learned from a task in a source domain and apply it to a related task in
a target domain to improve performance on a new problem. This paradigm is particularly useful when the target domain
lacks sufficient labeled data or computational resources for effective model training. In practice, transfer learning often
initializes a target model with parameters pretrained on a large source dataset and then fine-tunes the model on the target

dataset, thereby accelerating convergence and improving generalization under limited data conditions.'®' In
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conventional machine learning, classification models are typically trained using sufficiently large labeled datasets, and it
is generally assumed that the training and test data follow the same or similar distribution. These requirements impose
substantial costs for data collection and annotation, and obtaining large-scale, high-quality labeled medical data is often
challenging in real-world settings. Moreover, distribution shifts across scanners, protocols, or institutions may further
limit the applicability of models trained in a single dataset. Unlike traditional approaches that rely primarily on learning
from the target domain, transfer learning explicitly exploits representations learned in the source domain to support
recognition tasks in the target domain, thereby mitigating data scarcity and domain shift to some extent.”® Figure 2
illustrates the general workflow of transfer learning.

In transfer learning, transfer component analysis (TCA) is used to reduce the dimensionality of the data that needs to
be transferred, so as to remove redundant information. TCA is a feature-based transfer learning method, which needs to
solve the problem of regional adaptation.”!

Assuming that there is a feature map R, the edge distribution of the source domain and target domain data after the
mapping will be close, namely:

T(R(Yy)) =~ T(R(YL)) @)
The corresponding conditional distribution is:
T(Zk|R(Yy)) = T(ZL|R(YL)) (®)

In this way, the regional adaptation problem is solved. Since the essence of transfer learning is to minimize the distance
between the source domain and the target domain, R can be solved by solving the minimum distance between the source

domain and the target domain. TCA uses the maximum mean difference to solve the minimum distance, namely:

diSt(Y;rc’ Yt,ar) = |

1 & 1 &2
N Z R(ysrcn) - g Z:l R(ern) |2 (9)

il n=1

Source task Target task

sl

Learning

tem

Figure 2 Schematic diagram of the transfer learning framework. A pretrained backbone network is adapted from a source domain and fine-tuned on the target medical
imaging dataset to support task-specific segmentation.

Knowledge
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The above formula will have a quadratic product term after the square expansion. The kernel function is used to find
a more difficult mapping in the form of a kernel function, so TCA introduces the kernel matrix M:

]Msrc,src Mrc.tar

M= 10
Mtar,tar Mtu):tar ( )
The corresponding coefficient matrix U is:
% YnsYo € Ysrc
Uno = é YnsYo € Yiar (11)
—i otherwise
Then the objective function can be written as:
trace(MU) — ntrace(M) (12)

Among them, trace is the trace of the matrix, which contains a semi-definite programming (SDP) problem, which is very
time-consuming to solve, so the kernel matrix M is reduced in dimensionality,> namely:

= (MM—WZ) <§M—1/2M> = (MzZ"M) (13)

The Z in the above formula is a matrix with a lower dimension than M, so the SDP problem is solved. The final
optimization goal of TCA is:

min tr (Z*MUZ) + ar(2"Z)

14
st. ZEMGZ =N, (19

Where m is the eigenvalue and G is the central matrix.
G =N, —1/(ii + L)NN* N ecQ'* (15)

TCA can completely transform the problem into a mathematical problem when extracting the transfer components, and
use pure mathematical tools to solve it. Another advantage is that the optimization of the matrix is done in place, so its
implementation is very simple and does not have too many restrictions. But the disadvantage is that the decomposition of
large matrices is not completely solved, which results in the calculation is still very time-consuming.>®

Deep Learning

Deep neural networks have achieved strong performance across a wide range of machine learning tasks, including
computer vision, speech processing, and affective computing. Their success is largely attributed to the ability of deep
architectures to learn hierarchical, nonlinear feature representations directly from input data. Common deep learning
models include autoencoders, convolutional neural networks (CNNs), restricted Boltzmann machines (RBMs), and
recurrent neural networks (RNNs), among others.

Autoencoders are unsupervised deep learning models designed to learn efficient representations of input data,
typically by reconstructing the input at the output layer. Their architecture consists of two parts: an encoder, which
maps the input to a lower-dimensional latent representation, and a decoder, which reconstructs the original input from
this latent code. When the latent space has fewer dimensions (or fewer neurons) than the input, the model learns
a compressed representation, analogous to dimensionality reduction or data compression. Many modern generative
models build on the autoencoder paradigm, such as variational autoencoders and related extensions, which have attracted
substantial research attention in recent years.**

Convolutional neural networks (CNNs) offer two key advantages: local connectivity and weight sharing. Local
connectivity is well suited for two-dimensional and higher-dimensional image data because convolutional filters operate
on spatially localized regions (local receptive fields) as they slide across the input. This enables CNNs to capture spatially
structured patterns while preserving positional relationships among features. In addition, convolutional operations
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provide a degree of translation equivariance, which supports robust feature extraction under spatial shifts. Weight sharing
further improves efficiency by applying the same filter parameters across different spatial locations. Multiple convolu-
tional filters are learned, and each filter produces a corresponding feature map from the input image. By reusing the same
filter weights across the entire image, CNNs substantially reduce the number of learnable parameters compared with fully
connected architectures, thereby lowering computational cost and mitigating overfitting risk.> Figure 3 illustrates the
basic architecture of a CNN.

Implementation Details of the Deep Transfer Learning Model

All experiments were implemented using the PyTorch deep learning framework (version 1.12) on a workstation equipped
with an NVIDIA RTX 3090 GPU (24 GB memory). The operating system was Ubuntu 20.04 with Python 3.8, CUDA
11.6, and cuDNN 8.4. All images used in this study were chest computed tomography (CT) scans. CT images were
preprocessed by applying a Hounsfield unit (HU) window of —1000 to 400, followed by min—max normalization. Images
were resampled to an in-plane resolution of 1.0x1.0 mm and resized to 512x512 pixels. Axial CT slices were used as
model inputs. The segmentation network adopted an encoder—decoder architecture based on a U-Net-like design.
A ResNet-50 backbone pretrained on ImageNet was employed as the encoder to initialize model weights via transfer
learning. The decoder consisted of upsampling layers with skip connections to preserve spatial details. The network
output included three classes: background, lung parenchyma, and airway-related structures. Transfer learning was applied
by initializing the encoder with pretrained ImageNet weights, while all network layers were fine-tuned during training.
Model optimization was performed using the Adam optimizer with an initial learning rate of 1x10~* and a weight decay
of 1x107°. The batch size was set to 8, and the maximum number of training epochs was 100. Early stopping was applied
if no improvement in validation loss was observed for 15 consecutive epochs. A ReduceLROnPlateau scheduler was used
to adaptively decrease the learning rate. The loss function consisted of a weighted combination of Dice loss and cross-
entropy loss, with increased weighting applied to airway structures to address class imbalance. Data augmentation
strategies included random rotations (+10°), horizontal and vertical flipping, scaling (0.9-1.1), and Gaussian noise
injection (o= 0.01). The dataset comprised 200 patients and was split at the patient level into training (70%), validation
(15%), and test (15%) sets using stratified random sampling to avoid data leakage. Segmentation performance was

Convolution Pooling

Convolution — .\ !
Fully- ‘ /

s

Connected Pooling -
L ) |
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1 r’ I
4 1
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\

Figure 3 Basic architecture of a convolutional neural network (CNN). This diagram illustrates the general structure of CNNs and is included for methodological
background.
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evaluated on the independent test set using the Dice similarity coefficient (DSC). For model comparison, paired statistical
tests were conducted, and a two-sided p value < 0.05 was considered statistically significant.

Ground-Truth Annotation and Dice Coefficient Calculation

All chest CT images were manually annotated to generate reference segmentation masks. Two board-certified radiologists
with 6 and 10 years of experience in thoracic imaging independently delineated the target anatomical structures using
standardized labeling guidelines and dedicated medical image annotation software. Discrepancies between annotations
were resolved through consensus discussion, and unresolved cases were adjudicated by a senior radiologist. For quality
control, a random sample of 20% of cases was re-reviewed to ensure labeling consistency. Segmentation performance
was quantitatively evaluated using the Dice similarity coefficient (DSC), defined as DSC = 2|P N G|/(|P| + |G|), where
P denotes the predicted mask and G denotes the reference mask. DSC was calculated on the independent test set for each
anatomical structure on a per-subject basis.

Overlap Classification Experiment of Chronic Obstructive Pulmonary
Disease and Asthma Lung Disease Based on Medical Image Segmentation
Based on Deep Transfer Learning

Research Objects

We selected 200 patients who were admitted to the Department of Respiratory Medicine of a tertiary hospital from
January 2020 to May 2021. Among them, 142 were male patients and 58 were female patients. The study was conducted
with a prospective method.

Exclusion criteria: 1) acute COPD, acute asthma attack; 2) the patient had previously undergone lung resection; 3)
combined with a history of severe pulmonary fibrosis; 4) combined with a history of tuberculosis; 5) combined with
a history of lung cancer; 6) combined with pulmonary embolism Medical history; 7) Use of systemic glucocorticoids due
to other underlying diseases; 8) Failure to communicate well with clinicians.

Inclusion criteria for the control group: (DPast physical fitness, no history of serious heart and cerebrovascular
diseases and chronic respiratory diseases. @There was no history of upper respiratory tract infection in the past 2 weeks.
(®Patients have the ability to cooperate with clinicians to perform lung function tests.

Inclusion criteria for the COPD group: (1) Aged over 40 years old, patients with cough, sputum expectoration, and
difficulty breathing after activities, lung function tests revealed persistent airflow limitation, that is, after the use of
albuterol 400ug or other bronchodilators, The ratio of the forced expiratory volume in the first second to the forced
expiratory volume should be less than 0.7. (2) The patient needs to be hospitalized for treatment due to respiratory system
related symptoms such as cough, sputum expectoration, or dyspnea.

Inclusion criteria for the ACO group: Patients diagnosed with chronic obstructive pulmonary disease based on smoking
history, symptoms, age, and lung function test results. If the patient currently meets the diagnosis of asthma, the diagnosis of
ACO can also be established immediately. If the diagnosis of asthma is not currently met, At least one of the following
criteria should be met: (1) The bronchodilation test is strongly positive (after inhaling the bronchodilator, the FEV1
improvement rate is >15% and the absolute value is >400mL). (2) Blood eosinophils >300c/uL. All medical images
analyzed in this study were chest computed tomography (CT) images, acquired as part of routine clinical assessment.

Observation Indicators
FEV1, FVC, one-second rate (FEV1/FVC), PEF, MMEF, MEF75, MEF50, MEF25, RV, TLC, residual/total ratio (RV/
TLC), carbon monoxide dispersion (DLco).

Instruments
The main equipment used in this study includes: pulmonary function meter, COPD patient self-assessment test ques-
tionnaire, asthma control test, enzyme label analyzer, automatic blood analyzer, blood gas analyzer, ultra-low temperature
storage box, etc.
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The assessment of the asthma control test consists of 5 parts: the time is the same in the past 4 weeks, the degree of
interference of the patients with asthma symptoms on daily activities, the frequency of dyspnea caused by the patient’s
asthma symptoms, and the degree of impact of asthma during night rest. The frequency of emergency medication use,
and my own evaluation of the degree of control of my own asthma. A full score indicates complete control of asthma
symptoms; a lower score indicates poorer asthma control.

The COPD patient self-assessment test questionnaire score is divided into 8 questions, with a total score of 40 points.
The more severe the symptoms, the higher the score. When the score exceeds 10 points, the comprehensive evaluation of
COPD indicates severe symptoms. Including the typical symptoms of COPD, such as cough, sputum, chest tightness, etc.
COPD causes the patient’s impact on climbing or stairs, indoor activities, going out, sleep and energy.

Experimental Method

According to the Spanish Asthma-COPD Overlapping Consensus established in 2017, the diagnostic criteria are divided
into ACO group and COPD group. Taking acute exacerbation and survival status as the main indicators for observing
prognosis, the collected clinical data was analyzed statistically using SPSS and STATA software including #-test, rank-
sum test, chi-square test and Z-test.

Model Comparison

To provide a more comprehensive benchmark evaluation, widely used medical image segmentation frameworks,
including U-Net and its variants, were incorporated as additional comparative models. These models were implemented
using standard configurations reported in the literature and trained on the same dataset under identical experimental

conditions to ensure fair comparison.

Chronic Obstructive Pulmonary Disease and Asthma Lung Disease Based
on Deep Transfer Learning Medical Image Segmentation Overlapping
Classification Analysis

All figures are presented with quantitative annotations, including sample sizes, variability measures, and statistical
summaries, to facilitate objective interpretation of model performance. A total of 200 subjects were included and
categorized into normal, COPD, asthma, and asthma-COPD overlap (ACO) groups. Clinical characteristics (lung
function parameters, inflammatory biomarkers, and ACT/CAT scores) were summarized to describe cohort profiles and
support clinical phenotyping. Importantly, these variables were not predicted by the Al model; rather, they were used to
provide clinical context and to aid interpretation of the imaging segmentation—based classification results. The following
sections report segmentation performance (Dice coefficient), classification performance, and the clinically contextualized
interpretation of the findings.

Table | Comparison of Classification Accuracy of Each Method

Model Normal | COPD | Asthma | ACO

Deep transfer learning 95.16 94.29 94.12 93.21

NUS-PSL 91.24 90.24 91.03 85.43
PRE-1000C 90.14 89.04 90.21 86.92
REA-C1000 92.24 88.31 89.42 89.32
CNN 92.57 91.23 92.14 91.45
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Figure 4 Comparison of segmentation time across different models and disease categories. Bars represent mean segmentation time, and error bars indicate standard
deviation across repeated runs. n = 200 subjects.

Recognition Accuracy

By collecting the medical images of the 200 patients, using the deep transfer learning algorithm and the four algorithms
of NUS-PSL, CNN, PRE-1000C and REA-C1000 to identify and classify the collected 200 medical images The accuracy
rate is shown in Table 1.

Figure 4 shows the time taken by the three algorithms to segment medical images of patients with normal conditions,
COPD, asthma, and ACO. Obviously, the three algorithms have the fastest recognition speed for normal conditions. This is
because there are no obvious lesions in medical images under normal conditions. Deep transfer learning only takes five
minutes, while the NUS-PSL algorithm takes 13 minutes and the CNN algorithm takes 9 minutes. However, when recognizing
medical images of ACO patients, the speed of the three is significantly reduced. It can be seen that the recognition of ACO is
more difficult, but deep transfer learning still maintains a speed better than the other two algorithms.

Dice Coefficient Analysis

Figure 5 shows the change of the Dice coefficient during the training process. The test results in this article compare the
Dice coefficients of lung, pharynx, larynx, and bronchus in ACO patients, which is a commonly used image segmentation
evaluation method. It can be seen from Figure 5 that as the time period increases, the Dice coefficient of all organs has an
upward trend, and the Dice coefficient of the lungs has always been at a relatively high level. It can be seen that the
method used in this paper can segment the image of the lung Good, but the segmentation effect of the bronchus and
throat needs to be strengthened, and the longer the period, the higher the Dice coefficient, which shows that the test time
of these medical images is relatively long. This is because the pixels at the center point are processed. The segmentation
method contains millions of parameters, and the deep transfer learning used in this article involves a convolutional neural
network, which makes it take a long time for each medical image to achieve segmentation analysis.

International Journal of Chronic Obstructive Pulmonary Disease 2026:2| https: 11



Ye et al

~&#— Lung —#~ Pharymnx —#&— Throat Bronchus

DICE COEFFICIENT
o
(W

1 2 3 - 5

CYCLE

Figure 5 Dice coefficient curves during model training. Dice similarity coefficients were calculated between predicted masks and expert-annotated reference masks on the
independent test set. Curves represent lung parenchyma, bronchus, pharynx, and larynx structures, demonstrating stable convergence across training epochs.

General Information Situation

The general characteristics of patients in the COPD and ACO groups are summarized in Table 2. Compared with the
COPD group, patients in the ACO group had a significantly higher BMI (25.7844.21 vs. 24.89+3.27, P=0.001), whereas
the mean age was slightly lower (74.23+£9.12 vs. 75.214£8.98, P=0.003). Smoking duration and the number of cigarettes
smoked per day were both significantly lower in the ACO group than in the COPD group (P=0.001 for both). No
significant differences were observed between the two groups with respect to sex distribution or length of hospital stay
(both P>0.05), as shown in Table 2.

Inflammation Indicators Analysis

The comparison of inflammatory indicators between the COPD and ACO groups is presented in Table 3. Blood eosinophil
levels were markedly higher in the ACO group than in the COPD group (0.29+0.28 vs. 0.07+0.08, P<0.001), and serum IgE
levels also tended to be higher in the ACO group, although this difference did not reach statistical significance (P=0.139). In
contrast, leukocyte count, neutrophil count, erythrocyte sedimentation rate, C-reactive protein, and procalcitonin levels

Table 2 Comparison of General Indicators of COPD Patients and ACO Patients

COPD Group | ACO Group X2t P
BMI 24.89+3.27 25.78+4.21 -3.124 | 0.001
Age 75.21+8.98 74.23%9.12 2.753 | 0.003
Gender Male 66 62 5.321 | 0.587
Female 34 38
Smoking days 29.67+14.27 27.43£15.89 | —2.978 | 0.001
Number of smoking (pieces per day) 9.67+5.78 8.68+9.34 —2.384 | 0.001
Hospital stay 9.23+3.48 8.92+3.13 1.392 | 0.178
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Table 3 Comparison of Inflammatory Indexes Between COPD Patients and ACO

Patients
COPD Group | ACO Group | x*t P
Leukocyte 10.78+3.98 9.89+3.67 2314 | 0012
Neutrophils 8.23+3.92 6.34£2.89 3423 | <0.001
IgE 99.46x11635 | 121.87£146.53 | —1.456 | 0.139
Blood eosinophils 0.07+0.08 0.29£0.28 | —9.039 | <0.00I

Erythrocyte sedimentation rate 42.56+29.67 32.57£22.75 2.867 0.006

C reactive protein 49.18+59.82 28.94+44.89 3.283 0.003

Procalcitonin 0.59+2.34 0.28+0.21 —1.969 | 0.046

Table 4 Irrational Medication Performance

Types of Unreasonable Drug Use Number of Cases | Percentage

Failure to adjust the drug treatment plan in time according to 15 7.5%
changes in the condition, and change the drug at will.

Inappropriate combined use of bronchodilators and glucocorticoids 12 6%
Antibiotic abuse I 5.5%
Single mode of administration 8 4%
Unreasonable timing of medication 7 3.5%

were all lower in the ACO group than in the COPD group. Among these indicators, leukocyte count (P=0.012), neutrophil
count (P<0.001), erythrocyte sedimentation rate (P=0.006), C-reactive protein (P=0.003), and procalcitonin (P=0.046)
showed statistically significant between-group differences, as shown in Table 3.

Performance of Irrational Drug Use

The patterns of irrational medication use among patients are summarized in Table 4. The most common problem was
failure to adjust the treatment regimen in a timely manner according to changes in the patient’s condition, accounting for
7.5% of cases. This was followed by inappropriate combined use of bronchodilators and glucocorticoids (6.0%),
antibiotic abuse (5.5%), single mode of administration (4.0%), and unreasonable timing of medication (3.5%). These
findings indicate that although the overall proportion of irrational medication use was relatively low, medication
management in some patients still requires improvement, as shown in Table 4.

Comparison of Lung Function Indicators

As shown in Figure 6, the FEV1, FVC, FEV1/FVC indicators indicate airflow limitation. In this article, the asthma
group, COPD group, and ACO group patients all decreased compared with the control, indicating that asthma, COPD and
ACO patients all have airflow limitation Compared with asthma patients alone, the ACO group had more severe airway
obstruction (P<0.05). This can be explained by the fact that smoking can significantly accelerate the decline of lung
function in subjects with or without asthma, and ACO patients have more smokers than asthma patients alone. There was
no significant difference between patients in the ACO group and COPD alone (P>0.05). The lung function decline of
COPD patients alone is more significant than that of ACO patients. From the figure, it can be seen that FEV1 of ACO
patients is 45%, and FEV1 of COPD patients is 41%. It can be seen that the lung function of ACO patients is
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Figure 7 Comparison of airway resistance in each group.

significantly better than that of COPD patients. Two indicators, MEF50 and MEF25, can be used to indicate the degree of
small airway obstruction. In this article, patients in the asthma group, COPD group, and ACO group are all lower than
the control, indicating that patients with asthma, COPD and ACO all have small airway dysfunction. Patients in the ACO
group Compared with patients with asthma alone, small airway obstruction was more serious (P<0.05), and there was no
significant difference compared with patients with COPD alone (P>0.05).

Figure 7 is a comparison chart of the airway resistance of each group. The total respiratory impedance is represented
by Zrs, the total airway resistance is represented by R5, R5-R25 is the respiratory resistance at different hertz, and R20 is
the central airway resistance. Compared with the control group, the Zrs and R5-R25 of the COPD group and asthma

patients increased, which exceeded those of the control group.
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Table 5 Comparison of Patients’ ACT Score and CAT Score
Before and After Treatment

Group | Cases Time ACT Score | CAT Score

Asthma 54 Before treatment 16.842.9 —

After treatment 23.7£2.5 —

COPD 46 Before treatment — 27.5%3.2
After treatment — 23.1%£2.6
ACO 43 Before treatment 16.8+2.3 23.2+29
After treatment 18.9£3.0 21.3+23

ACT and CAT Score Analysis

Changes in ACT and CAT scores before and after treatment are shown in Table 5. All three groups showed improvement after
treatment. In the asthma group, the ACT score increased from 16.8+2.9 before treatment to 23.742.5 after treatment, indicating
a relatively marked improvement in symptom control. In the COPD group, the CAT score decreased from 27.5+3.2 to 23.1£2.6
after treatment. In the ACO group, the ACT score increased from 16.842.3 to 18.943.0, whereas the CAT score decreased from
23.242.9 to 21.3£2.3. Overall, the improvement in the ACO group was less pronounced than that in the asthma group, which may
be related to the coexistence of partially reversible and persistent airflow limitation in ACO, as shown in Table 5.

Classification Performance Comparison

A total of 200 subjects were included and classified into normal, COPD, asthma, and asthma—COPD overlap (ACO)
groups. The classification performance of the proposed deep transfer learning—based method was compared with NUS-
PSL, PRE-1000C, REA-C1000, and conventional CNN models. The proposed method achieved consistently high
accuracy across all disease categories. In particular, the ACO classification accuracy of the proposed method reached
93.21%, which was higher than that of NUS-PSL (85.43%), PRE-1000C (86.92%), REA-C1000 (89.32%), and CNN
(91.45%). These results indicate that the proposed approach demonstrates improved discrimination ability for complex

80 A

60 -

Accuracy (%)

40 -

20 A

0_

DTL NUS-PSL PRE-1000C  REA-C1000 CNN

Figure 8 Presents a comparison of ACO classification accuracy across different models. Error bars represent 95% confidence intervals (Cl) estimated based on the binomial
distribution of classification outcomes.
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Figure 9 Further illustrates classification accuracy across all disease categories. The proposed method consistently outperformed comparative models in normal, COPD,
asthma, and ACO groups.

overlapping airway disease phenotypes. The comparison of ACO classification accuracy across different models is
illustrated in Figure 8, whereas the classification performance across all disease categories is presented in Figure 9.

Statistical Significance Analysis

To further assess whether the observed performance differences were statistically meaningful, statistical analyses were
conducted on ACO classification accuracy. Pairwise comparisons between the proposed deep transfer learning-based
method and comparative models were performed using paired statistical tests on the independent test set. The proposed
method demonstrated statistically significant improvements in classification accuracy compared with the NUS-PSL and
PRE-1000C models (two-sided P< 0.05). These results suggest that the observed performance differences are unlikely to
be attributable solely to random variation within the evaluated dataset. However, given that the analysis was based on
a single-center cohort without external validation, the statistical findings should be interpreted with caution, and further
confirmation in independent datasets is warranted.

Dice Coefficient Analysis

The Dice coefficient was used to quantitatively evaluate segmentation performance. Dice values were calculated between
automated segmentation results and expert-annotated reference masks. As shown in Figure 10, Dice coefficients for all
models increased with training progression, demonstrating stable convergence. The proposed method consistently
achieved higher Dice coefficients than comparative models across most anatomical structures. Lung parenchyma
segmentation yielded higher Dice values than airway-related structures, reflecting the increased complexity of airway
boundary delineation. Detailed quantitative Dice similarity coefficient results for different anatomical structures are
presented in Table 6.

Visualization of Segmentation Results

Representative segmentation results are shown in Figure 11. Compared with other models, the proposed method
produced more continuous and accurate boundaries in bronchial and alveolar regions, particularly in cases with over-
lapping pathological features. These visual results further support the quantitative Dice coefficient findings.
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Figure 10 Comparative Dice convergence curves for lung and airway segmentation between the proposed and baseline models.

Dice Analysis Subsection

The proposed method achieved significantly higher Dice values in clinically central structures, including lung parench-
yma and bronchus, compared with baseline models (P < 0.05). In contrast, improvements in upper-airway structures such
as the pharynx and larynx were modest and did not reach statistical significance. Overall, lung parenchyma segmentation
yielded higher Dice values than airway-related structures, reflecting the increased boundary complexity of airway
anatomy.

Conclusion

ACO patients tend to experience more frequent exacerbations, worse health-related quality of life, and higher healthcare
utilization than patients with asthma or COPD alone.?® With increasing emphasis on precision phenotyping and treatable
traits in obstructive airway diseases, improving disease control and stratification in ACO has become an important
clinical and research priority. In this study, we explored a deep transfer learning-based CT image segmentation frame-
work to support ACO-related classification as a proof-of-concept approach. Nevertheless, the present evidence is limited
to internal evaluation in a single-center cohort, and external validation across multiple institutions and imaging settings is
essential before clinical translation.

Deep learning is now a well-established methodology in biomedical research and medical image analysis, with
extensive applications in classification and segmentation tasks.?” U-Net and its variants remain foundational baselines for
biomedical image segmentation,” and transfer learning has been widely adopted to mitigate limited annotations and
domain shift.* Consistent with prior biomedical studies illustrating the broad applicability of deep learning beyond

Table 6 Dice Similarity Coefficient (DSC) for Different Anatomical Structures on the Test Set

Structure Proposed Method U-Net nnU-Net | NUS-PSL | PRE-1000C P

Lung parenchyma 0.94+0.02 091 £0.03 | 092 +£0.03 | 0.89 +0.04 | 0.90 +0.03 | <0.0l
Bronchus 0.88+0.04 0.83 +0.05 | 0.85 +0.05 | 0.80 + 0.06 | 0.82 * 0.05 0.02
Pharynx 0.79+0.06 0.77 £ 0.07 | 0.78 £ 0.06 | 0.75 £ 0.08 | 0.76 + 0.07 0.21
Larynx 0.76+0.07 0.74 £ 0.08 | 0.75 £ 0.07 | 0.72 £ 0.09 | 0.73 £ 0.08 0.28
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Figure 11 Visual comparison of representative segmentation results. Ground-truth and predicted contours are overlaid on CT slices. Case-level Dice coefficients are
annotated on each panel, and zoomed-in regions highlight bronchial and alveolar boundaries.

imaging and perspectives discussing the intersection of deep learning and radiomics,***!

our work is positioned within
this broader methodological landscape while focusing specifically on segmentation-driven CT analysis for obstructive
airway phenotyping.

It should be emphasized that the proposed deep transfer learning—based segmentation model is not designed to replace
conventional clinical diagnosis of ACO, which primarily relies on clinical history, spirometry, bronchodilator respon-
siveness, and inflammatory biomarkers.** Instead, it provides complementary structural information derived from CT
imaging, which may reflect airway remodeling and parenchymal alterations relevant to different obstructive airway
phenotypes.*® When interpreted in conjunction with clinical symptoms, lung function parameters, and inflammatory
biomarkers, such image-based features may support phenotypic characterization and risk stratification, consistent with
multimodal assessment in complex airway diseases. Technically, the segmentation framework focuses on airway-adjacent
and parenchymal structures, which are closely related to airway remodeling and emphysema/air-trapping patterns on
CT.*** The observation that lung parenchyma segmentation achieved higher Dice values than airway-related structures
is consistent with the higher boundary complexity and smaller caliber of airway structures and their susceptibility to
partial-volume effects. The more continuous boundaries generated by the proposed method may facilitate more reliable
extraction of imaging features for downstream classification. Given that ACO is primarily characterized by lower-airway
and parenchymal abnormalities, segmentation results for upper-airway structures such as the pharynx and larynx are
considered exploratory and are not used to support the primary clinical conclusions of this study.

This study has several limitations. First, the cohort comprised 200 patients from a single center, which may limit representa-
tiveness and clinical heterogeneity. Second, no external validation cohort was included; therefore, performance reflects internal
evaluation only, and any statements regarding stability or generalizability should remain conservative. Third, robustness analyses
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(eg, repeated resampling/cross-validation and sensitivity analyses across acquisition settings) were not performed. Future work
will involve multi-center data collection, independent external testing, and reporting in accordance with established medical
imaging Al guidelines (eg, CLAIM) and prediction model reporting guidance (eg, TRIPOD+AI).***’
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