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CORRESPONDENCE ABSTRACT: Background: Lung diseases significantly contribute to sub-
Harith S. Hassan stantial global morbidity and mortality, which pose considerable diagnostic
harith.s.hassan@gmail.com challenges. Manual analysis of medical images like chest X-rays and CT scans

is often subject to human error, requires specialized expertise, and is time-
consuming. To build fully automated systems that analyze the information
contained in medical images, robust and efficient algorithms are required. In
response, artificial intelligence (Al), especially deep learning (DL), has become
an innovative approach that shows excellent results for the automation of lung
disease detection and classification. Objective: Following a strict systematic
literature review methodology, this study aims to provide an extensive survey of
artificial intelligence, machine learning, and deep learning approaches for the
detection and classification of lung diseases. Methods: The survey discusses
over 30 reported approaches in the field. These approaches have been catego-
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rized and evaluated based on the methodology and reported results. We also dis-
BY cuss relevant datasets and benchmarking that have been used in state-of-the-art

© 2026 by the author(s). models and have undergone peer review. Results: The survey reveals a strong
Published by Mustansiriyah trend towards powerful ensemble and hybrid architectures like ResNet, VGG,
University. This article is an RVCNet, Vision Transformers (ViTs), etc., and their variations. These mod-

els have achieved high accuracy for detecting and classifying various diseases.
under the terms and condi- Conclusions: This work highlights the advancement and recent progress in
tions of the Creative Com- using Al and deep learning to detect and classify lung diseases while addressing
mons Attribution (CC BY) li- identified gaps and limitations related to dataset availability, standardization,
and imbalance, in addition to model transparency and the computational cost,
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cense.
providing a prospective roadmap for further research or implementation.
KEYWORDS: Deep learning; Lung disease detection; Medical image classi-
fication; Transfer learning; FExplainable Al

INTRODUCTION

L ung dlsease denotes various types of diseases or illnesses that prevent the proper functionality of

the lungs [1]. Currently, lung diseases can lead to fatal conditions that pose significant diagnostic
challenges [2]. The manual interpretation of medical images such as chest X-rays and CT scans is
prone to human diagnostic errors, is time-consuming, and is dependent on physicians’ expertise [3].
The rapidly expanding research in automatic lung disease detection is based on the premise that in-
formation about lung condition, illness, class of diseases, and underlying pathology can be extracted
from medical data. In recent decades, lung disease detection and classification have attracted signifi-
cant attention, and they have been studied by radiologists, medical physicians, and engineers [4]. In
response, artificial intelligence (Al), particularly deep learning (DL), has emerged as a transformative
approach, offering powerful tools to detect subtle patterns that humans might miss, enabling auto-
mated procedures, gaining new insights, and improving accuracy [5], [6]. Furthermore, big data has
made a variety of large medical datasets accessible for researchers, enabling the implementation of
DL models to detect and classify lung diseases with enhanced accuracy and efficiency [7].
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The most widespread lung diseases include pneumonia, tuberculosis, asthma, fibrosis, cancer, in-
terstitial lung disease, and COVID-19 [8], [9]. Typically, lung diseases are attributed to many factors,
including bacterial, viral, and fungal factors, as well as genetic factors, lifestyle choices, and environ-
mental causes [10], [11]. While numerous studies have demonstrated promising results in automatic
lung disease detection, the field lacks a comprehensive thematic synthesis of these methodologies.
The current literature exhibits significant variability in model architecture, preprocessing techniques,
dataset selection, and evaluation metrics, which makes comparative analysis difficult. Distinct from
other recent reviews in the field, this paper attempts to provide a comprehensive recent survey by
adopting a wide-ranging, broad-scope methodology, such as knowledge-based systems, traditional
machine learning, deep learning, explainable Al, and multimodal methodologies. It also highlights
research gaps, methodological comparisons, evaluation metrics, publicly available datasets, and sum-
mary tables that not only focus on models’ accuracy but also on generalizability, interpretability,
and transparency, in addition to dataset limitations. With over 30 reported studies, this paper aims
to give a comprehensive and critical survey of the current methodologies for automatic diagnosis
and classification of lung diseases. Furthermore, we provide an overview of multiple models that
utilize diverse datasets that have been used in these studies. When available, we have reported the
corresponding performance metrics of each method.

MATERIALS AND METHODS

To maintain methodological integrity, transparency and consistent reproducibility, this survey follows
a structured systematic review methodology to explore, evaluate, and synthesize the recent state of
knowledge on the utilization of artificial intelligence and deep learning for lung disease identification
and classification.

Information Sources and Search Strategy

A systematic, comprehensive literature search was implemented across five indexed databases,
namely: Web of Science, PubMed, Scopus, IEEE Xplore, and Google Scholar. The search was defined
as recent peer-reviewed articles from the last six years. The search strings strategy was formed
using Boolean operators (AND/OR) combining multiple controlled keywords, limits were applied
for publication period and document type where supported, Example search strategy for Google
Scholar: (“machine learning” ” OR “artificial intelligence ” OR “deep learning” OR “transfer learning”
OR “explainable AI” OR “decision support system” OR “expert system”) AND (“lung disease” OR
“respiratory disease” OR pneumonia OR tuberculosis OR “lung cancer” OR “COVID-19”) AND
(2020/01,/01:2025/12/31).

Inclusion and Exclusion Criteria

To guarantee structural integrity and transparency in this survey, a careful selection framework
was established. The literature was systematically weighed against a set of inclusion and exclusion
criteria designed to keep only high-quality, relevant research studies. Figure 1 demonstrates a complete
PRISMA diagram showing the full selection process.

1 Inclusion Criteria

(1) Peer-reviewed journal articles stating primary quantitative findings. (2) Studies clearly focusing
on AI, ML, or DL-based classification, detection, or segmentation of lung diseases. (3) Approaches
employing medical diagnostic modalities, including imaging data (X-ray, CT scans, ultrasound). (4)
Articles that have open access and are published completely in the English language.

2 Exclusion Criteria

(1) Non-peer-reviewed papers, extended abstracts, preprints, and short book chapters. (2) Studies
missing precise validation metrics (e.g., accuracy, sensitivity, specificity). (3) Dissertations and theses,
editorials, and commentary papers.
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Figure 1. PRISMA flow diagram charting the systematic study selection process

Data Collection and Analysis

Both qualitative and quantitative comparative methodologies were systematically used across the
final selected studies. Applicable key data elements were collected in an organized and uniform
manner using a uniform extraction form. Key variables recorded covered a comprehensive set of
fields, encompassing the study author, the specific lung pathology, data modality, model architecture,
preprocessing methods, and the reported performance metrics.

LUNG DISEASE DIAGNOSIS BASED ON AI AND DEEP LEARNING

In this section, we review existing techniques for diagnosing lung diseases using various Al methods
while focusing on deep learning works. Usually, these diagnostic methods consist of various phases,
such as data preparation, preprocessing, segmentation, model design and training, fine tuning, and
finally the evaluation and testing against prominent benchmark datasets [3], [12]. We classify Al
detection methods into three categories; some methods clearly overlap category boundaries and are
discussed at the end of this section. Tablel compares the strengths and limitations of lung disease
diagnostic methodologies.

Knowledge-Based Methods: These methods are designed mainly as expert systems for medical
applications. Generally, most expert systems are rule-based methods that encode human knowledge
of what constitutes a typical infection/disease. Usually, the rules capture the relationship between
symptoms of the disease and the extent of the infection.

Machine Learning-Based Methods (ML): These methods aim to build models that are able to learn
from data without explicit programming. Generally, ML. models are trained by feeding them a large
amount of data along with ground truth output. It repeatedly makes predictions, compares them
to the ground truth, and adjusts its internal parameters to reduce prediction errors (i.e., through a
process called optimization). These methods are designed mainly to detect fractures, lung cancer,
breast cancer, brain bleeding, etc.
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Table 1. A comparative taxonomy of lung disease diagnostic paradigms

Approach

Algorithmic
Strengths

Critical Limitations

Medical Feasibility Trans-
parency

Knowledge-Based
Expert Systems

Conventional Ma-

Runs with no training
data

Very effective on low-

Highly dependent on human ex-
perts for rule creation

Depending on manual feature en-

High Transparency: doctors can
trace logical rules

Moderate Transparency: Mod-

chine Learning dimensional layouts. gineering (e.g., LBP, GLCM de- els like Decision Trees offer in-
(ML) scriptors terpretability.

Lower computational Affected by feature selection bias Moderate Viability: Sensitive to

costs. human error during annotation.
Deep Learning Automatic end-to-end Serious computational con- Low Transparency: Deep "black-
(DL) Architec- multi-level feature ex- straints. box” models cause clinical suspi-
tures traction. cion.

Outstanding scaling on  Susceptible to overfitting  High Viability: Produces state-

massive datasets. small/imbalanced datasets. of-the-art diagnostic accuracy.

Deep Learning-Based Methods (DL): These methods aim to build models that are able to automat-
ically discover the features needed for classification directly from raw data without human-engineered
features. For example, DL models take the raw pixels and, through their deep layers, learn to identify
edges, shapes, patterns, and objects by themselves. The correlations between an input image and the
stored patterns are computed for detection.

These Al models are then used for detection, diagnosis, and classification. Table 2 summarizes
the most significant and foundational studies with important representative methodologies that are
reflective of the research in lung disease detection and classification within these three categories. To
deliver a robust, uniform synthesis of these methodologies without disrupting the structural chronicle
of this survey, a comprehensive evaluation matrix maps 30 primary experimental studies against their
exact data modalities, datasets, core architecture, and variable metrics.

KNOWLEDGE-BASED METHODS

Knowledge-based methods, particularly expert systems, for medical diagnosis act as a powerful
‘second opinion’ tool. These systems use structured human knowledge that is encoded as rules to
simulate expert reasoning that support clinical decision-making. Unlike purely machine learning
models, these systems embed domain expertise to provide explainable recommendations. Recently,
expert systems have shown significant advantage over machine learning, as these systems function
effectively without relying on large training datasets [13]. Furthermore, computerized decision support
systems (CDSS) are employed to improve healthcare by supporting the decision-making process. The
CDSS assists providers in evidence-based decision making [10]. A critical aspect of expert systems and
CDSS was the creation of a knowledge base, typically developed through extensive interviews with
expert physicians to translate human expertise into if/then logical rules. In these systems, indirect
methods like Dempster-Shafer theory and Forward Chaining were used to diagnose lung diseases based
on symptoms [2], [14] or logical criteria for pediatric patients [15]. Recent advancements in expert
systems display flexibility of use, from fuzzy inference systems designed for early identification to
mobile applications that predict COVID-19 risk based on the semantic rules [16], [17]. Subramaniam
et al, developed an expert system for classifying COVID-19 and pneumonia [18|. The input lung
X-ray images were enhanced utilizing different preprocessing algorithms; then optimal features were
extracted using Haar transform filters. The authors customized DNN for the multi-classification
achieving 91% accuracy. Zulkifli et al. built an expert system by using several architectures to classify
X-ray images for diagnosing COVID-19, pneumonia, tuberculosis, and normal lungs [19]. Personal
interviews with specialists and patients were used to create a knowledge-based model. Classification
with Inception3 model employing a dataset of 409 images showed the best performance with 86%
accuracy, 91% sensitivity, precision and F1 score. Al-Issa et al. created a decision support system
by applying and comparing knowledge-driven Al models (i.e., DenseNet201, DarkNet, Xception, and
VGG16) all trained on the ImageNet dataset for multi-class lung diseases classification [11]. Xception
model achieved the highest detection accuracy of 94.78%, yet when applying majority voting and
feature ensemble techniques for feature extraction, the accuracy enhanced to 97.79%, 98.5% sensitivity,
99.07% specificity, and 98% precision.
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Table 2. Some representative studies that include significant innovations and show the best performance

Model Data Used Metrics
Ref. Disease Method .
Architecture Dataset Samples Acc% Sen% Spe%
[20] Multi Class Deep LCTfound, Vision LungCT- 105,184 CT scans — — -
(13 diseases Learn- Foundation Model 28M
+ normal) ing -
Segmen-
tation
(U-Net)
[21] Multi Class Deep Lightweight ~ two- Publicly 10,000 CT scans 99.80 99.68
(5 diseases Learning dimensional  con- available
+ normal) — CNN / volutional  neural AIHub
Transfer network (LW-  dataset
Learning 2DCNN)
[4] Atelectasis Deep Attention- NIH chest 112,120 X-ray scans 95.34 96.00 —
Pneumotho-  Learn- Based Modified X-ray
rax ing —  DenseNet201
Attention-
Based
[22] Lung cancer Machine Chameleon swarm- Public 1,097 images 95.64 95.99 94.82
Learning based support vec- datasets
tor machine (CS- available
SVM) on Kaggle
[5] Multi Class ~ Deep Hybrid framework Consolidated 80,000 96.48 93.75 —
Learning VGG19 + CNN multi-class
- CNN / collection
Transfer of  chest
Learning X-ray
[3] Tuberculosis  Deep NFNet TBX11K 11,200 X-ray 96.91 91.81 98.42
Learning (Normalization-
— CNN / Free Network)
Transfer
Learning
[23]  Respiratory  Deep CNN + Parallel ICBHI 920 lung sounds. 71.15 61.00 86.00
diseases Learning Pooling, Linear Dis- 2017 6898 pulmonary
— CNN / criminant Analysis cycles
Transfer (LDA) + Random
Learning Subspace  Ensem-
bles (RSE)
[24] Pulmonary Image TSASM (Three- LIDC 100 CT scans - - -
nodules Process- Stage  Automated Image
ing /  Segmentation Dataset
Mathe- Method) + RTH
matical Image
Dataset

Kvak et al. introduced (Carebot) a CDSS along with DL to automatically identify and localize
abnormal lung lesion anomalies in X-ray images [25]. The model can recognize and localize the small-
scale lesions using YOLO-5 architecture that a human radiologist could overlook. The accuracy of
the model end results was compared with the results of five individual radiologists achieving higher
detection rates and lower false-negative rates. Cheng et al. developed a CDSS to support the identifi-
cation of lung cancer in CT images [24]. The authors proposed a three-stage automated segmentation
method mathematical framework (TSASM), which involved automated lung segmentation and feature
extraction with discrete wavelet packet transform (DWPT), and rough set theory (LEM2 algorithm)
for classification which outperformed other compared classifiers. On the other hand, Miyachi et al.
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utilized Learning to Rank (LTR) approaches to develop a CDSS that generates a ranked list of dif-
ferential diagnoses to enhance diagnostic accuracy by mitigating confirmation bias [26]. This system
is especially helpful to aid the detection of difficult to diagnose or rare cases while reducing possible
diagnostic errors.

In general, current CDSS research increasingly includes Explainable AT (XAI) techniques such as
SHAP, LIME, etc. to improve trust and reliability of expert systems and CDSS [27], [28]. More
details and representative work concerning Explainable AI will be discussed in next sections. A
close assessment of knowledge-based systems uncovers a core limitation; they are heavily dependent
on manual expert input for collecting knowledge. Although some semantic rule-based systems can
perform well without the need for large training datasets, they lack acceptable generalisability when
challenged with discrepancies in clinical presentations or patients with complex or rare conditions.
Furthermore, some recent hybrid approaches that combine deep learning models with expert systems,
could enhance total classification accuracy but they often lack the explainability feature that initially
made traditional rule-based systems mainly valuable in clinical environment. Practically, building
medical expert systems, CDSS, and Explainable AI models implies important preprocessing steps.
These may include image segmentation and feature selection which are discussed below.

1 Image Segmentation

Image segmentation is considered a crucial preprocessing step in medical images. The automatic seg-
mentation step aims to divide the source input image into several meaningful regions based on shared
features or predefined rules, enabling more precise analysis and understanding of image contents. The
final goal of the segmentation step is to detect and localize what is called Regions of Interest (ROIs)
in medical images that identify some kind of infection or disease. Practically, accurate segmentation
of tumors, organs, or lesions is essential for diagnosis and treatment plan. Liu et al. developed a lung
segmentation method based on multi-scale superpixel analysis for interstitial lung diseases detection
from CT scans [29]. The proposed method employed multiple RF classifiers to segment lung areas
within the CT scans. Figure 2 shows the general architecture of the proposed system. The experi-
mental results showed high segmentation accuracy averaging 96.45% using Dice Similarity Coefficient
metric. Nair et al. proposed an enhanced lung cancer detection system integrating Improved Random
Walker segmentation with Random Forest RF [30]. The improved Random Walker algorithm was used
first to initially segment and highlight lung nodules, then ANN + RF classifiers were employed to cat-
egorize lung nodules into benign and malignant categories achieving classification accuracy of 94.76%
for ANN, 99.65 % for RF, Sensitivity of 99.78% for ANN, 99.98% for RF, and Specificity of 28.97%
for ANN, and 94.74% for RF. Abdikerimova et al. used an autocorrelation function method as initial
segmentation stage to outline the regions with abnormalities in lung X-rays. After segmentation, the
authors classify the images with k-means achieving an accuracy of 98% [31].

2 Feature Selection

Feature selection is a highly important step that enhances decision-making models. The main idea of
feature selection in expert systems and ROI detection is to choose the most relevant features/variables
based on domain knowledge while ignoring the irrelevant ones. In other words, finding features
that accurately predict an outcome to build more efficient, accurate, and understandable models.
Furthermore, feature selection also plays a critical role in managing the “curse of dimensionality”
problem (i.e., too many features). This implies improving interpretability and robustness of rule-
based systems or CDSS models. The significance of effective feature selection to achieve accurate
diagnoses was acknowledged by many researchers. For instance, Medeiros et al. developed a classifier
to discriminate between COVID-19 positive and negative patients by using and evaluating six distinct
types of customized texture descriptors [32]. The authors observed that extracting features from X-
ray or CT images using individual texture descriptors caused weak prediction of COVID-19; however,
combining features from multiple descriptors such as LBP, GLCM, SCM, GABOR had enhanced
performance, achieving 95.06% accuracy, 95.91% sensitivity, and 95.98% specificity. In related study,
Chen et al. proposed a predictive method based on multi-layer artificial neural network (NNET) to
analyze the extracted radiomic features and classify patient’s CT scans into small cell lung cancer
(SCLC) and non-small cell lung cancer (NSCLC) based on radiomic features [33]. Their model
achieved an area under the curve (AUC) metric of 0.90 with sensitivity and specificity of 0.85.
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Figure 2. Image segmentation for ROI detection was adopted by C. Liu et al. The ROI are detected from CT scans
based on multi-scale superpixel to group pixels with similar intensities and spatial characteristics [29]

Machine Learning-Based Methods

Machine learning ML is a core branch of AI that has been successfully applied as a detec-
tor/classifier of abnormal ROI and infection details in medical images [34]. Compared to other
detection and classification models, ML techniques showed excellent and promising performance.
These models have become an important partner for doctors and healthcare experts, in order to
enhance their expertise, achieve faster and more accurate diagnosis, and reduce human error due to
fatigue. Practically, machine learning-based methods aim at building systems that are able to learn
by example or from experience without the need for definite programming logic. Typically, a lot of
data and ground truth output are fed into ML models to train them. The ML models continuously
generate predictions, compare them to the ground truth, and modify its internal parameters to boost
the model performance. It stops training phase at the point where the model has learned the gener-
alizable patterns from the training data. In other words, the training phase should be stopped when
it reaches the best results with minimum prediction errors.

The core process of ML models generally follows these steps:

Data Acquisition: Collecting medical images/sound files for training the system (i.e., X-rays, MRIs,
CT scans, dermatology photos, pathology slides, sound files, etc.). Practically, training phase requires
a huge amount of training datasets.

Data Preprocessing: The aim of this step is to standardize the dataset to ensure consistency for
the model (e.g., images resizing, data normalizing, noise removing, etc.).

Annotation: For supervised learning, the ground truth is needed to be prepared by specialists to
label the data (e.g., outlining the infected region, drawing bounding box around tumors, generating
binary images, etc.).

Model Training: The model, normally a Neural Network (NNs), is trained with a huge amount of
data accompanied by its ground truth (i.e., thousands, sometimes millions, of these labeled data).

Validation & Testing: The performance of the ML model is tested and evaluated using new dataset
that has not been seen before. Many evaluation metrics like accuracy, sensitivity, specificity, etc., will
be discussed in the next sections.

Generally, ML models had been used in three main medical tasks: for categorizing an entire
image (i.e., classification), locates and identifies diseases or abnormalities within an image (i.e., object
detection), and creating a detailed map of diseased tissue (i.e., semantic segmentation). Practically,
many representative works used neural networks for lung disease detection and classification. Wu et
al. designed a multilayer machine learning classifier based on fractional-order convolution, combined
with Gray Relational Analysis (GRA) and a Radial Bayesian Network (RBN) to identify ROI and
predict seven lung diseases from X-ray images, reporting 83.57% accuracy, 98.68% sensitivity, and
82.42% precision on the NIH dataset [35]. In a relevant study, Wang et al. developed an algorithm to
classify adenocarcinoma (AC) and squamous cell carcinoma (SCC) subtypes of lung cancer in patients
[36]. The authors combined a KNN classifier with feature reduction methods PCA, SVM-RFE and
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the borderline2-SMOTE resampling method, to reduce dataset imbalance, resulting in area under the
receiver operating characteristic curve AUC-ROC of 0.63.

Alternatively, Kocks et al. designed a classification model named AC/DC Asthma/COPD Differ-
entiation Classification, which is an ensemble of 100 classifiers that employ electronic health records
to distinguish between three classes of lung diseases with similar symptoms [37]. This model produced
a 73% classification accuracy outperforming respiratory specialists or primary physicians. Oyediran
et al. employed the Chameleon Swarm Algorithm (CSA) to enhance Support Vector Machine SVM
performance to classify lung cancer images by using the best parameters [22], integrating CSA into
the SVM contributed to enhanced performance while reducing time for malignant nodule recognition,
achieving an average 95.64 accuracy, 95.99 sensitivity, and 94.82% specificity.

Siordia-Millan et al. employed Artificial Neural Network (ANN) among few other algorithms in
order to examine health signs and laboratory results to discriminate between Pulmonary Throm-
boembolism (PTE), Pneumonia, normal cases [38]. The authors created the study dataset based
on 173 laboratory reports extracted from the EHRs. The highest AUC-ROC results for structured
data were achieved by the naive Bayes algorithm, while BiILSTM model scored only 57.6% for un-
structured data. Li et al. designed a Bayesian Network (BN) based on Probabilistic graphical model
(DAG) to analyse electronic medical records (EMRs) of 33,571 children under 5 years old to diagnose
community-acquired pneumonia (CAP) [39]. The network achieved 99.47% recall on external valida-
tion dataset. Sherafatian et al. used Recursive Partitioning and Regression Trees (RPART) to classify
lung cancer and identified microRNA biomarkers [40]. The authors analysed data of 1068 samples
from The Cancer Genome Atlas (TCGA) dataset and employed focusing on binary classification of
lung cancer and healthy tissue with AUC of 91.2%. Random Forests networks were also efficient,
Atzeni et al. designed a machine learning framework integrating data from electronic health records,
in addition to personal air quality monitor data to predict the probability of Chronic Obstructive
Pulmonary Disease (COPD) flare ups [41].

While Yang et al. combined Random Forest with Bagging and SHAP (Shapley Additive Expla-
nations) to explore the correlation of a number of factors including weather, pollution and medical
visits on respiratory health [42]. The authors analysed the relationship between these factors and
their effect on respiratory diseases in Tianjin, China, from 2013 to 2019, to predict daily patient
volume with strong generalization and stability. Finally, Saputra et al. focused in their study on
lung texture analysis to improve the accuracy of pneumonia and COVID-19 detection in X-ray images
by using a Modified K-Nearest Neighbor (MKNN) and Gray Level Co-occurrence Matrix (GLCM)
statistical method [43] which led to classify images with 93.3% accuracy. The primary limitation
of classical machine learning methods in remains in their strong dependence on manually (expert-
defined) feature extraction processes. Although combining multiple automatic descriptors (e.g., LBP,
GLCM, and Gabor filters) partly improves feature representation, it also escalates the computational
and statistical challenges associated with high-dimensional representations. This, as response, re-
quire demanding, multi-stage feature reduction techniques such as PCA or SVM-RFE. In conclusion,
traditional, ML models serve predominantly as supportive diagnostic tools for carefully selected and
pre-processed datasets, rather than as strong, automated and complete systems that are capable of
directly managing high-resolution raw medical images.

Deep Learning Methodologies

Deep Learning (DL) is an interesting, advanced subfield of ML that employs neural networks and
unstructured data to discover complicated patterns used in many objects’ detection and recognition
tasks. The key principle behind DL lies in the “depth” of neural networks architecture and the
capacity of automatic feature extraction [44]. The main structure of most DL models implies an
encoder and decoder in which the encoder takes the input data, such as images, and transforms it
into a compact, compressed and discriminative set of meaningful features. Subsequently, the decoder
takes the encoded representation from the encoder and reconstructs the original data or generating a
new output. The next sections discuss the most common architecture used in DL.

1 Convolutional Neural Network (CNN) Architectures

A Convolutional Neural Network (CNN) is a type of DL model that handle two-dimensional array
data such as medical images by applying convolutional operations to automatically extract multi-
level representations of features. Furthermore, CNNs are typically used for image recognition and
classification tasks. The most commonly used CNNs models are LeNet, AlexNet, VGG, GoogLeNet
(Inception), and ResNet. Several studies proposed adapting CNNs models to overcome the challenge
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of multiclass lung disease classification. VGG-Net is considered one of the best CNN architectures
that is used for object detection and image classification [45]. Figure 3 shows the structure of standard
VGG-16 which is an interesting CNNs architecture. Later many versions of VGG with many variations
had been proposed. Ibrahim et al. developed a model that combined VGG-19 Net and custom CNN
to classify lung cancer, pneumonia, COVID-19, plus normal lungs achieving 98.05% accuracy and
sensitivity, 99.5% specificity [46]. Likewise, Lyu et al. addressed the challenges of binary and multi-
classification by proposing an innovative multi-level cross residual network (ML-xResNet) achieving
85.88% accuracy for multiclass and 92.19% for binary lung cancer classification [47]. An extensive
dataset was collected and prepared by Abdulahi et al. then the authors used Wide Residual Networks
to create their model PulmoNet that achieved 91% accuracy, 95.01% sensitivity, 88.65% AUC score for
classifying lung pneumonia types [48]. Other studies aimed for higher accuracy by employing various
modern architecture. Moussaid et al. proposed the Post-Pandemic Classification Algorithm (PPCA)
algorithm that is based on EfficientNetB7 to classify lung pneumonia types achieving an accuracy of
99.81% for X-ray images and 99.88% for CT scans [6].
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Figure 3. VGG16 Model, which consists of 16 convolutional layers, adapted by De et al. [49]

In parallel with adopting baseline architecture, creating customized deep learning models has also
shown good performance. Jawahar et al. proposed CovMnet, a lightweight custom CNN model
that achieved 97.4% accuracy, 100% sensitivity, 97.73% specificity in the COVID-19 classification
task of chest X-rays [50]. In the same way, Ullah et al. created a custom-built CNN framework
named DeepLungNet, for the classification of five severe lung diseases employing Leaky ReL.U and
fire modules, in addition to augmentation to improve generalizability and robustness. The model
achieved 97.47% average accuracy, 93.6% sensitivity, 93.2% precision, and 93.4% F1 score [51]. Apart
from fundamental architectural design, some studies are also devoted to performance improvement
and clinical translation. Sriporn et al. evaluated the performance of multiple models to predict
lung disease by applying the Mish activation function in combination with seven optimizers using a
dataset of 5810 images for training and validation [52]. The authors showed that fine tuning parts
like Mish activation function and Nadam optimizer in combination with a DenseNet-121 can improve
accuracy of lung disease prediction to 98.88%. Approaching practical applicability, Kasinathan &
Jayakumar proposed a hybrid cloud-based lung tumor detector and stage classifier system Cloud-
LTDSC that analyzes CT and PET scans to classify lung tumors [53]. The system combines active
contour segmentation and multilayer CNN with the Cloud environment for real-time detection and
diagnosis in remote destinations, resulting in 98.6% accuracy, 95.9% sensitivity, 93.9% specificity, and
94% and demonstrating a way for integrated clinical systems.

2 Transfer Learning Based Models

Transfer learning is a subfield of machine learning that repurposes knowledge and fine- tunes pre-
trained models for a new domain, it has shown significant promise in the application of diagnosing
pulmonary diseases from medical images, especially with new data [54]. This approach has been used
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to obtain remarkable accuracy in the field of medical image analysis. For example, Al-Sheikh et al.
designed a classification framework to automatically categorize six diverse lung diseases by employing
1714 CT scans and X-ray images from two publicly available datasets [55].This classification frame-
work joined a custom CNN with VGG-16Net and AlexNet for feature extraction and classification.
The authors proposed k-symbol Lerch transcendent functions, a novel image enhancement prepro-
cessing step, achieving 98.80% accuracy on CT scans and 98.60% on X-ray images. Similarly, Badawi
and Elgazzar created Chest-Xrayl5, a balanced dataset that comprise of 15,000 normal, pneumonia,
and COVID-19 images from 11 publicly available datasets in addition to augmented images [56].
The authors customized a VGG-16 Net model to achieve the highest accuracy of 99.62% in binary
classification, and 95.48% in multi-class classification.

Kor et al. developed a fine-tuned model for the automatic classification of COVID-19, viral pneu-
monia, and normal lungs, focusing on processing raw images, applying minimal preprocessing on the
Cohen and Kermany datasets [57]. The study employed pre-trained NASNet-Mobile model and added
a dropout layer to mitigate overfitting, achieving an average classification accuracy of 97.78%. There
have been attempts in the line of streamlining diagnostic pipelines, such as an end-to-end system that
directly processes raw images. Kim et al. proposed a robust and scalable deep learning framework
employing pretrained EfficientNet V2M model, accomplishing 82.15% accuracy classifying multi lung
diseases from X-rays images evaluated on both NIH public dataset, and SCH in house datasets [58].
This approach input raw images directly and trains the entire network at once eliminating the inter-
mediate steps. Ptudowski and Mulawka designed a novel integrated clinical decision-support system
with a graphical user interface (GUI) to classify four classes of diseases [59]. The authors used U-Net
for segmentation then ResNet-50 model for classification using the CheXpert dataset that contains
224,316 labeled X-ray images. Prior segmentation resulted in a 21% improvement over no segmenta-
tion when detecting pneumothorax. Similarly, Vidal et al. constructed a novel multi-stage transfer
learning methodology to segment the lung regions from chest X-ray images obtained with portable
devices to support clinicians [60]. The authors repurposed brain MRI U-NET by adapting it to gen-
eral chest X-rays using the Kermany et al. dataset, then fine-tuning it on the limited low-quality
images in the CHUAC dataset created by radiology staff at a Spanish hospital using portable devices.
The segmentation performance achieved a Dice coefficient of 0.976 for COVID-19 patients, 0.980 for
health, and 0.9769 for non-COVID pulmonary diseases. Zak and Krzyzak proposed a transfer learning
framework using VGG-16 Net, ResNet-50, and InceptionV3 Net to classify lung diseases addressing
data scarcity by utilizing small common datasets [54]. Furthermore, the authors used U-Net for seg-
mentation then Inception V3 for classification on the Shenzhen and Montgomery chest X-ray datasets
images to achieve 89% accuracy for identifying pneumonia and tuberculosis.

Comparative studies further note that the choice of model depends on the task at hand. Tang et al.
proposed a CNN solution to classify X-ray images as normal or abnormal cases using several leading
CNN architectures, including AlexNet, VGG-16, GoogLeNet, ResNet18, ResNet50, and DenseNet121
[61]. The models were trained on 8,500 images extracted from the NIH Chest X-ray dataset, then a
comprehensive evaluation of these architectures was conducted to find out designs that balance accu-
racy and speed such as in ResNet, is generally highly effective on the mid-sized data, and models that
are more complex do not necessarily produce better results. Data fusion techniques can also improve
the classification results, Yang et al. proposed a transfer learning technique in utilizing CT scans and
X-rays data fusion to classify COVID-19 and pneumonia [45]. The authors created and employed a
unified dataset that comprising 8,461 X-ray images, they also used the SARS-CoV-2 Dataset which
contain 2,481 CT scans. The authors employed Fast.AI framework and ResNet-50 to achieve 96%
classification accuracy from CT scans, while a finetuned VGG-16 model achieved 99% accuracy from
X-ray images. Brunese et al. developed a DL framework for pulmonary diseases and COVID-19
detection in chest X-rays, substantially reducing detection time [62]. The framework depends on a
sequential classification approach based on VGG-16 which detects whether an image is affected by a
disease with 96% accuracy, then a second VGG-16 classifies that image as pneumonia or COVID-19
with an accuracy of 98%. The authors combined dataset from three public data sources with 6,523
X-ray images, and Gradient-weighted Class Activation Mapping (Grad-CAM) was also employed to
highlight COVID-19 infected areas. Priyadarsini et al. developed a deep learning framework for
classifying lung opacity, pneumonia, tuberculosis, COVID-19, and lung cancer using 7,385 chest X-
ray and CT images from three Kaggle datasets, supplemented by extensive augmentation techniques
[63]. The authors compared three CNN architectures: sequential CNN, functional CNN, and a pre-
trained VGG-16 model. The sequential model demonstrated superior performance achieving accuracy
of 98.43% for pneumonia and 99.4% for tuberculosis detection, while the functional model showed
outstanding accuracy of 99.9% for cancer detection. Shamrat et al. developed MobileLungNetV2, a
customized deep learning model based on MobileNetV2 for multiclass classification of fifteen different
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pulmonary diseases [64]. The authors employed the ChestX-ray14 dataset, applying preprocessing to
produce a balanced dataset of 51,987 X-ray images. Performance of the model was evaluated against
other transfer learning models on the same dataset, with MobileNetV2 achieving the highest accuracy
of 91.6%. Furthermore, the study fine-tuned the model by adding several layers achieving 96.97%
accuracy, 96.83 sensitivity, 99.78% specificity, and 96.71% precision.

More works proposed to use hybrid models that combine deep learning with other algorithms
to improve the performance of the proposed systems. More details about hybrid models can be
found in [5], [9], [65], [66], [67], [68]. While transfer learning models achieve high classification
accuracies (often exceeding 95%), an operational analysis uncovers that these architectures regularly
capture shortcuts rather than authentic pathological features. Many models reporting almost-perfect
results on public chest X-ray datasets demonstrate extreme performance drops when employed in
an external environment. This performance drop strikes since deep networks heavily utilize dataset-
specific artifacts, medical tools variations, and image background characteristics instead of separating
identified pulmonary lesions. Therefore, high accuracy in transfer learning often led to a considerable
lack of generalizability, declining the clinical strength in the absence of a preceding segmentation
module responsible for isolating relevant anatomical regions of interest preceding to classification
stage.

3 Explainable Artificial Intelligence (XAI)

Although deep learning models showed excellent results in medical diagnoses, detection, and classifi-
cation, these models have a “black-box” nature that raises challenges for clinical adoption and trust.
In other words, if users do not understand why an AI made a decision, they may not trust it, empha-
sizing the necessity for developing an explainable AI approaches [69]. Generally, explainable artificial
intelligence (XAI) approaches aim to make the decisions and outputs of prediction and classification
models understandable and explainable for physicians, enabling them to interpret and trust the pre-
dictions with greater transparency [70]. These methods identify the ROI that mostly influenced the
decision making, and support the physicians to interpret the individual predictions and understand
the logic behind them [27], [71], [72]. Furthermore, XAI helps in detecting biases in Al decisions and
identifying model errors that helps developers to refine the system.

The explainability was integrated into deep learning methodologies through two main strategies,
most studies apply post-hoc explanation techniques such as LIME (Local Interpretable Model-agnostic
Explanations), SHAP (SHapley Additive exPlanations), LRP (Layer-wise Relevance Propagation),
and Grad-CAM to visualize how models reach specific decisions after the predictions have been gen-
erated by the model [62], [73], [74]. On the other hand, some methods aim to design architectures that
are fundamentally transparent, considering interpretability from the beginning, employing approaches
such as attention mechanisms, rule-based extraction, and decision trees [75]. In this direction, Naz
et al. developed an explainable Al framework that classify and interpret several lung diseases us-
ing a transfer learning ResNet50 model, utilizing X-ray images from two public datasets achieving
a classification accuracy of 97% on the COVIDNet and 93% on the COVID-CT dataset [69]. The
authors applied Local Interpretable Model-agnostic Explanations (LIME) to clarify ResNet50 model
predictions, by highlighting the specific regions of X-ray image that have a significant influence on
classification results.

Chadaga et al. designed a decision support system to diagnose COVID-19 from blood test reports,
employing stacked ML, random forest, deep neural networks and one-dimensional convolutional net-
works in addition to explainable AT techniques such as SHAP, LIME, QLattice, and ELI5 obtaining
96% accuracy, 95% sensitivity, 94% precision and F1 score, and 98% AUC [27]. The authors used
these explainable Al methods to enhance model transparency and explainability and emphasize the
importance of critical features conforming COVID-19.

Patel et al. integrated the Grad-CAM explainable Al approach with EfficentNet to classify five
lung diseases from a diverse dataset of 7,389 X-ray images achieving 96% accuracy [72]. Grad-Cam
highlights the areas in images using heatmaps that draw attention to the critical ROI and boost
model interpretability and transparency for both radiologists and physicians. The study indicates
that explainable methods assist to interpret false negatives and positives, enabling future refinements
on the highlighted relevant features [72], Figure 4 demonstrates how heat maps generated by Grad-
CAM indicate visually the precise location of pulmonary abnormalities, allowing radiotherapists to
validate if the model’s focus in line with the standard medical diagnosis. Brunese et al. proposed
a similar technique to diagnose COVID-19, employing VGG-16 and explainable Al with Grad-CAM
achieving 98% detection accuracy on a dataset of 6,523 chest X-ray images [62]. The authors utilized
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the Grad-CAM to generate heatmap visualizations outlining the areas of the X-ray that influenced
the model’s prediction based on clinically relevant features.

Grad-CAM Heatmap Superimposed Image
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Figure 4. The GradCAM visualizations for COVID-19: (A) original image; (B) heatmap highlighting salient regions;
(C) superimposed heatmap on the original image; adopted by Patel et al. [72]

In a subsequent study, Khan et al. proposed a deep transfer learning and explainable Al framework
using customized VGG16 and EfficientNet models to diagnose and classify COVID-19, pneumonia
and lung opacity achieving 99.1% accuracy [73]. The study integrated the Whale-Elephant Herding
algorithm for feature optimization, then the Grad-CAM technique for explainability verifying that
the model supports its predictions on meaningful pulmonary features, improving interpretability and
adoption trust. Ho and Gwak adapted DenseNet-121 within a self-training knowledge distillation
(KD) framework to identify thorax diseases in X-ray images on the ChestX-ray14 dataset and iden-
tified 14 lung classes with an average 0.826 AUC [76]. The study tested several saliency mapping
techniques such as Guided Backpropagation, SmoothGrad, and SmoothGrad integrated Gradients
to generate heatmaps that highlight the important (abnormal) regions in chest X-ray images, and
they found SmoothGrad IG to be the most effective. Rajpoot et al. integrated multiple transfer
learning models including VGG-16, DenseNet-169 and ResNet50 to build and ensemble framework
to classify COVID-19 from chest X-rays and CT scans achieving 96.18% for CT scans and 99% for
X-rays, focusing on explainable AI to improve interpretability [77]. The authors applied Grad-CAM,
LIME, SHAP and Grad-CAM++ techniques to highlight the key regions that influenced the model
decision making process through visual explanations, enhancing interpretability and trust. Amann
et al. argued that explainability is not purely technical, but also has different dimensions as legal,
ethical and medical. The authors implemented a comprehensive ethical evaluation and assessment
about explainability responsibility [28]. The authors utilized Al based clinical decision support system
(as a case study; they analyzed the system through multiple perspectives, and before conducted the
“Principles of Biomedical Ethics” assessment framework beforehand. The authors stress it is essential
to address explainability challenges which affect policymakers, physicians, and system developers.
E. Thongbe et al. conducted a human-centered user study involving 26 medical experts to evaluate
LIME and Grad-CAM visual explainability algorithms [78]. The authors first used AI models to
diagnose pneumonia and COVID-19 using publicly available datasets. They then applied LIME and
Grad-CAM algorithms to generate visual explanations of the models’ predictions. The qualitative
user study evaluated the visual explanation of both LIME and Grad-CAM from the end user per-
spective concerning comprehensibility, confidence and clinical relevance. Although most participants
favored Grad-CAM heatmaps compared to LIME, participants were indeterminate about whether
explainability has a significant role in building trust toward AI systems adoption.

4 Recurrent Neural Networks (RNNs)

RNNSs are a special form of neural networks that are particularly effective with time series and sequen-
tial data [79]. These networks can keep information (i.e., has a memory with loops) from previous
inputs and use it to create the next output in the sequence. According to Galié, et al., RNNs could be
integrated with CNNs to extract spatial features from sequential data to improve the results [80]. The
RNNs had been incorporated in studies utilizing sound recordings, as it is a powerful tool particularly
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effective for identifying both sequential and temporal patterns. Among RNN variants, Long Short-
Term Memory networks (LSTM) are considered the most employed when building hybrid models that
usually combine them with CNNs. The RNN-LSTM was utilized by multiple studies, including [81],
[82], to achieve high accuracy classifying lung diseases from lung sound recordings. Although many
studies utilized sound recording data, a system designed by Islam et al. achieved 99.86% accuracy in
detecting COVID-19, confirming that an RNNs are capable of sequentially and effectively processing
spatial features produced by a CNN from chest X-rays [79]. Similarly, Goyal and Singh study demon-
strated great flexibility in hybrid/ensemble classification approaches using medical images and not
sound recordings [66]. Furthermore, the flexibility of RNNs was demonstrated by Lam, et al. when
they used EHR data of 40,703 patients to predict acute respiratory distress syndrome (ARDS) and
12 other associated diseases, achieving an area under the curve (AUC) of 0.842 [71].

5 Segmentation-Integrated Models

Recent studies effectively use deep learning segmentation-integrated models as a foundational step
to improve the detection and classification of various lung diseases. This segmentation methodology,
where the region of interest is first outlined before classification, has continuously returned high ac-
curacy. So, instead of using separate models for detection and outlining, these models perform both
tasks together for better accuracy and efficiency. One example, Crasta et al. presented a lung cancer
segmentation and classification model that is applied on the 3D representation of CT scan [83]. The
system employed a volumetric 3D-VNET, an extension of U-Net for effective segmentation of ROI,
then the authors employed 3D-ResNet to classify the segmented ROI as cancerous or noncancerous
with 99.2% accuracy, 98.8% sensitivity, and 99.6% specificity. Similarly, Sharma et al. applied a
customized and improved U-Net model as a preprocessing step for tuberculosis detection on 704 chest
X-ray images, achieving 96.35% accuracy with U-net [84]. This precise identification of the ROIs
allowed the Xception classification model to achieve up to 99.29% accuracy with an AUC of 0.999.
Vinta et al. developed a hybrid framework and applied a foundational improved U-Net model for
HRCT image segmentation that was enhanced through dense skip connections, custom loss function,
multi-scale feature extraction, and deep supervision [85]. The proposed hybrid framework was able
to classify six types of ILD from the MedGIFT dataset using MobileUNetV3 with 99.10% accuracy,
98.05% sensitivity, 98.65% precision and F1 sore of 98.13%. Following a comparable approach, Shafi
& Chinnappan proposed a Modified SegNet (M- SegNet) architecture that is based on the authors’
developed tanh-Softplus activation function for robust segmentation of lung image ROI, achieving
96.23% segmentation accuracy [86]. Following segmentation, a hybrid classification model based on
Scale Dot Product Attention-based SqueezeNet (SDPA-SqueezeNet) and a DCNN were employed to
determine the level of disease severity, achieving mean 94.4% accuracy on the HRCTCov19 dataset.
To improve the performance of lung cancer segmentation, Shetty et al. employed The Lung Image
Database Consortium (LIDC-IDRI) dataset for lung area segmentation [87]. The Lung Lobe Seg-
mentation using Bayesian fuzzy clustering method was used to segment the entire lung boundaries
in the CT images, then cancer regions are segmented using the novel optimized deformable model
that incorporates Water Cycle Algorithm and Sea Lion Optimization algorithms (WSLnO), achiev-
ing 93.03% segmentation accuracy and 91.23% classification accuracy using Shepard Convolutional
Neural Network ShCNN model.

6 Multimodal and NLP-Enhanced Models

Recent deep learning advances for lung disease diagnosis integrate multiple data sources such as,
electronic health records, genomics, natural language processing (NLP), clinical notes besides medical
images and sound recordings, to achieve a more inclusive representation by combining different data
types. For instance, Sangeetha et al. proposed a Multimodal Fusion Deep Neural Network (MFDNN)
which was trained on clinical data, genomics, and medical imaging that achieved 92.5% accuracy,
86.4% sensitivity, 87.4% precision and 86.2% F1 score for cancer detection, outperforming traditional
models like CNNs [88]. Some other studies have utilized NLP to analyze unstructured text; for
instance, [89] Liang et al. developed an Al system to diagnose lung diseases using clinical features from
31,267 electronic health records EHR data. These records include multimodal data such as clinical
data, laboratory results, medical reports, and patient demographics. They employed Bidirectional
Encoder Representations from Transformers (BERT) for text understanding, Bi-LSTM and CRF for
feature extraction, and Light GBM for classification. This proposed system outperformed both human
experts and ChatGPT 4.0 with 0.899 F1 score. In a different mixed-image-text strategy, Wang L.
proposed a model named DeepMRD which is based on a modified 3D ResNet-18, that incorporates
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both radiological images and NLP-extracted information from medical reports [90]. This model
achieved 95% accuracy and proved to be time-efficient for decision-making. Together, these studies
indicate that models augmented with multimodal data and NLP are driving progress toward more
accurate and clinically relevant diagnostic system development

7 Vision-Transformer-Based Methods

Vision Transformers (ViTs) are a state-of-the art Deep Learning (DL) architecture motivated by
Natural Language Processing (NLP) philosophies, which integrates transformer architecture with
self-attention mechanisms and capable of capturing long-range, universal and complex relationships
across the input image [91]. The main idea of ViTs is to divide the input image into fixed-size
patches. Then, ViTs treats an image as a sequence of patches and applies multiple layers of multi-
head self-attention for feature extraction. Singh et al. proposed a self-attention ViT for pneumonia
detection from CXRs reaching 97.61% accuracy, 95% sensitivity, 98% specificity and 95% F1 score,
outperforming traditional approaches [91]. The authors stated that ViT required longer training times
and computational resources compared to CNNs. Hybrid systems that incorporated ViT together
with CNNs have demonstrated high performance. In one such approach, Ukwuoma et al. proposed
a framework which utilized an ensemble of DenseNet201, VGG16, and GoogleNet for deep features
extraction, then a Global Second-Order Pooling technique to enhanced ensemble models capabilities
[8]. Finally, a ViT multi-head self-attention is applied using a scaled dot-product attention mechanism
achieved 98% for COVID-19 and pneumonia detection. In a subsequent study, Wang et al. integrated
ViT and ResNetl8 to create PneuNet, a model to diagnose COVID-19 and differentiate between
different pneumonia types that has very similar symptoms in chest X-ray images [92]. The authors
applied multi-head attention to channel-based patches extracted by the ResNet to identify lung disease
abnormalities, achieving 94.96% accuracy in the three-categories classification.

8 Generative Models and Synthetic Data Generation

Generative models such as GANs, VAEs, and Diffusion models are powerful deep learning paradigms.
They address data shortage and imbalance by generating realistic synthetic samples from prior exam-
ples, which in turn improves the performance, robustness, and generalizability of diagnostic systems.
Many innovative representative frameworks show this potential. Rezaei and Ahmadi proposed an
innovative hierarchical Generative Adversarial Network (GAN) with an ensemble CNNs detection
system [93]. This system is based on two steps: lung segmentation that utilizes data from Luna
dataset using U-net model generator, and nodule localization with R-CNN mask generator. The
model generates high-quality artificial lung images at several scales to augment the training dataset,
afterwards the ensemble CNNs combines the predictions of multiple CNNs to increase the model sensi-
tivity detecting true small nodules reaching 90.1%. Li et al. proposed CAGAN, Classifier-Augmented
GAN framework designed to detect and localize lung lesions caused by COVID-19 in chest CT scans
[94]. The framework combines abnormality map generator to indicate ROI, a discriminator to en-
sure generated images are realistic, and classification network (3DResNet) to focus on lesion-related
regions. The method outperformed both traditional CAM-based and previous GAN-based augmenta-
tion approaches in accuracy recording 0.884 while requiring less labeled images. Many research reports
the advantages of synthesizing data. Another research has applied GANs to synthesize chest X-ray
and CT images to perform balancing on COVID-19 and lung cancer classifier tasks with accuracy
over 98% [95], [96]. Many studies demonstrated the advantages of producing synthesized data using
GANSs for lung disease diagnosis. Gulakala et al. constructed GAN architecture based on Residual
U-Net with instance and batch normalization to generate 2000 synthetic COVID-19 chest X-rays [95],
tackling lung disease data imbalance as the original dataset contain 417 images only; the authors
proposed a compact CNN classifier achieving 99.2% accuracy. Similarly, Salama et al. developed a
generative framework based on convolutional generative auto-encoder for lung cancer detection and
classification that produced high-quality synthetic medical images [97]. These produced images are
used for class balancing, expanding a small lung cancer dataset to 1000 balanced synthetic images
varying in size and location representing different lung tumor types. ResNet50 model was utilized to
train the classifier network on both real and synthetic image and detect benign and malignant cases
with accuracy of 98.91%. Synthetic generation is not limited to images, for instance Convolutional
VAEs have been employed to generate fake lung sounds to augment sound datasets and increase diag-
nostic performance for lung diseases [98]. This shows the flexibility of generative models for creating
strong and well-balanced datasets for medical Al
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9 Attention Mechanisms

Advanced attention mechanisms are DL techniques that enable the NNs to focus on the most impor-
tant parts of the data input. This will improve their ability to handle complex and long sequences
of information. It also provides a visual representation of image regions that are most influential in
the model prediction [99]. These include dual attention (channel and spatial), self-attention modules
outside of transformer architectures, and related innovations. Attention mechanisms have growing
importance in deep learning for medical imaging, and demonstrated substantial success across several
diagnostic tasks [94]. For instance, in lung cancer diagnosis, Chen et al. utilized a deep attention-
based multiple instance learning (MIL) methodology for classifying lung cancer employing radiomic
characteristics extracted from CT nodules [100]. The method achieved mean accuracy of 0.807 on
the LIDC-IDRI dataset, outperforming other MIL methods. A novel oversampling technique was also
proposed to address class imbalance and improve the model performance. Attention visualization
highlighted the diagnosed nodules for interpretability and to provide justification for the model’s pre-
dictions. Similarly, for cancer nodule detection, UrRehman et al. presented a DL framework for lung
cancer nodule detection and classification in CT images, that integrated a dual attention mechanism
into CNN [101]. To highlight the most important features and regions within lung images, the chan-
nel and spatial attention modules were both employed to improve the custom (CNN) architecture.
Evaluation of this framework using data from Lunal6 dataset demonstrated that integrating the at-
tention modules with the custom CNN exhibited high performance delivering 95.40% accuracy. In
pneumonia screening, Li proposed a ResNet architecture that implements attention mechanisms to
improve pneumonia detection in chest X-ray images [102]. The author proposed a unique methodol-
ogy for attention mechanism by generating side branches incorporating spatial and channel attention
modules during the convolution process. These auxiliary branches generate additional feature maps,
to enrich the representational capacity achieving 96% accuracy. Enhanced Focal Loss function also
proposed to overcome the issue of class imbalance and optimize the model performance, achieving
high accuracy of 98.6% compared to relevant models.

SOUND AND SIGNAL-BASED APPROACHES

Sound and signal-based approaches use audio signals for lung disease detection. These methods
require special hardware/sensors to capture sound signal data of lungs and/or respiratory. Then, Al
models are trained to listen to lung recordings data and recognize sound patterns linked to diseases.
For instance, crackles are often associated with pneumonia, while wheezes are a hallmark of asthma
and COPD. Generally, the incorporation of lung sounds data for the detection and classification of
breathing diseases is rather uncommon compared to the use of medical imaging data. However, it
is an emerging field of research, particularly with the enhanced capabilities provided by AI. Recent
research demonstrates that the use of these models results in strong diagnostic performance.

Single-Modality Sound-Based

In this approach, the specialists capture and analyze lung sound data, including respiratory sounds
such as abnormal breathing patterns, coughing, and gasping. Some studies convert recordings to
spectrogram images for preprocessing and training the models [23], [103], or employing the numerical
feature sequences of the audio file without converting them to images [81]. For example, Zhang et al.
presented an approach to diagnose lung diseases from audio recordings collected by recording breathing
cycles using a digital stethoscope, then four different models were implemented and evaluated on the
extracted features [81]. The authors stated that the Long short-term memory (LSTM) model achieved
the highest accuracy of 98.82%; this outperformed comparable models. Fraiwan et al. developed
a two-stage detection framework that starts with CNN then adds Bidirectional Long Short-Term
Memory units (BDLSTM) to detect pulmonary diseases from lung sounds [82].The integration of
the two models boosted efficiency to 99.62% accuracy when classifying the raw lung sound signals
(waveforms) into multiple respiratory diseases. Borwankar et al. introduced a unique preprocessing
method that uses augmentation with a delay function for sound recordings [103]. Their feature
transformation approach merged Mel spectrogram features with other preprocessing techniques and
fed these into a CNN, reaching 99.40% precision, with 99.1% sensitivity and 99.3% F1 score. In
another study, Taloba and Matoog combined SVM and KNN classifiers using Mel-Frequency Cepstral
Coefficients MFCC features extraction method to improve the detection of COPD with an accuracy
up to 94% [104], demonstrating that there are different computational approaches capable to be used.
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Generative augmentation approaches have been utilized to mitigate the issue of limited and imbal-
anced datasets. Saldanha et al. explored using Convolutional VAE, Multilayer Perceptron VAE, and
Conditional VAE Variational Autoencoders generative models to synthesis lung sounds in a various
class [98]. These generative models were employed to create realistic synthetic medical images to
augment the training dataset and address class imbalance in ICBHI sound dataset especially in the
underrepresented classes. The authors evaluated these models and found Convolutional VAE as the
most effective. The models trained with augmented data showed improved diagnostic performance.
Using spectrogram images of stethoscope sounds recordings can aid the early diagnosis of lung dis-
eases. Demir et al, created a hybrid model that consist of a CNN and Parallel Pooling approach to
extract deep features from spectrogram images of the ICBHI 2017 [23]. The authors employed a linear
discriminant analysis (LDA) classifier and random subspace ensemble (RSE) to classify the images
achieving 71% accuracy which was higher when compared to relevant methods on the same dataset,
this model also scored 61% sensitivity, 86% specificity, 69% precision and 65% F1 score. Together,
these studies display a strong trend toward using advanced feature extraction, data augmentation,
and diverse model designs to improve the accuracy of lung disease detection from sound recordings.

Multimodal Sound-Based Approaches

Multimodal approaches combine sound data with other data sources such as medical images and
clinical information. These methods often employ data balancing techniques and use advanced deep
learning frameworks to fuses different data modalities to improve diagnostic performance of lung dis-
eases. For instance, Malik et al. applied an important preprocessing method which is continuous
wavelet transform to convert cough sound files to 2D scalogram images [7]. The authors designed
DCDD_ NET, trained and evaluated on 20 public datasets to classify nine types of lung diseases us-
ing cough spectrograms, X-rays, and CT scans. To balance the discrepancies and imbalances among
these data types, the Borderline- Synthetic Minority Oversampling Technique SMOTE algorithm was
applied leading to a significant model performance. The proposed model achieved 96.67%, high clas-
sification accuracy, 95.76% sensitivity, 96.82% precision, 95.61% F1 score, and 99.43% AUC. Digital
lung auscultation has been the subject of investigations beside cough-based sounds studies. As an
example, Siebert et al. created DeepBreath model, integrating data from lung recorded sounds of 120
patients, with LUS images and clinical information for the automatic diagnosis and categorization of
chronic obstructive disease COPD and interstitial lung disease (ILD) [105]. The model trains on these
various data employing long short-term memory LSTM, CNN, and transforms to model could separate
disease subtypes and predict severity achieving greater than 80 area under the ROC curve. Figure 5
demonstrates the utilization of multiple data modalities including lung sounds recording, X-rays and
CT scans in the classification of lung diseases. These findings suggest that multimodal approaches
incorporating sound-based data are promising for accurately diagnosing pulmonary disease.

DATA COLLECTION AND PREPARATION

Datasets are the fundamental resource that powers Al and deep learning models. The quality, volume,
diversity, and characteristics of the dataset are essential for building, training and refining AT models
to address feasibility, accuracy and reliability. These models rely on the data for training first, then to
be capable of identifying patterns, segmenting area of interests, and finally generating predictions. The
majority of data used in lung diseases detection and classification are represented by medical images
which is fundamental for Al models to function [58]. Labeling datasets and creating ground truth
images are a highly important step for enhancing datasets in supervised-learning based methods.
Practically, wider variety of data sources may increase the probability of finding hidden patterns
and correlations. The lack of coherent and well labeled datasets is one of the main challenges of
Al-based medical diagnoses [106]. Studies usually include methods of collection, preparation, and
preprocessing as the main data centric procedures [72]. Data aggregation using unified methods and
formats in addition to create a global centralized data repositories is significant to develop faster and
more accurate models [107].
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Datasets of Chest X-rays of multiple chest infections.
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Figure 5. Lung cough sounds, X-rays and CT scans as an input for the deep learning classification model, adopted
from Malik et al. [7]

Data Collection

Medical imaging devices are used to generate visual representations of internal organs, making use
of technologies such as radiographic imaging (X-ray), computed tomography (CT), lung ultrasound
(LUS), whole-slide imaging (WSI), positron emission tomography (PET), and chest MRI [85], [108].
An alternative approach that has emerged recently entails converting lung sounds recordings by a
digital stethoscope into images for further image- based diagnostic analysis [7], [81]. These various
imaging data feed computer-aided diagnosis CAD systems, which function as key tools for radiologists.
By supporting image interpretation, Al models in CAD systems can improve diagnostic accuracy and
reduce the time required for a diagnosis [107]. AI diagnostic models usually perform better when data
from different imaging sources are used simultaneously. For instance, combining both chest X-rays
with CT scans has proven multi-classification performance improvements, due to the capability of
CT scans to pinpoint abnormalities at earlier stages than X-rays and more identify features in more
precise manner [46]. Such use of data improves a model’s ability to differentiate irregular patterns
[5]. The development of the current Al diagnostic models relies on the access to large datasets,
thus creating critical ethical considerations regarding data usage, privacy, and the importance of
participants informed consent. Maintaining participants’ trust is significant and can be maintained
by informing the patients with their rights, including the choice of removing their data from research
datasets [109].

Data Preprocessing

Real-world data usually contains errors, missing values, duplicates, noise, etc. Data preprocessing
is a critical step that aims to deal with common raw data issues and transforms them into a clean,
structured format suitable for model training [88]. Furthermore, well-structured clean data trains the
AT model faster and more efficiently on computational resources [110], [111]. Key preprocessing tech-
niques involve standardization, normalization, resizing, feature enhancement, noise removal, removing
duplicates, handling missing values, correcting errors, smoothing, etc. [55], [58]. Applying these pro-
cedures boosts Al model performance and reliability in patterns identification and disease diagnosis
and classification [108]. Studies confirm that preprocessing techniques like histogram equalization
and adaptive masking improves accuracy among other metrics [112]. Segmentation alone can increase
diagnostic accuracy by as much as 21% for COVID-19/pneumonia classification [59]. These principles
extend beyond images to other modalities, such as sound-based datasets requiring wavelet smoothing
and normalization [82]. On the other hand, handling medical data requires addressing significant pri-
vacy concerns. To prevent patient re-identification from metadata, solutions like differential privacy
and federated learning are crucial for protecting patient identity [109].
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Cropping and Resizing

Cropping and resizing are essential image preprocessing techniques that are employed to limit image
dimensionality and to standardize medical images specifications before model training. Moreover, it’s
important to recognize the specific lung regions precisely to improve accuracy, as they represent the
region of interest [31]. Different datasets have varying image properties and sizes; resizing techniques
ensure uniform input dimension, while cropping reduces the volume by focusing only on the region of
interest within the image [58], [83]. Removing irrelevant information from an image will consequently
ensure accurate identification, decrease computational requirements, simplify training, and enhance
performance [113].

Image Enhancement

Image enhancement techniques are a key preprocessing step in Al and DL models, specifically in
image classification. These methods improve the performance, feature representation, accuracy, and
efficiency of Al models by enhancing image visual quality. They underline prominent features and
perform adjustments to make the images more suitable for analysis. Image enhancement includes
improving sharpness, contrast, brightness, and removing noise [55]. Many techniques have been used
to prepare the data for the model [73] such as noise reduction in using median filtering and Wiener
filtering or non-local means filters, histogram equalization, and intensity adjustment [66], Contrast
%irjlited Adaptive Histogram Equalization (CLAHE) [6], and denoising with Gaussian or Wiener filters
86).

Normalization

Normalization is an important preprocessing step that modifies the range of varying values to
a standard scale. It is crucial for ensuring data standardization and consistency, which decreases
variability, prevents features with large value ranges from overpowering the learning process, and
ultimately enhances model performance and generalizability [114]. Some typical procedures applied
to normalize image data include histogram equalization, min-max scaling, z-score normalization,
and intensity clipping. Despite strengthen model outcomes with normalization, it can lead to a
compromise between the benefits and the conservation of original data characteristics [58]. In contrast
to normalization-based approaches, Acharya et al. presented and evaluated a normalization-free
network NFNet to mitigate the issue of performance degradation associated with small, highly variable
batch sizes, achieving 96.91% accuracy on a multi-class classification using the TBX11K dataset [3].

Augmentation

The generalizability of classification tasks has been identified as a significant gap [98], as the Al
models focus on specific diseases, they typically require a large amount of data. Hence, medical data
augmentation methods enhance the performance of AI models primarily by increasing the diversity of
the dataset without annotating or collecting new data [113]. These methods are especially integral in
cases of lack of data or inadequate labeling [115]. The principal objective of augmentation methods
is to expand the dataset with synthetic data, which is mostly a transformed version of the existing
data in every training epoch, this helps overcome class imbalance and reduce overfitting [46], [63].
Researchers often use several augmentation methods, these include contrast adjustment, rotation,
mix up, mirroring, cropping, zooming, flipping, etc. Additionally, generative models such as VAEs
Variational Autoencoders and Generative Adversarial Networks (GAN) are utilized to enhance the
diversity and the quantity of dataset images as discussed in Section 3.3.8 [106]. Nevertheless, it
has been observed that these augmentation methods may cause a loss of information in CT images.
For instance, Salama and Aly reported that model performance was declined when three of these
techniques were used on the same images [96].

Dataset Split and Class Balancing

For valid training and testing of Al models, data partitioning is essential especially in case when
some classes are under-represented. It’s a common approach to divide the dataset into three classic
subsets: training, validation and test. The predominant training set is used to train the model in
the first place. Secondly, the validation set typically comprises 10-15% of data which is used to tune
the model parameters and prevent overfitting to the training dataset. Finally, the testing dataset
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(also representing approximately 10-15% of the data) is employed to assess how well the model can
perform. But in some cases, the researchers ignore the validation set and try to allocate 80% of the
data for training and the remaining 20% for testing [51].

POPULAR DATASETS

This section presents the most popular lung diseases datasets that had been utilized by other repre-
sentative works to train and evaluate Al models.

NIH Chest X-ray Dataset

The NIH dataset is a U.S. database containing chest x-ray images captured and prepared by a
team of researchers at the U.S. National Institutes of Health NIH [116]. The NIH dataset is publicly
available, comprising 112,120 images with 1024 x 1024 resolution for 32,717 patients with various
lung diseases. The dataset was automatically annotated based on physicians’ medical reports with
an accuracy of over 90%. Currently, it is considered the largest in the field of lung diseases, covering
14 disease classes [116].

Tuberculosis Chest X-rays Dataset (Shenzhen set)

This dataset is compiled by the American National Library of Medicine (NLM) in association with
the Third People’s Hospital of Shenzhen City and the Guangdong Medical College in China [117].
The dataset is a collection of 662 annotated frontal X-ray images with 3000 x 3000 resolution that
comprise two cases, normal and abnormal (tuberculosis). The dataset population comprises 69% male
and 31% female, and it is available publicly on the NLM/NIH website and Kaggle [118].

MIMIC-CXR Dataset

Medical Information Mart for Intensive Care (MIMIC-CXR) dataset is a large collection of chest
x-ray images and their associated radiology reports. It has 371,920 images from 65,079 patients. The
images and reports are de-identified for privacy [119]. A group of scientific institutions led by the
Institute of Medical Engineering & Science, Massachusetts, designed this dataset to aid advances in
natural language processing, clinical data mining in addition to medical imaging. This dataset was
made available through PhysioNet [119], though a request to access the data should be submitted
after completing a course in “human research and data privacy”. The images were made available in
their original DICOM format. Later, Version 2 of this dataset, which was released in 2024, has created
a parallel collection in JPEG format with metadata containing labels from the radiology reports.

ICBHI Dataset

The ICBHI dataset implies a lung sound recordings collection that was prepared to support the
scientific [CBHI 2017 challenge and submitted to the International Conference on Biomedical Health
Informatics, which was held in Thessaloniki, Greece. The database was published at the conference
proceedings of IFMBE in 2018 [120]. This dataset is primarily used for research in the field of
respiratory sound analysis, aiming to improve the detection and classification of lung diseases, which
are crucial for diagnosing respiratory conditions. The dataset consists of 6,898 recordings from 126
patients of all age groups in 920 annotated audio samples. This dataset was made publicly available
on the official challenge webpage [120].

Tuberculosis Chest X-rays Dataset (Montgomery set)

Referred to as the Montgomery County chest X-ray set (MC), it is another dataset that was created
by the American National Library of Medicine in collaboration with the Department of Health and
Human Services, Montgomery County, Maryland, USA [117]. This dataset contains 138 labeled
chest X-rays of which 58 exhibited signs of tuberculosis, and the other 80 are normal. The dataset
demogre[xphi]cs were 46% male and 54% female and available publicly on the NLM/NIH website and
Kaggle [118].
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LIDC-IDRI Dataset

The Lung Image Database Consortium image collection and Image Database Resource Initiative
(LIDC-IDRI) initiated by the American National Cancer Institute (NCI) resulted from collaboration
among eight medical imaging corporations and seven academic centers. It comprises 1,018 cases with
244,527 images in DX, CT, and CR data types. It is the most extensive and widely used collection in
the Cancer Imaging Archive TCIA project for cancer research, and it is accessible to the public with
annotations through the Cancer Imaging Archive (TCIA) website. The TCIA project was launched
in 2011, and it is administered by the University of Arkansas for Medical Sciences and funded by
the American National Cancer Institute (NCI) [121]. The archive hosts over 50 million images from
50,000 subjects, organized into 175 cancer collections [122]. The LUNA16 challenge is a subset of
the LIDC-IDRI dataset. This subset includes 888 CT scans with 1,186 annotated nodules, which is
a subset of LIDC that has been used for the automatic detection of pulmonary nodules in lung CT
images [123]. It is available publicly on the challenge website and Kaggle.

CheXpert Dataset

The CheXpert Dataset is considered one of the largest datasets. It contains 224,316 chest images
from 65,240 patients that were prepared and collected from Stanford Hospital by a team from Stanford
University /USA. The images were labeled to include the 14 lung pathology classes, which indicate the
positive, negative, or uncertain presence of a disease. These labels were annotated by an algorithm
(automated labeler) that extracts observations from radiology reports and then voted on by three
board-certified radiologists to set the ground truth [124]. Technically, the image resolution is 4000
x 4000 pixels, with another smaller version of 320 x 320. This dataset is available at the Stanford
ATIMI website.

Chest X-Ray Images Dataset

This dataset comprises 5,232 chest X-ray images and includes both viral and bacterial pneumonia.
These images were collected and labelled for patients aged one to five years old from Guangzhou
Women and Children’s Medical Centre, Guangzhou, China [125]. The authors made it available
on the Mendeley Data website. In subsequent updates, it has expanded to include more samples;
currently it has 5,863 images (1,583 normal, 4,280 pneumonia).

Mendeley Chest X-Ray Image Dataset

The Chest X-ray Image is a relatively small dataset that offers 4,350 high-quality chest X-ray
images. These images were collected from various hospitals in Bangladesh and credited to Jagannath
University /Bangladesh. It is categorized into four distinct classes: normal, lung opacity, COVID-19,
and viral pneumonia, for this reason, it is more suitable for multi-classification purposes. It’s available
publicly on the Mendeley data website [126].

COVID-19 Radiography Dataset

A database that is collected from various public datasets and then prepared by a team of researchers
[127]. Different sub databases were utilized to produce one unified database. It contains 1579 normal,
423 COVID-19, and 1485 viral pneumonia, a total of 3,487 chest X-ray images. This database was
updated over time to include another class (lung opacity image and lung masks) and increased the
number of images to 33,920. The update was published on the dataset page on Kaggle, where it’s
available publicly online [128].

Tuberculosis X-ray Dataset

Tuberculosis X-ray Dataset (TBX) is a large-scale dataset consisting of 11,200 x-ray images with
bounding box annotations. This dataset is considered balanced, as it contains 5,600 normal and
5,600 TB-positive samples. Images were 512 x 512 pixels in size, and covered five classes: normal,
unhealthy but non-TB, active TB, latent TB, and uncertain TB. The dataset is publicly accessible
on Kaggle [129].
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COUGHYVID Dataset

The Embedded Systems Laboratory (ESL), Switzerland, and the European Commission sponsored
the creation of COUGHVID dataset, the largest crowdsourced cough dataset. It comprises more than
30,000 cough recordings in the third update of this dataset, with more than 2,000 recordings labeled by
experienced physicians. This dataset includes diverse demographics and has considered age, gender,
location, COVID-19 status and respiratory condition factors. The dataset and its related labels are
publicly accessible on Zenodo [130].

RSNA Dataset

RSNA Dataset is an enormous dataset of pulmonary embolism (PE) CT scans. It also includes
annotations by a large group of thoracic radiologist experts. This dataset was created by the Ra-
diological Society of North America (RSNA) and consists of 2,995,147 images from 12,195 patients,
covering Acute PE, Acute and chronic PE, and Chronic PE classes. RSNA de-identified images and
annotations are publicly accessible on Kaggle [131].

NLST Dataset

The National Lung Screening Trial (NLST) is a comprehensive, publicly available medical imaging
dataset acquired from the National Lung Screening study, which was a randomized supervised trial
carried out by the National Cancer Institute (NCI) in the United States. It includes more than
200,000 CT scans from 53,500 participants. The dataset can be reached with restrictions through the
NCT’s Cancer Data Access System (CDAS) [132]. Table 3 shows a summary of the above-mentioned
datasets.

Table 3. Summary of the most common datasets that had been utilized by other representative works to train and
evaluate Al models

Dataset No. of samples Type Specialty No. of Classes
NIH Chest X-ray dataset 112,120 X-ray Various 14
(ChestX-ray)

Tuberculosis  Chest X-rays 662 X-ray Tuberculosis 2
(Shenzhen No.3)

MIMIC-CXR 371,920 X-ray Various 14
ICBHI2017 (sound dataset) 6,898 Sound recording  Various

Tuberculosis (Montgomery) 138 X-ray Tuberculosis

LIDC-IDRI 244,527 CT scans Lung Cancer 4
CheXpert 224,316 X-rays Various 14
Chest X-Ray Images (Pneumo- 5,232 X-ray Pneumonia 3
nia)

Mendeley Chest X-Ray Image 4,350 X-ray Various

Covid-19 Radiography 3,487 X-ray COVID-19

Database

Tuberculosis X-ray (TBX11 K) 11,200 X-ray Tuberculosis 6
The COUGHVID dataset 30,000 Sound recording COVID-19 3
(sound dataset)

RSNA Pulmonary Embolism 2,995,147 CT scans pulmonary embolism 10
Detection

National Lung Screening Trial 203,099 LDCT Lung Cancer 2

(NLST)
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CHALLENGES IN AI FOR LUNG DISEASE DETECTION

AT systems for detecting and classifying lung disease must cope with several challenges. Addressing
these challenges is crucial for advancing the development and deployment of these systems. The
identified challenges must be resolved before Al can be effectively implemented in real-world clinical
settings.

Data-Related Challenges

The development of robust and generalizable models demands large datasets of, high-quality im-
ages, however several obstacles persist. One main obstacle is the dependency on large volumes of
high-quality, annotated medical imaging data. The data related challenges can be attributed to:
Data availability and quality, lack of standardization, data imbalance, generalizability and dataset
shift, manual preprocessing.

Model Interpretability and Complexity

Deep learning models are computationally demanding and have a complex design, while offering
limited transparency. This combination makes medical staff uncertain to adopt DL based medical
systems for routine diagnostics.

Lack of Transparency

Deep learning models remain ’black boxes’ to users because of their complex architecture and vast
parameter sets, making their results hard to interpret. Without transparency, health professionals
hesitate to adopt these models in real-world settings, as healthcare professionals cannot trace the
reasoning behind predictions [36], [106]. Even though the Explainable AT (XAI) techniques like Grad-
CAM and LIME highlight important reasoning, these techniques still do not explain why certain
features are significant. Therefore, research continues to improve interpretability, hoping that this
issue will boost trust and accountability in clinical settings.

Computational Demands

Training and deploying effective models, particularly 3D CNNs, need significant computational
power and energy, which limits their potential use in real world clinical settings [34], [133]. Training
these models raises its own challenges, issues like vanishing gradients can disrupt the training process
and diminish model stability. Fine tuning CNN parameters to acquire optimal weights and biases also
present a key optimization challenge. To overcome these challenges, several studies are integrating
metaheuristic algorithms like Ebola optimization search algorithm (EOSA) with CNNs to improve
parameter optimization and boosts classification accuracy [65].

Ethical, Accountability, and Regulatory Challenges Beyond Accuracy

Accuracy is a widely adopted evaluation metric, but it doesn’t capture the full picture. Evaluations
should include other key factors, such as computational efficiency. A model might achieve high
accuracy but need a substantial amount of time to provide feedback, which may be impractical in a
clinical environment. This becomes obvious in imbalanced datasets. This is typical in sound-based
diagnosis, where achieving a high accuracy score can be misleading if the model is simply prioritizing
the majority class [104]. So, evaluating models requires a comprehensive evaluation of a model to
include a variety of metrics which will be discussed in the next sections [66], [134].

Robust Validation Techniques

Validating models properly helps establish their generalizability and avoiding overfitting to new
data. Some typical ways are hold-out validation, which divides the Datasets for training, validation,
and testing, or by applying cross-validation techniques. While a crucial aspect of internal validation
involves balancing the need to retain critical information and preventing the model from merely
memorizing the training examples [58]. Testing a model on an entirely separate dataset from a
({iiﬁaerent organization is regarded as a crucial and definitive measure for assessing its generalizability
66).
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Explainable AI (XAI)

Explainable AT (XAI) is very important for in the evaluation of medical models, it not only shows
whether the predictions are accurate but it also explains the logic behind a model gives a particular
prediction. This issue has been already discussed.

Algorithmic Bias

AT models built upon imbalanced or biased datasets might reinforce or worsen disparities in health
care, considering their performance could vary among demographic groups [68]. To address bias, it is
essential to employ a wide range of training data (i.e., from different sources), along with continuous
evaluation for various effects in clinical applications.

Accountability and Consent

Utilizing patient data for training AT models presents a number of challenges associated with data
privacy, data usage consent, and determining responsibilities in the event of diagnostic mistakes.
These issues highlight the need for clear and transparent guidelines and legal regulations [28].

Patient Trust and Clinical Adoption

Generally, the success of Al systems when it comes to detecting lung diseases comes down to trust
from both patients and medical staff. This is needed to encourage adoption and make sure Al tools are
safe, effective, and unbiased. To achieve this, it’s essential to ensure transparency, build awareness,
and ensure active involvement from relevant parties. Table 4 shows the main challenges associated
with lung diseases’ identification and classification.

Table 4. The main challenges are associated with lung diseases identification and classification

Challenge Area Core Issues References
Data Availability /Quality — Scarcity of diverse, annotated data [67], [72]
Standardization Protocol /annotation inconsistency [83]
Generalizability Dataset shift, poor external validation [65], [135]
Data Imbalance Bias toward majority classes [53], [136]
Interpretability Black-box nature, clinician distrust [36], [106]
Computational Demands  High resource requirements [34]
Algorithmic Bias/Equity ~ Disparate impact, ethical concerns [68]
Validation/Evaluation Overfitting, misleading metrics [86], [110]

Performance Evaluation Metrics and Challenges

A full evaluation is needed to assess the overall performance, effectiveness, and clinical applicability.
To achieve this, multiple performance evaluation metrics are needed [11].

1 Performance Metrics Used for Classification Tasks

For classification tasks, various metrics derived from the fundamental concepts of True Positives (TP),
True Negatives (TN), False Positives (FP), and False Negatives (FN) are employed [108]. This section
presents the main metrics used in classification tasks. Accuracy is performance metric that indicates
the ratio of correct predictions both true positive and true negative to the total number of predictions.
The accuracy metric is calculated as in (1):

TP+TN (1)
TP+TN+ FP+ FN

Accuracy =

Precision as the measure of how many of the positive predictions were correct. This metric can
measure superior precision by predicting “positive”, although it ignores false negatives (FN) which
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may cause the model to miss many actual positives. Therefore, Precision is often combined with
Recall for a balanced interpretation of a model performance. The Precision is calculated as in (2):

TP
Precision = ———— 2
recision =z s (2)

Recall is also called Sensitivity or true positive rate, measures what portion of the actual positive
cases were found correctly. In lung disease diagnosis, it is very important to achieve a high recall so
that unhealthy cases are not overlooked. This metric is helpful in cases where false positives lead to
high costs, for instance, performing unnecessary biopsies. The recall metric is calculated as in (3):

TP
Recall = m (3)

Specificity or true negative rate, refers to how well the model can identify negative cases (e.g., healthy
patients). Its use is critical in scenarios where preventing false alarms is the top priority, such as when
screening populations with a low risk for a particular disease. The specificity metric is calculated as
in (4):

TN
NP (4)
TN+ FP

The F1 score, which is a balanced ground between precision and recall, it helps to evaluate classifica-
tion models, with its value ranging from 0 to 1. It’s particularly useful when dealing with imbalanced
classes because it takes into account both false positives and false negatives. The F1-Score metric is
calculated as in (5):

Speci ficity =

F1 score — 9 x Precision x Recall (5)

Precision + Recall

The area under the receiver operating characteristic curve (ROC) shows how well the model separate
classes by measuring the true positive rate changes compared to the false positive rate. Meanwhile,
the AUC (Area Under the Curve) or AUROC gives us single number that captures this curve char-
acteristic. The AUROC is the probability (P) that a model or classifier will give a randomly chosen
positive example a higher score than a randomly chosen negative example.

CLINICAL SAFETY

Although many of the studies report certain model classification or segmentation performance using
raw accuracy measure as the main or the only metric, evaluating medical artificial intelligence models
solely on high accuracy is misleading [27], introduce serious limitations and critical safety risks.
In medical settings, it’s vital to employ other clinical safety metrics [25], especially sensitivity and
specificity. Achieving high sensitivity is fundamental to ensure a low false-negative rate and mitigate
missing a true positive case that demands urgent care. At the same time, high specificity measures
are necessary to reduce false-positive rates, in that way guarding the patients from psychological
concerns, unnecessary diagnostic obligations, and financial strain of unnecessary visitation. The issue
of relying mainly on accuracy could be more severe when dealing with imbalanced datasets, a model
can demonstrate high accuracy by simply prioritizing the majority of healthy samples and overlooking
the few critical abnormalities [133].

Performance Metrics Used for Segmentation Tasks

This section presents the performance metrics used to evaluate the segmentation results [134]. The
most used metrics are:

Dice Similarity Coefficient (DSC): A metric that evaluates the similarity between two sets, typically
a predicted segmentation (A) and a ground-truth segmentation (B). It’s calculated as twice the area
of their intersection divided by the sum of their individual areas, emphasizing the degree of overlap.

Intersection over Union (IoU): This metric is a way to measure the overlap between a predicted
segmentation or bounding box (A) and the actual ground-truth area (B).

Pixel Accuracy: This metric calculates the percentage of positively classified pixels (TP) in the
output segmented images to the total number of pixels.
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Model Validation Techniques

Researchers rely on key validation methods to check how well AT models for lung disease detection
and segmentation perform in a variety of situations [102]. The main goal is to make sure these models
are dependable and can also handle new, unfamiliar/unseen data.

Hold-Out Validation (Data Splitting): A very common approach is to split the dataset into smaller
groups. The first part is the training set, which the model uses for learning patterns from the data.
Then, there’s a validation set to help adjust and fine-tune the model’s settings. Finally, a separate
test set is used to check how well the model performs on completely new data it has not seen before.
Using an independent test set is crucial to avoid bias, particularly when working with limited data.

Cross-validation splits the dataset multiple times; in this way researchers can observe how the
model performs on fresh data. By averaging these, the model’s real predictive power is demonstrated,
especially when dealing with limited data. K-fold cross-validation is a common technique, where the
data is divided into 'K’ equal folds, then train and test K different times, using a different fold for
testing each round while the rest trains the model. Since every data point serves both roles, the
performance estimate will be more accurate and fairer [11], [13]. Other Validation Methods include
LOOCYV which may be used with small datasets, though the computational demands can get intense,
potentially making it impractical for real world applications [13]. While MCCYV deal better with large
datasets, providing solid performance indicators [11]. On the other hand, the Stratified K-Fold Cross-
Validation is more suitable for imbalanced datasets (i.e., when classes are not equally represented),
although it is not suitable for regression problems [57].

Cohen’s kappa is a statistical measure that assesses the agreement between two classifiers, or what
researchers call raters after removing random agreement. This metric indicates how well they corre-
spond between predicted classifications and the manually marked ground truth [82]. While researchers
mainly use this metric for classification, it can also evaluate the effectiveness of a segmentation model
by comparing its pixel-level predictions with ground truth data.

External validation is the best way to test if a model can be generalized, by testing how it per-
forms on a separate unused dataset. This step is important to reduce bias which is a frequent issue if
performance is measured on data that is not fully independent [137]. So, the model doesn’t learn spe-
cific issues from one dataset, like artifacts that come from imaging mistakes, researchers use external
datasets to validate it [54].

This validation can be done in several ways, including temporal validation and geographic vali-
dation. By offering it gives a rigid method for testing AI model’s stability and reliability. External
validation helps make sure the metrics accurately reflect model’s potential performance in actual real
world clinical use.

IDENTIFICATION OF CRITICAL RESEARCH GAPS

Even with the widespread implementation of Al-driven tools in lung disease detection, analyzing the
current literature reveals several critical research gaps that obstruct effective clinical translation:

Over-reliance on Static Datasets and Data Leakage

Most reviewed models are greatly dependent on the same most used public datasets (e.g., NIH
ChestX-ray and MIMIC-CXR) evaluate performance. This establishes a key limitation which is the
lack of independent external validation on diverse demographic groups. As a result, the models trained
on these datasets continue to be at risk from dataset shift and undetected data leakage.

Superficial Explainability (XAI)

While techniques such as Grad-CAM are broadly adopted, they only produce visual heatmaps
without offering any understanding into the underlying pathophysiological reasoning. A consider-
able gap persists in the development of inherently explainable models that translate Al-generated
representations into standardized clinical classification systems

The Multimodal Fusion Deficit

Although multimodal methods offer evident theoretical benefits, genuine multimodal fusion is still
notably underexplored. The effective incorporation of high-resolution medical images with unstruc-
tured electronic health records (EHRs) and temporal audio signals, and other types of data remains in
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its early stages, with the majority of current systems continuing to operate in strict singular modality
framework.

Computational Constraints in Resource-Limited Settings

Despite the considerable promise demonstrated by emerging foundation models and transformer-
based architectures, their practical deployment is strictly constrained by high-performance computing
requirements. A major gap persists in the development of optimized lightweight architectures, such
as efficient U-Net variants for accurate segmentation, that can achieve state-of-the-art accuracy while
functioning effectively within the limited hardware structure of local medical environments.

FUTURE PERSPECTIVES
Foundation Models & large vision-language models

In the last decade, foundation models have emerged as a novel class of artificial intelligence.
These models are trained via self-supervised learning (SSL) on large scale and diverse labeled and
unlabeled datasets. The extensive vast scale and the diverse training of these models enable them to
be generalized and adopted in various domains and applications, including those involving the use on
new or unseen data. These factors empower foundation models to excel in no-shot, or few shot learning
capabilities. This allows the model to capture generalized representations of unseen target domains,
without being trained on that type of data specifically, with the minimal reliance on fine-tuning labeled
data. To effectively mitigate the lack of expert annotations in medical workflows, the adoption of large-
scale medical vision backbones is becoming vital for bridging the scarcity of expert annotations gap. A
prime example of this paradigm was distinctly illustrated by Gao et al. foundation model (LCTfound).
This model was trained on a large 105,000 CT scans using denoising diffusion advanced self-training
method. This model exhibits remarkable data efficiency by learning vast, generalized structural
representations during pre-training. This model achieved outstanding diagnostic and segmentation
accuracy when evaluated on rare clinical anomalies like pulmonary alveolar proteinosis (PAP) [20].
Another major example is the MedSam, a foundational architectural model introduced by Ma et al.
and trained using over 1.5 million (image/mask), enabling efficient and accurate image segmentation
performance across wide range of images including the medical [138].

In the same context, the generative capabilities of medical Al are increasingly expanding to the
recent progress in large vision-language models (LVLMs). One impactful example is RoentGen, a
foundational vision-language model created by Bluethgen et al. and developed to produce highly
accurate, realistic and disease specific X-ray images directly from unstructured medial text reports
[139]. To improve the model capabilities of generating high quality images based on complex medical
reports, RoentGen was finetuned using Latent Diffusion Model (LDM) trained on the vast MIMIC-
CXR dataset to reduce the gap between general domain natural language and complex medical jargon.
The generation of these synthetic images play an important role especially when dealing with rare
or underrepresented diseases. Therefor LVLMs contribute to enhanced performance, generalizability
and explainability of Al systems.

Federated Learning

Many of the recent deep learning methodologies achieve optimal accuracy in lung disease diagnoses,
the real-world application of this system in clinical settings faces some challenges such as patients’
privacy [140] regulations (e.g., HIPAA, GDPR) , bise and data quality and scarcity, addressing these
issues is essential for successful implementation [141]. To tackle these challenges, Federated Learning
(FL) directly focuses on distributing the training process across various hospitals. These hospitals
keep the patient’s sensitive information locally on site, and the way they contribute to the model
training is by sharing anonymous mathematical weights, not the images to a central server. In
this way, federated learning architecture preserves strict data confidentiality, resolve data imbalance
and improve global generalization of data. This approach was well presented through the work
of Makkar and Santosh (SecureFed), which is a framework that uses advanced federated learning
techniques to enable secure, privacy focused architecture that is optimized for detecting chest x-
ray lung abnormalities using the collaborative multi-site approach [142]. SecureFed was designed to
overcome common federated learning issues such as varying protocols and imaging equipment around
different hospitals, by employing an improved secure aggregation protocol that amplifies consistent
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performance across all involved institutions, and overall diagnostic unbiased accuracy, while keeping
the local data of patients secure.

Lightweight and Efficient Architectures

The adoption of AI models that are inherently efficient and increasingly lighter and less complex is
rapidly growing in the field of medical diagnosis. These models can be fine-tuned specifically for the
implementation environment, while balancing effective variables such as model size and complexity,
mobility, budget and computational demands, leading examples in this space are U-net, SqueezeNet,
and EfficientNetV2. These compact, high efficiency models are ideal for edge devices, point of care
applications, and mobile friendly computer aided diagnoses (CAD) systems that must preserve high
diagnostic performance even in limited resources settings. This offers significant benefits especially
for the patient’s populations who are geographically remote or who have mobility constraints, pro-
viding them with reliable and timely medical care. For instance, Sanida & Dasygenis created a high
performance, lightweight CNN system that proves it isn’t necessary for large scale model to be more
effective in point of care , and more compact portable, in constrained environment could be as robust,
their proposed system achieved 98.56% diagnosing lung diseases, surpassing existing state of the art
architecture [143]. A recent study proposed by Choi & Yang created a lightweight two-dimensional
CNN (LW-2DCNN) adapted for high-performance lung disease classification using chest CT scans.
Through architectural optimization of the model complexity — efficiency, LW-2DCNN demonstrated
a classification accuracy of 99.80% across five lung diseases [21].

CONCLUSION

Building AT and DL models for lung disease detection and classification is an active area of research
with many key benefits such as reducing human errors, maintaining consistent medical performance,
early identifying of subtle patterns that might be missed by the human eye, leading to earlier inter-
vention, provide precise measurements (e.g., tumor volume), much faster than manual analysis, alert
experts to focus on complex cases, etc. Furthermore, these models can be deployed via mobile apps in
remote areas that suffer from limited access to experts. Recent studies indicate that AT and DL models
have excellent diagnoses and classification results. One major trajectory of research advancement in
this field involves integrating hybrid and ensemble models. Researchers have tested combing different
architectures using stacking or weighted ensemble methods, these integrated models - like RVCNet,
ResNet, VGG, and a custom CNN demonstrated better functionality compared to a single model.
This progress resulted in robust performance, with many models achieving 90-99% accuracy in multi
disease classification of lung diseases. Additionally, research efforts are expanding to areas beyond
image-based diagnostic models. Examining lung sounds through signal and multimodal sound-based
frameworks, exhibit a potential for higher diagnostic and classification accuracy. Multimodal sound-
based models achieve strong classification accuracy from audio recordings. Some studied proposed
the integration of imaging modalities and sound bases data to boost disease diagnosing abilities. This
literature survey highlighted more than 60 studies that cover recent progress in applying Al and deep
learning for detecting and classifying lung diseases through advanced preprocessing like segmentation
and normalization, combined with image enhancement techniques and robust ensemble architecture.
However, wide medical applications still face major challenges such as limited databases, imbalanced
data, wrong labels, interpretability issues, and generalizability problems. Although various innovative
frameworks achieved diagnostic accuracy above 90%, the actual test is in obtaining stable outcomes
in real clinical environments. Explainable Al becomes more and more important in building trusted
models while making sure that these systems are accurate and make sense, with decisions that experts
can interpret and visualize.

To shift from experimental research to vigorous actual clinical deployment, the focus of research
must move from pursuing slight accuracy increases on static, overused datasets to addressing deep
methodological gaps. Future progress must highlight the importance of robust external validation,
the integration of multimodal data natively (combining radiomics, electronic health records, audio
signals, with images), and the optimization of lite, computational - resource efficient architectures.
By concentrating on these specific bottlenecks, Al can achieve its capability as a reliable, transparent,
and globally accessible diagnostic aid partner in respiratory health care.
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