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Abstract

Chest X-ray (CXR) imaging remains the most widely used radiological modality for assess-
ing pulmonary and cardiothoracic disease, yet its interpretation is inherently constrained
by tissue superposition, subtle radiographic findings and marked inter-observer variability.
Recent advances in artificial intelligence (AI) have driven significant progress in auto-
mated CXR analysis, supported by large public datasets, evolving annotation strategies
and increasingly expressive deep learning architectures. This review presents a compre-
hensive synthesis of approaches for pulmonary abnormality detection, encompassing
convolutional neural networks, transformers, multimodal and vision–language models and
self-supervised representation learning. We critically discuss their strengths, limitations
and vulnerability to label noise, domain shift and shortcut learning. In parallel, we examine
dataset properties, annotation practices, robustness challenges, explainability methods and
the heterogeneity of evaluation protocols that hinder fair comparison and clinical transla-
tion. Building on these observations, the review identifies key future directions, including
foundation models, multimodal integration, federated and domain-generalized training,
longitudinal modeling, synthetic data generation and standardized clinical evaluation
frameworks. By integrating methodological and clinical perspectives, this work offers an
up-to-date reference for researchers and clinicians and outlines a roadmap toward reliable,
interpretable and clinically deployable AI systems for chest radiography.

Keywords: chest X-ray; deep learning; pulmonary abnormality detection; convolutional
neural networks; vision transformers; vision–language models; self-supervised learning;
domain generalization; explainable AI; clinical decision support

1. Introduction
Chest X-ray imaging is the most widely used radiological examination worldwide. It

is the first-line diagnostic tool for evaluating pulmonary and cardiothoracic abnormalities
due to its low cost, portability, rapid acquisition and relatively low radiation exposure [1,2].
It is indispensable in emergency departments, primary care, intensive care units and
resource-limited settings. Chest radiography is routinely performed as the first-line imag-
ing modality in patients presenting with acute dyspnea, persistent fever suspicious for
pneumonia, oncologic staging to assess pulmonary metastases and as part of preopera-
tive evaluation to ensure anesthetic safety. Its ubiquity across emergency, inpatient and
outpatient settings further reinforces its central role in clinical decision-making.
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However, CXR interpretation is challenging even for experienced radiologists. The
projection of 3D chest anatomy onto a 2D X-ray image may result in tissue superposition,
which can mask subtle findings, reduce sensitivity for early disease and contribute to
marked inter-observer variability [3,4]. Diagnostic performance is further influenced by
reader expertise, image quality, workload and availability of clinical context—factors that
are often suboptimal in real-world practice [2,5].

In this context, artificial intelligence has emerged as a promising solution for auto-
mated CXR interpretation. Over the past decade, some deep learning models such as
transformer-based architectures [6,7] and multimodal models have achieved high per-
formance [8] across key tasks such as disease classification, finding localization, severity
scoring and triage [9–11]. These advances have been catalyzed by the release of large public
datasets such as ChestX-ray14 [12], CheXpert [13], MIMIC-CXR [14], VinDr-CXR [15] and
PadChest [16], which provide training corpora of unprecedented size and heterogeneity.

Modern deep learning models can detect a broad spectrum of pulmonary abnor-
malities [4,9,17], including consolidation, interstitial opacities, atelectasis, pneumothorax,
pleural effusion, edema, cardiomegaly and nodules. Vision–language models (VLMs) and
self-supervised learning (SSL) strategies have further pushed the field forward by reducing
dependence on manually curated labels and enabling broader generalization [11,18–21].
Despite this rapid algorithmic progress, the integration of AI systems into real-world CXR
workflows remains limited. The role of AI in chest radiography should be considered
less as a substitute for radiologist interpretation and more as an integrative support layer
incorporated into clinical workflows, especially in areas with fewer resources where family
doctors are responsible for evaluating radiographs.. Several challenges persist, including
label noise inherent to report-derived annotations [13], domain shift across hospitals, scan-
ners and patient populations [22,23] and confounding artifacts such as tubes, devices and
text markers that introduce spurious correlations [3]. Many CXR abnormalities are subtle
or ambiguous and heavily dependent on clinical context, which complicates fully auto-
mated interpretation. Moreover, the interpretability of deep learning predictions remains
constrained, limiting trust and acceptance among clinicians [24].

Recent surveys have highlighted the fragmented nature of current research, where
architectural advances, dataset characteristics, annotation quality and clinical deployment
considerations are often addressed in isolation [25–28]. However, these works typically em-
phasize performance trends or application outcomes, without systematically analyzing how
methodological choices and data-centric factors jointly shape robustness, generalization
and clinical reliability.

Persistent challenges such as domain shift and cross-population generalization con-
tinue to limit real-world translation [29], while recent studies underline the critical role of
annotation fidelity and pixel-level supervision for diagnostic robustness [30]. Nevertheless,
a unified synthesis that connects explainability, model interpretability, dataset quality and
clinical validation within a single methodological framework remains largely absent.

Although several reviews on AI for medical imaging and chest radiography have been
published [31–33], most of them adopt a broad or application-driven perspective, focusing
on general imaging pipelines, specific disease categories or high-level clinical use cases. In
contrast, the work shows a methodologically oriented and problem-centric perspective,
focusing specifically on pulmonary abnormality detection in chest X-ray imaging and
on the interactions between dataset design, labeling strategies, learning paradigms and
evaluation practices in order to integrate in the CXR workflows to improve the triage and
decision-making. For that purpose, this review addresses this gap by explicitly integrating
methodological, data-centric and clinical perspectives, moving beyond a catalog of archi-
tectures to analyze recurrent failure modes, evaluation inconsistencies and translational
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bottlenecks. It provides a structured roadmap for developing, evaluating and deploying
more reliable and clinically aligned CXR-AI systems [34–36]. This review addresses three
complementary and interrelated objectives. First, it provides a comprehensive and techni-
cally grounded overview of deep learning methods for pulmonary abnormality detection
in chest radiographs, covering convolutional neural networks, transformer-based archi-
tectures, multimodal and vision–language models, as well as explainability techniques.
Unlike prior surveys that primarily summarize architectural performance, this review
emphasizes the methodological assumptions and limitations underlying these approaches.
Second, it systematically analyzes major public CXR datasets and labeling methodologies,
highlighting their strengths, weaknesses, sources of bias and downstream implications
for model training, evaluation and generalization. Particular attention is paid to the im-
pact of report-derived annotations, uncertainty handling and annotation granularity on
algorithmic reliability. Third, the review discusses open challenges and emerging research
directions that are critical for clinical translation, including domain generalization, inter-
pretability, data quality, self-supervised learning, multimodal integration and the growing
role of vision–language models in radiology.

By synthesizing methodological advances with clinical considerations, this work aims
to serve as an up-to-date reference for researchers, clinicians and developers working on
automated CXR interpretation, while also providing a methodological roadmap for the
development and deployment of robust, trustworthy AI systems in real clinical environ-
ments. The review explicitly connects dataset design, labeling noise, learning paradigms
and evaluation practices, highlighting how their interactions shape reported performance
and clinical readiness. Rather than cataloging models in isolation, we focus on recurring
methodological trade-offs and failure modes that continue to limit real-world translation.

2. Materials and Methods
2.1. Review Design and Methodological Positioning

This work was conducted as a structured narrative review [37] informed by a system-
atic literature search strategy. The objective was not to perform a quantitative meta-analysis
or formal evidence grading, but to provide a critical methodological synthesis of artificial
intelligence approaches for chest X-ray analysis. Elements of the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines [38] statement
were adopted to enhance transparency in study identification, screening and reporting;
however, the review does not constitute a full systematic review with prospective protocol
registration or quantitative risk-of-bias scoring. The scope of the review encompasses
methodological contributions, large-scale public datasets, clinical validation studies and
recent advances in deep learning, self-supervised learning, multimodal models and VLMs
for CXR analysis. The review protocol was not prospectively registered. A comprehensive
literature search was independently performed by two reviewers using PubMed, Scopus
and Web of Science (WoS) to identify studies evaluating artificial intelligence pipelines for
chest X-ray interpretation.

The PubMed strategy combined both MeSH terms and free-text keywords related to
chest radiographs and AI techniques: (“Chest X-Ray” [Mesh] OR “chest x-ray” OR “chest
radiograph*” OR CXR) AND (“Artificial Intelligence” [Mesh] OR “artificial intelligence”
OR “machine learning” OR “deep learning” OR “vision transformer*” OR “self-supervised
learning” OR “computer-aided diagnosis” OR CAD). The Scopus query was constructed
as follows: TITLE-ABS-KEY(“chest x-ray” OR “chest radiograph*” OR CXR) AND TITLE-
ABS-KEY(“artificial intelligence” OR “deep learning” OR “machine learning” OR “vision
transformer*” OR “self-supervised learning” OR “computer-aided diagnosis” OR CAD).
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The Web of Science search used a Topic (TS) query: TS=(“chest x-ray” OR “chest
radiograph*” OR CXR) AND TS=(“artificial intelligence” OR “deep learning” OR “machine
learning” OR “vision transformer*” OR “self-supervised learning” OR “computer-aided
diagnosis” OR CAD).

2.2. Data Extraction and Analysis

The searches retrieved 3454 records from PubMed, 9728 from Scopus and 6882 from
Web of Science. No language restrictions were applied at the search stage and studies
published between 2013 and 2025 were considered. To enhance comprehensiveness, the
reference lists of all included articles were manually screened. Overall inter-reviewer
agreement during the study selection process was 91% across title–abstract screening and
full-text eligibility assessment. Disagreements between reviewers were primarily related
to borderline cases, including studies combining multiple imaging modalities, papers
with limited methodological description of the AI component or investigations focusing
predominantly on prognostic rather than diagnostic tasks. All discrepancies were resolved
through discussion and consensus and, when necessary, adjudicated by the senior author.

After duplicate records were removed, studies were excluded if they consisted of
conference papers, books or book chapters, meta-analyses, editorials, letters, comments or
meeting abstracts or lacked full-text availability in English. Additional exclusions applied
to studies published before 2013, as well as to animal studies or experimental investigations
based on physical phantoms. The restriction to peer-reviewed journal articles was adopted
to ensure comprehensive methodological reporting and extended validation analyses,
which are particularly relevant for assessing translational readiness in medical imaging. We
acknowledge that influential methodological contributions in artificial intelligence are often
published in conference proceedings and their exclusion may limit coverage of early-stage
architectural innovations.

The remaining records were subsequently screened based on title and abstract. Studies
were considered eligible if they evaluated the performance of AI-based models for detec-
tion, classification or segmentation tasks using primary chest radiographs. Inclusion was
restricted to original research articles published in peer-reviewed journals with full-text
availability in English. This language restriction was applied to ensure consistent method-
ological assessment and interpretability; however, it may introduce language bias and limit
representation of research conducted in non-English-speaking contexts.

During full-text eligibility assessment, studies primarily focused on prognosis,
biomarkers, non-imaging clinical data, alternative imaging modalities or lacking a clearly
described AI methodology were excluded. The study selection process was summarized
using a PRISMA flow diagram (Figure 1) [38].

2.3. Critical Appraisal and Content Synthesis

The methodological quality and potential sources of bias of the included studies were
assessed using the Checklist for Artificial Intelligence in Medical Imaging (CLAIM) [39].
Each study was independently evaluated by two reviewers with respect to dataset charac-
terization, annotation strategies, model architecture, training and validation procedures,
performance reporting and reproducibility considerations.

CLAIM was employed as a qualitative appraisal framework, consistent with its origi-
nal design and not used to derive a quantitative quality score or to exclude studies. Instead,
its items served as an analytic lens to guide a structured and transparent assessment of
reporting completeness and methodological rigor, enabling the identification of recurrent
reporting gaps, common sources of bias and cross-study methodological patterns across
the included literature [39,40]. The purpose of this appraisal was not to rank studies,
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but to characterize methodological strengths and limitations that directly informed the
subsequent qualitative synthesis and interpretation of results.

Records identified
through PubMed

(n = 3454)

Records identified
through Scopus

(n = 9728)

Records identified
through Web of Science

(n = 6882)

Records after
duplicates removed

(n = 11,386)

Records screened
(n = 6467)

Full-text articles
assessed for eligibility

(n = 80)

Studies included in
qualitative synthesis

(n = 68)

Records removed
before screening

(n = 4919)

Records excluded
(n = 6387)

Full-text articles excluded
(n = 12)

Figure 1. PRISMA flow diagram of the study selection process.

Following study inclusion, a structured qualitative synthesis was conducted to inte-
grate findings across the selected articles [37]. For each study, key methodological attributes
were systematically extracted, including dataset composition and provenance, labeling
and annotation strategies, learning paradigms, architectural design choices, evaluation
protocols and reported clinical validation settings.

Content synthesis was performed using an inductive thematic analysis approach [41].
Studies were grouped according to recurring methodological themes, including dataset-
centric challenges, supervision and labeling strategies, architectural trends, robustness to
domain shift and evaluation practices. These themes formed the basis for the comparative
analysis presented in Sections 3–6, allowing methodological trade-offs and translational
bottlenecks to be examined across heterogeneous study designs.

Application of the CLAIM framework revealed substantial variability in reporting
practices and methodological rigor. While most articles provided clear descriptions of
model architectures and reported conventional performance metrics, critical aspects related
to data provenance, annotation quality and external validation were addressed incon-
sistently. In particular, detailed characterization of labeling strategies and annotation
uncertainty was often limited in studies relying on report-derived labels, whereas works
based on expert-annotated datasets tended to provide more transparent descriptions of
annotation procedures. External validation across independent institutions was relatively
uncommon, with the majority of studies relying on single-center or dataset-specific test
splits. Similarly, calibration analysis, uncertainty estimation and assessment of potential
confounders were rarely reported, despite their relevance for clinical deployment.

These observations, derived from CLAIM-guided qualitative appraisal rather than
quantitative scoring, informed the thematic synthesis by highlighting recurrent method-
ological gaps that constrain reproducibility, generalization and clinical translation. As a
result, the synthesis emphasizes not only reported performance, but also the methodolog-
ical context in which such results should be interpreted, in line with best practices for
qualitative synthesis in methodologically diverse and rapidly evolving research fields [37].
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3. Clinical Background and Radiological Taxonomy
CXR imaging remains the most widely used radiological modality and continues

to play a central role for assessing pulmonary and cardiothoracic conditions. Among its
advantages are its low cost, wide availability, portability and low radiation exposure which
make it indispensable in a broad range of clinical contexts. At the same time, the intrinsic
limitation of projecting complex three-dimensional anatomy onto a two-dimensional image
introduces tissue overlap and structural superposition. Subtle findings may therefore be
partially obscured, leading to reduced sensitivity. In this setting, diagnostic performance
can be further affected by inter-observer variability and by the cognitive burden imposed by
increasing workloads, even among experienced radiologists. These challenges have driven
growing interest in AI as a complementary tool for chest radiograph interpretation [1,3].

The availability of large public CXR datasets, such as ChestX-ray14, CheXpert, MIMIC-
CXR, PadChest and VinDr-CXR, has fundamentally shaped the development of data-driven
approaches in this field [12–16]. Although these resources differ substantially in scale, anno-
tation strategy and label granularity, they converge on a core set of thoracic findings. Some
of the most common findings are: consolidation, atelectasis, pleural effusion, pneumotho-
rax, cardiomegaly, pulmonary edema and interstitial opacities. A clear understanding of
these entities and their radiographic appearance is essential, not only for clinical interpre-
tation, but also for the design, training and evaluation of AI models that aim to operate
reliably in real-world settings.

Consolidation typically appears as a homogeneous increase in lung parenchymal
opacity resulting from alveolar filling and is most often associated with pneumonia or acute
lung injury. In practice, however, its radiographic appearance frequently overlaps with that
of atelectasis, which also presents as an area of increased opacity but is accompanied by vol-
ume loss. This visual similarity remains a well-recognized source of diagnostic ambiguity,
affecting both clinical interpretation and automated deep learning systems [4,9,13,42].

Pleural effusion, in contrast, is characterized by a more distinctive basal meniscus-
shaped opacity. Owing to its relatively table and recognizable visual features, it consistently
emerges as one of the best-performing categories in chest X-ray classification tasks, even in
early deep learning studies [4,12]. Pneumothorax represents a different type of challenge.
Defined by the presence of air in the pleural space, its radiographic signs can be subtle
and highly dependent on patient positioning, particularly in supine acquisitions. These
factors have made pneumothorax detection a prominent target for automatic triage and
prioritization systems [2].

Cardiomegaly is commonly assessed using the cardiothoracic ratio, with values ex-
ceeding 0.5 typically considered abnormal. While structurally straightforward as a concept,
its interpretation is highly sensitive to acquisition geometry. Differences between the
projections, as well as patient positioning, can substantially alter apparent heart size and
introduce systematic errors in both human and algorithmic assessments [43]. Pulmonary
edema presents a different level of complexity. Its radiographic manifestations range from
subtle vascular redistribution and Kerley lines to more conspicuous perihilar “bat-wing”
patterns, often requiring contextual and temporal reasoning. Recent multimodal and vi-
sion–language approaches, which integrate image features with textual information, have
begun to address this inherent ambiguity [11,18].

Diffuse interstitial abnormalities are particularly challenging to identify on chest
radiographs. Their low contrast and frequent overlap with normal anatomical structures
contribute to high inter-observer variability and inconsistent labeling [3,44]. Pulmonary
nodules and masses pose similar difficulties, especially when small or poorly contrasted
and remain considerably harder to detect on CXR than on computed tomography [10,45].
To mitigate these limitations, more recent algorithms have explored the incorporation of
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bone suppression techniques or prior anatomical segmentation as a means to improve
finding-level sensitivity.

Finally, the presence of medical devices, such as endotracheal tubes, central venous
catheters or pacemakers, introduces an additional source of visual confounding in chest
radiographs. These elements are frequently correlated with disease severity or critical
illness and deep learning models may inadvertently rely on them as shortcuts rather than
on true pathological patterns. As a result, spurious associations can emerge, significantly
impairing model generalization when applied across institutions, patient populations or
acquisition settings [22,46,47].

Anatomical variability, projection-related artifacts and the influence of non-pathological
visual cues illustrate the intrinsic complexity of CXR interpretation. This complexity chal-
lenges purely image-level classification approaches and reinforces the need for AI systems
capable of integrating spatial relationships, contextual information and semantic reasoning.
Approaches that explicitly model dependencies between findings or incorporate higher-
level contextual understanding appear better suited to address these limitations [3,48].

These intrinsic differences in visual ambiguity, anatomical variability and contextual
dependence are not merely descriptive radiological observations; they directly shape
algorithmic behavior, influencing sensitivity to label noise, supervision requirements and
the choice of architectural paradigms.

4. Datasets and Data Sources
The widespread adoption of deep learning for CXR interpretation has been closely

tied to the emergence of large-scale public datasets. Some of the most commonly used are
ChestX-ray14 [12], CheXpert [13], MIMIC-CXR [14], PadChest [16] and VinDr-CXR [15].
These datasets differ substantially in terms of patient population, acquisition protocols
and labeling strategies. Such differences are often treated as secondary considerations, yet
they have a direct and sometimes underappreciated impact on algorithm performance and
generalizability [49,50]. An overview of the main characteristics of these datasets, with a
particular focus on labeling strategies and data quality aspects, is provided in Table 1.

Early efforts, most notably ChestX-ray14, relied on rule-based natural language pro-
cessing (NLP) applied to radiology reports to automatically extract labels. This approach
enabled an unprecedented scale but came at the cost of substantial label noise [51,52].
Subsequent datasets introduced refinements rather than abandoning automation altogether.
As summarized in Table 1, CheXpert incorporated uncertainty-aware labeling to better
reflect the ambiguity inherent in clinical reports, while MIMIC-CXR paired images with
free-text reports, enabling multimodal learning and self-supervised representation learning
paradigms. PadChest shifted the focus toward expert-verified hierarchical annotations,
prioritizing label reliability and VinDr-CXR further extended supervision by providing
finding-level bounding boxes that support detection and localization tasks.

Each of these design choices, whether related to label provenance, annotation gran-
ularity or supervision level, inevitably shapes how models are trained, evaluated and
compared across studies. Across datasets, differences in label provenance, uncertainty
modeling and annotation granularity directly influence robustness to shortcut learning
and cross-institution generalization, reinforcing the need for careful dataset-aware inter-
pretation of reported performance. Therefore, automated labeling pipelines should be
interpreted with caution. Their contribution to initiating research is very valuable, but they
are also prone to systematic errors, including false positives driven by historical mentions,
missed subtle findings and the pervasive use of ambiguous categories such as “opacity”
or “infiltrate”. As reflected by the heterogeneous uncertainty handling strategies reported
in Table 1, the treatment of ambiguity varies widely across datasets, further complicating

https://doi.org/10.3390/technologies14030147

https://doi.org/10.3390/technologies14030147


Technologies 2026, 14, 147 8 of 25

cross-study comparisons. In response, a growing body of work has explored weak super-
vision and attention-based approaches that attempt to infer spatial evidence from coarse
image-level labels, sometimes leveraging text–image alignment to partially compensate for
annotation noise.

Beyond labeling itself, dataset composition plays a decisive role in shaping model
behavior. Systems trained predominantly on NLP-derived annotations may internalize
institution-specific artifacts, resulting in overfitting to dataset biases rather than learning
transferable pathological patterns. Common findings, such as pleural effusion or car-
diomegaly, often achieve higher reported accuracy due to consistent labeling and relatively
clear visual signatures. In contrast, rarer or more subjective conditions, including intersti-
tial disease or fibrosis, remain considerably more challenging. The lack of standardized
taxonomies and harmonized labeling schemes across major public datasets (Table 1) high-
lights the need for multi-source training strategies and unified annotation frameworks if
reproducibility and cross-domain robustness are to be achieved [50].

To enable more structured comparison, major public datasets are contrasted in terms of
label provenance (NLP-derived vs. expert), annotation granularity (image-level vs. spatial),
uncertainty modeling, scale and expected implications for robustness, bias and external
validity. It is important to note that most publicly available CXR datasets were constructed
to benchmark disease classification performance rather than to model real-world radiology
workflows. As a result, tasks such as longitudinal comparison, contextual reasoning across
patient records, structured reporting or triage prioritization remain largely unsupported by
current dataset design.

Table 1 summarizes the most widely adopted publicly available CXR datasets in deep
learning research. Datasets were selected based on three criteria: (i) public accessibil-
ity, (ii) scale greater than approximately 10,000 radiographs and (iii) documented use in
benchmarking or multi-study comparisons within the CXR-AI literature.

Terminology clarification: In this review, the following pragmatic definitions are
adopted for consistency across studies: (i) Limited labeled data: fewer than approximately
5000 annotated radiographs; (ii) Moderate-to-large datasets: 5000–50,000 studies; (iii) Large-
scale datasets: more than 50,000 studies; (iv) Weakly labeled data: image-level labels de-
rived from radiology reports or indirect supervision without pixel-level confirmation
or systematic cross-modality verification; (v) Local context: spatially contiguous image
features occupying a restricted anatomical region (e.g., focal nodules or segmental opac-
ities); (vi) Global context: diffuse, bilateral or multi-region patterns requiring modeling of
long-range spatial dependencies across the thoracic cavity.
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Table 1. Overview of major public chest X-ray datasets, highlighting labeling strategies, annotation granularity, diagnostic confirmation level and data quality
considerations relevant to deep learning–based CXR analysis.

Dataset Scale Label Source Annotation Granularity Uncertainty Handling Diagnostic Confirmation Level Key Data Quality Considerations

ChestX-ray14 ∼112k images Automated NLP from
radiology reports Image-level disease labels Not explicitly modeled Report-derived labels; no systematic

cross-modality confirmation

High label noise due to rule-based NLP;
historical mentions and ambiguous terms
(e.g., opacity, infiltrate) introduce systematic
false positives; large scale but limited
reliability for fine-grained evaluation.

CheXpert ∼224k images

Automated NLP with
expert-designed rules;
subset radiologist
validation

Image-level disease labels
Explicit uncertainty labels
(positive, negative,
uncertain)

Report-derived labels with limited
radiologist validation; no systematic
CT/pathology confirmation

Improved representation of clinical
ambiguity; uncertainty-aware training
strategies affect reported performance; still
susceptible to report-driven noise.

MIMIC-CXR ∼377k images Original free-text
radiology reports

Image–report pairs (weak
image-level supervision) Implicit via report language

Report-level clinical interpretation;
no structured cross-modality
confirmation

Enables multimodal and self-supervised
learning; indirect labels are noisy and
institution-specific report styles may bias
learned representations.

PadChest ∼160k images Radiologist-verified
annotations

Hierarchical image-level
labels Implicit (expert judgment)

Radiologist-reviewed labels; no
systematic CT/pathology
confirmation across all cases

High-quality expert labels with structured
taxonomy; improved reliability for rare
findings; limited scalability compared to
automated datasets.

VinDr-CXR ∼18k images
Independent double
reading by radiologists
with consensus

Bounding boxes and
image-level labels Implicit (expert judgment)

Radiologist consensus annotations;
no routine cross-sectional imaging
confirmation

Finding-level supervision enables detection
and localization; high annotation fidelity;
smaller scale limits direct comparability with
NLP-labeled benchmarks.

Note: None of the large-scale public CXR datasets listed above incorporate systematic pathology-, biopsy- or same-day CT-confirmed ground truth for all labeled findings. Most rely on
report-derived or radiologist-level interpretation as reference standard. Dataset sizes are approximate values based on the original public releases.
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5. AI Methods for Chest X-Ray Analysis
To facilitate cross-study comparison, architectures and learning paradigms are an-

alyzed across five recurring dimensions: (i) supervision level and annotation reliability,
(ii) data requirements and scalability, (iii) robustness to domain shift and shortcut learning,
(iv) interpretability and localization capacity and (v) clinical validation maturity. This struc-
tured lens allows methodological trade-offs to be examined beyond isolated performance
metrics. Most published research focuses on detection-centered AI systems, which aim to
replicate the identification of anomalies at the level of a radiologist. Studies on workflow
improvement systems that aim to improve clinical efficiency are limited.

Table 2 operationalizes the analytical dimensions introduced above and highlights
that no single paradigm is universally superior; instead, performance, robustness and
translational potential are strongly contingent on supervision quality, dataset characteristics
and intended clinical context.

Table 2. Structured comparative framework of major AI paradigms for chest X-ray analysis across
five analytical dimensions defined in this review.

Dimension CNN-Based Models Transformer-Based
Models

Self-/Semi-Supervised
Learning

Vision–Language
Models (VLMs)

Supervision level and
annotation reliability

Image-level labels;
sensitive to noisy
report-derived
supervision

Image-level labels;
performance influenced
by label noise and scale

Reduced reliance on
explicit labels;
improved tolerance to
annotation noise

Weak supervision via
image–report pairs;
dependent on
report quality

Data requirements and
scalability

Moderate data
requirements; efficient
training and
deployment

High data and
computational
demands; benefit from
large-scale pretraining

Scalable to large
unlabeled datasets;
pretraining-intensive

Require large paired
image–text corpora;
computationally
demanding

Robustness to domain
shift and shortcut
learning

Moderate robustness;
prone to confounding if
supervision is noisy

Variable robustness;
may amplify dataset
biases when
overparameterized

Improved robustness
under distribution shift
when well-pretrained

Vulnerable to
institutional language
bias and reporting style
differences

Interpretability and
localization capacity

Compatible with
CAM-based
visualization; limited
spatial precision

Attention mechanisms
provide global
reasoning but limited
anatomical grounding

Interpretability
depends on
downstream
architecture; often
indirect

Semantic
interpretability via text
alignment; spatial
grounding remains
limited

Clinical validation
maturity

Most extensively
benchmarked; limited
prospective validation

Emerging clinical
validation; limited
multi-center evaluation

Early-stage clinical
validation; mainly
retrospective studies

Primarily exploratory;
limited prospective
clinical deployment

Research on automated chest X-ray interpretation has expanded rapidly following the
release of large-scale public datasets. These resources enabled the training of increasingly
sophisticated deep learning systems capable of addressing a wide spectrum of thoracic
abnormalities. Rather than treating architectural choices, learning paradigms and super-
vision strategies in isolation, this section provides an integrated overview of how these
components have co-evolved in CXR AI systems.

Table 3 provides a comparative overview of the main AI paradigms adopted for chest
X-ray analysis, summarizing their architectural choices, supervision strategies, strengths
and limitations.
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Table 3. Comparative overview of major AI paradigms for chest X-ray analysis, highlighting architectural choices, supervision strategies, strengths and
key limitations.

Paradigm Typical Architectures Supervision Level Main Strengths and Limitations

CNN-based classification ResNet, DenseNet,
EfficientNet, Inception Image-level labels (weak supervision)

Strong performance on common findings; efficient training and
well-understood optimization; suitable for large-scale benchmarking.
However, global pooling limits spatial precision and increases
sensitivity to confounding visual cues.

Transformer-based models Vision Transformer (ViT), Swin
Transformer, hybrid CNN–Transformer

Image-level labels;
large-scale pretraining

Explicit modeling of long-range dependencies enables improved
sensitivity to global and multi-region abnormalities. Performance
gains often come at the cost of higher data and
computational requirements.

Self-supervised and
semi-supervised learning

Contrastive encoders (MoCo, SimCLR),
masked image modeling Unlabeled or sparsely labeled data

Reduced reliance on noisy annotations; improved generalization,
calibration and robustness. Downstream performance depends on
pretraining objectives and fine-tuning strategies.

Multimodal and
vision–language models

CNN or Vision Transformer combined
with text encoders (CLIP-style)

Image–report pairs (weak or
implicit supervision)

Enable zero-shot and prompt-based inference; capture clinical
context such as laterality, chronicity and uncertainty. Interpretation
and evaluation protocols remain an open challenge.

Localization and
anatomical analysis

U-Net, FCN, Faster R-CNN, YOLO,
attention-based CAMs

Weakly or strongly supervised
(segmentation or bounding boxes)

Improved interpretability through spatial localization and
anatomical constraints. Progress is limited by the scarcity of
high-quality spatial annotations and heterogeneous
evaluation metrics.
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5.1. Deep Learning Architectures

Early work in CXR analysis relied almost exclusively on convolutional neural net-
works, typically pre-trained on ImageNet and fine-tuned for multi-label thoracic disease
prediction. As summarized in the first row of Table 3, architectures such as ResNet,
DenseNet, VGG and Inception quickly became standard baselines due to their strong
performance on common findings and efficient optimization. The ChestX-ray14 benchmark
established early performance references for weak supervision classification and local-
ization using CNNs [12], while CheXNeXt demonstrated that a DenseNet-121 backbone
could approach radiologist-level performance for several common findings [9]. Subsequent
comparative studies explored the impact of backbone choice, transfer-learning strategies
and data augmentation, highlighting the strong influence of pretraining schemes and class
imbalance on reported performance [4]. In this context, class imbalance typically refers
to prevalence ratios exceeding approximately 1:3 or 1:10 between positive and negative
samples for a given pathology, with several thoracic findings occurring in fewer than 1–2%
of cases in large public benchmarks.

Representative large-scale CNN baselines have reported strong discrimination per-
formance on common thoracic findings, frequently achieving high AUROC values for
conditions such as pleural effusion and cardiomegaly on established public benchmarks.
However, these results vary substantially depending on label provenance, class prevalence
and the rigor of external validation protocols.

As research progressed, architectural refinements began to address some of the lim-
itations of purely convolutional designs. Attention mechanisms and multi-scale feature
extraction improved sensitivity to subtle and spatially heterogeneous abnormalities, in-
cluding pneumothorax and atelectasis [4,42]. EfficientNet family gained popularity due
to favorable performance complexity trade-offs [44,53]. Nevertheless, CNN-based mod-
els remain fundamentally constrained by global pooling operations, which limit spatial
precision and increase susceptibility to confounding visual cues [54].

Vision transformers (ViT) and hierarchical variants such as the Swin Transformer, were
subsequently adapted to chest radiography. This paradigm (Table 3) explicitly captures
long-range dependencies, an attractive property for abnormalities with diffuse or global
radiographic manifestations. Compared to CNN-based baselines, transformer architectures
tend to demonstrate improved sensitivity to diffuse or multi-region abnormalities [55,56],
particularly interstitial patterns. However, these gains are typically associated with higher
data requirements and increased sensitivity to annotation noise, which may limit robustness
in small or heterogeneous datasets. In addition, the data-hungry nature of transformers
has motivated hybrid architectures that combine convolutional layers for low-level feature
extraction with transformer blocks for higher-level contextual reasoning. These hybrid
designs often achieve a more favorable balance between data efficiency and representational
capacity [7,28,57].

From a practical perspective, no single architectural paradigm consistently outper-
forms others across all chest X-ray analysis tasks and clinical settings. Convolutional neural
networks remain a strong baseline choice when labeled data are limited, computational
efficiency is a priority or rapid deployment is required. Their inductive bias toward local
spatial patterns aligns well with many focal pulmonary abnormalities and their compatibil-
ity with established explainability techniques facilitates model inspection [4,44].

For example, abnormalities characterized by diffuse or bilateral patterns, such as inter-
stitial disease or pulmonary edema, place greater emphasis on global contextual modeling,
whereas focal findings such as nodules or masses require precise spatial localization and
benefit from region-aware supervision.
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Transformer-based architectures, by contrast, are better suited for scenarios involving
large-scale datasets, multi-institutional training groups or abnormalities with diffuse and
global radiographic manifestations [55]. Their ability to model long-range dependencies
can improve sensitivity to complex patterns, but this advantage typically comes at the cost
of increased data requirements, computational complexity and sensitivity to label noise.

Hybrid CNN–Transformer models offer a compromise between these paradigms by
combining efficient local feature extraction with global contextual reasoning. In practice,
such architectures are most beneficial when moderate-to-large datasets are available and
when robustness to spatial heterogeneity is a key objective.

To bridge the gap between convolutional inductive bias and global attention, a subset
of the included studies propose hybrid CNN–Transformer designs. This methods combine
convolutional backbones for local feature extraction with transformer blocks for global
contextual modeling [58].

Importantly, reported performance differences between architectures are often con-
founded by dataset characteristics, annotation quality and evaluation protocols. As a result,
architectural choice should be guided less by marginal benchmark gains and more by
practical considerations, including data availability, supervision quality, interpretability
requirements and intended clinical use. This perspective is consistent with the comparative
overview provided in Table 3 and underlines the need to interpret architectural advances
within their broader methodological context.

While the following sections discuss these paradigms in detail, Table 4 provides a
unified, practice-oriented summary spanning architectural designs, learning paradigms
and multimodal frameworks.

5.2. Learning Paradigms and Weak Supervision

Given the inherent noise and variability of large-scale CXR annotations, learning
paradigms have progressively shifted toward self-supervised and semi-supervised strategies
to reduce dependence on imperfect labels and improve representation robustness [13,14].
This limitation has driven a paradigm shift away from purely supervised learning toward
self-supervised, semi-supervised and weak supervision approaches, which aim to decouple
representation learning from imperfect labels. As summarized in Table 3, these paradigms
play a central role in mitigating annotation noise and improving model robustness.

Self-supervised learning has emerged as a particularly influential strategy by enabling
representation learning directly from large collections of unlabeled chest radiographs.
Contrastive frameworks based on MoCo or SimCLR style objectives learn invariant vi-
sual representations that transfer effectively to downstream classification and localization
tasks. Empirical evidence consistently shows that SSL pretraining improves downstream
performance, calibration and robustness to distribution shifts when compared to models
pretrained on natural images [3,59,60]. These gains are especially pronounced in low-label
or noisy-label regimes, which are characteristic of most public CXR datasets.

Compared to strongly supervised learning on noisy report-derived labels, SSL and
semi-supervised strategies are generally more label-efficient and often more robust under
distribution shift; however, their downstream gains remain sensitive to pretraining objective
choice, data diversity and fine-tuning protocol, limiting direct comparability across studies.
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Table 4. Practical comparison of major deep learning architectures for chest X-ray analysis, highlighting key characteristics, strengths, limitations and recommended
usage scenarios.

Architecture Type Key Characteristics Main Strengths Main Limitations Recommended Use Cases

CNN-based models

Convolutional feature extractors
with global pooling; strong
inductive bias toward local
spatial patterns

Efficient training; strong
performance in low-to-moderate
data regimes; mature transfer
learning pipelines; compatible
with standard explainability
methods

Limited modeling of long-range
dependencies; sensitivity to
confounders and dataset bias;
coarse spatial localization

Baseline systems; single-task
classification; limited labeled
data; scenarios prioritizing
computational efficiency
and interpretability

Transformer-based models

Self-attention mechanisms
enabling global context
modeling; high
representational capacity

Improved sensitivity to diffuse
or multi-region abnormalities;
enhanced global reasoning;
flexible multimodal integration

High data and computational
requirements; sensitivity to label
noise; reduced performance in
small datasets

Large-scale datasets;
multi-institutional training;
complex global disease patterns;
multimodal settings

Hybrid CNN–Transformer
models

Convolutional encoders
combined with attention or
transformer blocks

Balanced local and global
feature modeling; improved
robustness to spatial
heterogeneity; better data
efficiency than
pure transformers

Increased architectural
complexity; harder
reproducibility and tuning;
higher deployment cost

Moderate-to-large datasets;
tasks requiring both fine-grained
and global context;
robustness-focused applications

Self-supervised and
semi-supervised models

Representation learning from
unlabeled or weakly
labeled data

Reduced reliance on noisy
annotations; improved
generalization and calibration;
strong foundation models

Dependence on pretraining
strategy; variable downstream
gains; increased
training complexity

Noisy-label settings; limited
expert annotations; foundation
model pretraining for
downstream CXR tasks

Vision–language models (VLMs) Joint image–text representation
learning using paired reports

Zero-shot and prompt-based
inference; reduced need for
curated labels; capture of
clinical semantics

Dependence on report quality;
institutional language bias;
limited clinical validation

Exploratory analysis; weak
supervision; representation
learning; early-stage
clinical research
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However, the benefits of self-supervised learning are not uniform across settings.
Performance improvements depend strongly on the choice of pretraining objective, data
diversity and fine-tuning strategy. In some cases, SSL representations may underperform
task-specific supervised pretraining when high-quality expert annotations are available,
highlighting the importance of aligning learning paradigms with data characteristics and
clinical objectives.

Semi-supervised and weak supervision approaches further extend this paradigm by
jointly leveraging limited expert annotations alongside large volumes of weak or unlabeled
data. These methods have demonstrated improved generalization across institutions
and reduced sensitivity to dataset-specific biases [53]. In practice, they offer a pragmatic
compromise between purely supervised and fully self-supervised pipelines, particularly in
settings where a small amount of reliable annotation can be obtained.

From a practical standpoint, self-supervised learning is most advantageous when
expert annotations are scarce, inconsistent or costly to obtain, while semi-supervised
strategies are preferable when limited high-quality labels are available to guide downstream
optimization. In contrast, strongly supervised learning remains competitive when dense,
expert-curated annotations exist and task-specific performance is prioritized. Consequently,
learning paradigm selection should be driven by annotation reliability, dataset scale and
intended clinical deployment, rather than by architectural considerations alone. Figure 2
illustrate self-supervised and semi-supervised learning paradigms.

Figure 2. Self-supervised learning paradigms for chest X-ray analysis. Based on [61]. In the context
of publicly available CXR datasets, “ground truth” typically refers to radiologist-level or report-
derived image annotations and does not systematically incorporate confirmation by CT, pathology or
treatment response across the full dataset.

5.3. Multimodal Learning Frameworks

The availability of paired radiology reports in major CXR datasets has catalyzed
the development of multimodal learning frameworks that jointly model images and text.
As summarized in Table 3, vision–language models (VLMs) typically rely on weak or
implicit supervision derived from image–report pairs, enabling flexible learning paradigms
such as zero-shot and prompt-based inference. Early multimodal approaches combined
CNN-based visual embeddings with textual representations, demonstrating improved
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classification performance and increased robustness to labeling noise when compared to
purely image-based models [62].

More recent contrastive vision–language models, including BioViL [63,64] and
CheXzero [11], learn aligned image–text representations directly from large-scale CXR re-
port corpora without requiring explicit label supervision [18]. This shift toward contrastive
multimodal pretraining has enabled scalable representation learning and improved trans-
ferability across tasks, particularly in settings where curated expert annotations are limited.

A key advantage of VLMs lies in their ability to support zero-shot generalization and
flexible querying of radiographic findings using free-text prompts [18,21]. In contrast to
fixed-label classification systems, vision–language representations can encode clinically
relevant nuances such as laterality, chronicity and diagnostic uncertainty, which are often
implicit in radiology reports but difficult to represent within predefined label sets.

Despite these advantages, current multimodal frameworks face important limitations
that constrain clinical deployment. Model performance is strongly influenced by report
quality, institutional reporting styles and language biases, which may limit cross-institution
generalization. Furthermore, evaluation protocols for zero-shot and prompt-based in-
ference remain insufficiently standardized and robust clinical validation of multimodal
predictions is still limited. As a result, while VLMs represent a conceptual shift toward
more expressive and clinically aligned CXR-AI systems, they are currently best viewed
as enabling technologies for representation learning, weak supervision and exploratory
analysis rather than as standalone diagnostic tools.

From a practical standpoint, multimodal learning frameworks are most beneficial
when large-scale image–report datasets are available and when flexibility, label efficiency
or semantic richness is prioritized over narrowly optimized task-specific performance. In
contrast, unimodal image-based models may remain preferable for tightly defined clinical
tasks with well-curated expert annotations and established evaluation protocols.

As illustrated in Figure 3, multimodal AI systems integrate visual and textual informa-
tion within a unified representation framework, enabling cross-modal reasoning, robust
generalization and clinically oriented inference strategies across different deployment
settings [65].

Figure 3. Conceptual framework for multimodal AI systems in chest radiology. Visual and textual
information are integrated within a unified representation space, enabling cross-modal reasoning,
robust validation and clinically oriented deployment strategies across different workflow stages.
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5.4. Anatomical Structure Localization

Efforts to move beyond purely global image-level predictions have motivated ex-
tensive research on regional localization and anatomical structure analysis in chest X-ray
imaging. As summarized in Table 3, a common entry point for these approaches has
been weak supervision localization, most often implemented through class activation
maps or attention-based mechanisms. These techniques enable models to highlight image
regions that contribute to specific predictions, thereby providing a degree of post-hoc
interpretability. However, such localizations are typically coarse, spatially imprecise and
poorly aligned with anatomical boundaries, which limits their suitability for fine-grained
clinical interpretation and safety assessment [10].

To introduce stronger anatomical constraints, a defined subset of the 68 included stud-
ies incorporated explicit segmentation of lung fields, mediastinal structures and cardiac
silhouettes as a preprocessing or auxiliary task. Fully convolutional networks and U-
Net–based architectures remain the dominant choices for this purpose [66,67]. By isolating
anatomically relevant regions, segmentation-based pipelines can reduce background noise,
mitigate acquisition-related variability and provide more stable inputs for downstream
classification or localization tasks. In practice, anatomical segmentation often improves ro-
bustness and interpretability, particularly in multi-center settings where imaging conditions
vary substantially.

Beyond anatomical segmentation, finding-level detection of nodules, masses or focal
opacities has been explored using adapted object-detection frameworks such as Faster
R-CNN or YOLO. These approaches offer the potential for higher clinical granularity by
explicitly localizing pathological findings. However, their progress is severely constrained
by the limited availability of high-quality bounding-box or pixel-level annotations in public
CXR datasets [68,69]. Annotation cost, inter-observer variability and inconsistent labeling
protocols further complicate systematic evaluation and comparison across studies.

From a practical standpoint, weakly supervised localization methods are most appro-
priate when large-scale datasets with image-level labels are available and interpretability
is desired at a coarse, qualitative level. Segmentation-based approaches are preferable
when anatomical consistency, robustness and region-specific analysis are priorities, pro-
vided that suitable annotations or pretrained segmenters exist. In contrast, finding-level
detection frameworks remain best suited for narrowly defined tasks with dedicated expert
annotations and are currently less scalable for broad CXR screening applications. These
constraints help explain why image-level classification remains the dominant paradigm in
the literature, despite its limited clinical granularity.

5.5. Evaluation Strategies and Clinical Translation

Despite steady progress in reported model performance, robustness and generalizabil-
ity remain persistent and unresolved challenges in chest X-ray AI. Performance degradation
across hospitals, imaging systems and patient populations has been repeatedly documented,
underscoring the sensitivity of data-driven models to domain shift [22,47]. Differences in
acquisition protocols, scanner hardware, preprocessing pipelines and demographic com-
position can all lead to substantial drops in accuracy when models are evaluated outside
their training environment. In response, a range of domain generalization and adaptation
strategies has been explored, including style augmentation, adversarial feature alignment
and contrastive learning of domain-invariant representations. While such approaches
can mitigate performance loss in specific settings, no single strategy has demonstrated
consistent superiority across datasets or institutions, highlighting the absence of universally
robust solutions [23].
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Across architectural categories, strong internal validation performance is commonly
reported, particularly for high-prevalence findings on large public benchmarks. Reported
discrimination metrics are generally high for conditions such as pleural effusion and
cardiomegaly, although gains between architectural families are often incremental and
performance varies substantially with dataset composition and validation design.

A closely related limitation is the tendency of deep learning systems to exploit short-
cuts—spurious correlations arising from non-pathological cues rather than true disease
patterns. In chest radiography, these confounders are particularly prevalent. Medical
devices, projection markers, laterality labels or institution-specific acquisition artifacts
may inadvertently become predictive signals. Well-documented examples include ven-
tilator tubing acting as a proxy for disease severity or textual markers correlating with
diagnostic labels [46]. Although such shortcuts can inflate benchmark performance, they
fundamentally undermine model reliability, clinical trust and cross-domain generalization.

Explainability methods are frequently proposed as safeguards against these failure
modes. Post-hoc interpretability techniques, most notably Grad-CAM and Grad-CAM++,
are widely used to visualize image regions contributing to model predictions [70–72].
However, these methods exhibit important limitations, including noisy attribution maps,
sensitivity to small perturbations and the absence of causal guarantees. Attribution maps
may also highlight irrelevant or confounding regions, complicating their use for safety
assessment. Consequently, recent work has shifted toward anatomically grounded expla-
nations, counterfactual reasoning and uncertainty-aware interpretability frameworks [7].
Despite this progress, standardized evaluation protocols for explainability remain underde-
veloped and consensus on best practices is still lacking.

Evaluation design further compounds these challenges. Most CXR-AI studies rely
on single-center validation using internal test sets drawn from the same institution as the
training data. While convenient, such evaluations fail to capture real-world variability and
routinely overestimate generalization performance. Multiple studies have demonstrated
marked performance degradation under cross-institution testing, reinforcing the need for
routine multi-center external validation [22,47]. Nevertheless, external validation remains
the exception rather than the norm.

Metric selection plays a critical role in shaping reported conclusions. Area under the
receiver operating characteristic curve (AUROC) is by far the most commonly reported
metric, yet it is insensitive to class imbalance and provides limited insight into clinically
relevant operating points. As a result, high AUROC values may coexist with poor cali-
bration or misleading decision thresholds. Alternative metrics—such as area under the
precision–recall curve (AUPRC), sensitivity–specificity trade-offs, F1 score, likelihood ratios
and decision-curve analysis—offer more clinically meaningful perspectives but are reported
inconsistently across studies.

Importantly, the intrinsic clinical ambiguity of several thoracic findings implies that
evaluation metrics must extend beyond aggregate discrimination performance and incor-
porate calibration, uncertainty quantification and external validation to reflect real-world
diagnostic variability.

Calibration and uncertainty estimation remain particularly underexplored. Calibra-
tion, defined as the agreement between predicted probabilities and true outcome likeli-
hoods, is essential for safe clinical deployment. Supervision noise and dataset-specific
artifacts may inflate discrimination metrics under internal validation, while masking cali-
bration errors and cross-institution generalization failures. Quantitative measures such as
the Brier score or Expected Calibration Error (ECE) are still rarely included, limiting insight
into predictive reliability.
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Similar limitations affect the evaluation of localization and interpretability. Although
saliency maps are frequently presented, few studies report quantitative localization met-
rics such as intersection-over-union (IoU), pointing game accuracy or region-level recall.
In practice, attribution maps often emphasize non-pathological regions or confounding
artifacts, further restricting their usefulness for model validation and safety assessment.

Finally, most evaluations treat AI systems as standalone classifiers, despite their
intended role as decision-support tools within clinical workflows. Clinically meaningful
endpoints, such as triage prioritization accuracy, reduction in reporting time, detection
of overlooked findings or improvements in radiologist sensitivity, are seldom measured.
Multi-reader studies, prospective evaluations and workflow-level assessments remain
relatively rare, yet they are critical for regulatory approval and clinical integration.

From a practical standpoint, robust clinical translation of CXR-AI systems requires
evaluation frameworks that extend beyond algorithmic accuracy to explicitly address ro-
bustness, calibration, interpretability and real-world impact. Establishing standardized,
multi-center and clinically grounded evaluation protocols is therefore essential to move
CXR-AI systems beyond research prototypes and toward safe, deployable medical tools.
The absence of standardized multi-dataset benchmarking protocols further complicates
direct comparison across studies. Reported gains often reflect dataset-specific properties
rather than universally transferable methodological improvements. Figure 4 summa-
rizes the data-centric and model-centric factors discussed in this review and illustrates
how their interactions jointly shape robustness, generalizability and clinical readiness in
CXR-AI systems.

Table 5 summarizes the most recurrent methodological limitations identified across the
reviewed studies through CLAIM-guided qualitative appraisal, together with their practical
implications for robustness, generalizability and clinical translation. These gaps were con-
sistently observed across heterogeneous study designs, suggesting that they reflect systemic
challenges in current CXR-AI research rather than isolated methodological shortcomings.

Table 5. Recurrent methodological gaps identified through CLAIM-guided appraisal of CXR-AI
studies and their practical implications for clinical translation.

Dimension Recurrent Gaps Identified Practical Implications

Labeling and annotation
Widespread reliance on NLP-derived labels
without systematic expert auditing or
uncertainty modeling

Shortcut learning, unreliable supervision
signals and poorly calibrated predictions

Validation strategy
Predominant use of single-center or
dataset-specific test splits with limited
external validation

Overestimation of model performance and
limited generalizability across institutions

Performance metrics Overreliance on AUROC as the primary or
sole evaluation metric

Limited clinical interpretability,
insensitivity to class imbalance and
misleading assessment of
decision thresholds

Explainability
Uncritical use of post-hoc saliency methods
(e.g., Grad-CAM) without quantitative or
anatomical validation

False sense of model transparency and
potential failure to detect
confounding-driven predictions

Clinical translation
Scarcity of prospective studies, multi-reader
evaluations and
workflow-level assessments

Low clinical adoption, unclear impact on
diagnostic safety and limited
regulatory readiness
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Data Sources
Public CXR datasets, population bias

Labeling Strategies
NLP-derived, expert, weak, uncertainty-aware

Learning Paradigms
CNNs, SSL, Transformers, VLMs

Evaluation Protocols
Metrics, splits, external validation

Clinical Translation
Interpretability, robustness, readiness

Figure 4. Conceptual pipeline illustrating how data sources, labeling strategies, learning paradigms
and evaluation protocols jointly shape the clinical readiness of AI systems for chest X-ray analysis.

6. Discussion
These inconsistencies underscore the need for structured comparative criteria that ex-

plicitly account for supervision quality, dataset heterogeneity and evaluation design when
interpreting reported performance improvements. The methodological gaps identified
through the CLAIM-guided appraisal provide a structural explanation for these persistent
translational barriers in CXR-AI systems.

One of the most striking insights from the literature is that many of these limitations are
not independent. Weak labels derived from radiology reports, for example, do more than
introduce noise: they actively encourage shortcut learning. Models may latch onto artifacts
such as medical devices, projection markers or acquisition-specific patterns instead of
learning genuine pulmonary pathology. These shortcuts then amplify sensitivity to domain
shift, making performance highly unstable when models are applied across institutions
or imaging systems. Compounding the problem, such failure modes frequently remain
hidden because evaluation protocols tend to prioritize aggregate metrics like AUROC,
while overlooking calibration, external validation, spatial localization accuracy and impact
on clinical workflows.

Recent architectures such as transformer-based models or hybrid convolutional-
attention networks have undoubtedly expanded the representational capacity of CXR-AI.
These approaches are better equipped to capture global context under sufficiently large and
well-curated datasets, where their capacity to model long-range dependencies can translate
into improved sensitivity to diffuse or multi-region abnormalities. However, in smaller or
noisier datasets, their higher representational capacity may amplify annotation bias and
reduce robustness. Yet improved accuracy alone does not resolve deeper questions of trust,
interpretability or safety. Likewise, self-supervised learning has emerged as a powerful
strategy to mitigate label noise and enhance generalization, but its clinical relevance ul-
timately depends on how rigorously these models are evaluated and how consistently
training and testing conditions are reported.
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Another persistent gap lies at the interface between algorithm development and clini-
cal practice. Despite the intended role of AI as a decision-making support tool, relatively
few studies examine its effects on radiologist performance, triage prioritization, diagnos-
tic delays or error reduction. Prospective and multi-center evaluations remain rare and
practical considerations, such as integration with PACS, latency constraints, responsibility
attribution or ongoing monitoring for model drift, are often left unaddressed. Without
attention to these factors, even technically sophisticated models risk remaining confined to
research settings.

An additional conceptual consideration concerns whether current CXR-AI systems
are primarily designed to replicate radiologist-level findings detection or to improve the
radiological workflows. Most of studies emphasizes automated detection and classification
of pulmonary findings, reporting strong discrimination metrics for common abnormalities.
However, these approaches often target tasks that experienced radiologists already perform
reliably, particularly in well-defined clinical scenarios.Alternatively, greater translational
value can be achieved through workflow-oriented improvements, such as structured re-
trieval of relevant clinical context, triage organization, quantification of changes in medical
history and support for structured report writing using multimodal or vision-language
models. Thus, the future of CXR-AI may depend less on marginal gains in finding-level
accuracy and more on its ability to integrate seamlessly into clinical ecosystems. This is of
particular interest in areas with fewer resources or specialists.

From a methodological standpoint, this review should be interpreted within its in-
tended scope. The absence of prospective protocol registration and formal quantitative
risk-of-bias scoring constitutes a limitation, as the review prioritizes methodological syn-
thesis and conceptual integration over evidence hierarchy assessment. While elements of
PRISMA were adopted to enhance transparency in study identification and selection, the
work was not designed as a formal systematic review with quantitative meta-analysis.

Overall, the current landscape reflects a field that has achieved substantial method-
ological sophistication but has yet to fully bridge the translational divide. Progress will
likely require a shift away from narrowly benchmark-driven development toward more
holistic approaches. Robust representation learning must be coupled with confounder-
aware model design, evaluation frameworks that emphasize calibration and generalization
and deployment strategies aligned with real clinical workflows. Only by addressing these
interconnected challenges can CXR-AI systems move from promising prototypes to reliable
tools in routine clinical care.

7. Conclusions and Future Work
This review provides a foundation for understanding the current state of CXR-AI and

identifies critical avenues for future research. Continued interdisciplinary collaboration,
between clinicians, computer scientists, engineers and regulatory experts, will be essential
to translate these technologies into safe, effective and scalable tools for patient care.

Artificial intelligence has transformed the landscape of chest X-ray analysis, enabling
automated detection of pulmonary abnormalities with unprecedented scale and accuracy.
Technological advances, including convolutional networks, transformers, self-supervised
learning and multimodal architectures, have substantially improved model performance
and broadened the scope of CXR-AI applications.

However, challenges remain significant. Label noise, domain shift, shortcut learning,
underrepresented pathologies and fragmented evaluation practices limit the reliability and
clinical applicability of current systems. Future CXR-AI systems should evolve from image-
level classifiers to integrated clinical systems capable of contextual reasoning, temporal
assessments and workflow improvement, especially in high-volume, resource-constrained
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settings. Progress in algorithmic accuracy alone is insufficient. Robust clinical adoption
will require comprehensive evaluation frameworks, high-quality datasets, interpretable
and trustworthy models and seamless integration into radiologist workflows. Thus, the
implementation or use in the real world of these tools must be done carefully and under
strict controls.

Multimodal and vision–language integration represents a key frontier for the future.
Future CXR-AI systems will increasingly incorporate radiology reports, structured clinical
information, vital signs and electronic health records, allowing predictions that reflect richer
clinical context rather than isolated image appearance. VLMs enable flexible prompt-based
querying, support uncertainty-aware reasoning and capture semantic nuances, such as
laterality or chronicity, that are often lost in discrete label taxonomies.

Temporal and longitudinal modeling remain underexplored despite their clinical rele-
vance. Most existing systems treat each radiograph as an independent sample, ignoring the
diagnostic value of prior imaging and temporal disease evolution. Integrating sequential
radiographs and linking them to clinical events could substantially improve diagnostic
accuracy, prognostic modeling and monitoring of chronic or progressive conditions.

Another key point for the next years is the real-world deployment, which will require
substantial progress in domain generalization and adaptation. Equally critical is the
establishment of standardized evaluation protocols and prospective clinical validation
frameworks. Promising directions include domain-invariant feature learning, dynamic
test-time adaptation mechanisms and style randomization techniques designed to minimize
sensitivity to acquisition variability. Successful deployment will require close collaboration
with PACS vendors, hospital IT departments, regulatory bodies and healthcare institutions
to ensure that CXR-AI tools are not only accurate, but also usable, safe and sustainable in
daily practice.
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