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Abstract

Chest X-ray (CXR) imaging remains a widely used diagnostic modality for the detection
of thoracic diseases, including pneumonia, tuberculosis, pleural effusion, lung cancer and
cardiomegaly. Despite the extensive use of CXR examinations in clinical practice, the de-
velopment of robust multi-label artificial intelligence (AI) systems remains constrained by
limitations in dataset availability, annotation consistency and reproducible labeling method-
ologies. Existing public datasets frequently rely on heterogeneous labeling protocols, lim-
ited pathology coverage or annotations that inadequately account for linguistic negation
and uncertainty within radiology reports. In this paper, we introduce MultiCaRe-Thorax, a
curated thoracic benchmark dataset derived from the publicly available MultiCaRe reposi-
tory, with a reproducible negation-aware natural language processing (NLP) framework
for automated generation of multi-label thoracic disease annotations. Unlike existing CXR
benchmarks that are distributed in their pre-curated form, MultiCaRe-Thorax provides a
fully reproducible pipeline from raw case reports to curated dataset, establishing a new
resource that is both scalable and transparent. Our pipeline performs thoracic case identifi-
cation, image-report matching, duplicate removal, data cleaning, disease-specific label ex-
traction and quality-control verification to produce a curated cohort comprising 5252 chest
radiographs from 3415 unique patients. Sixteen clinically relevant thoracic pathologies were
automatically annotated using a dictionary- and pattern-based NLP framework incorporat-
ing explicit negation detection and n-gram mining, achieving 95% accuracy against 500 man-
ually reviewed reports (Cohen’s ¥ = 0.89). Sixteen clinically relevant thoracic pathologies
were automatically annotated using a dictionary- and pattern-based NLP framework incor-
porating explicit negation detection and n-gram mining, achieving 95% agreement against
500 manually reviewed reports. Five ImageNet-pretrained convolutional neural network
(CNN) architectures (ResNet50, DenseNet121, EfficientNetB0, EfficientNetB7 and Incep-
tionV3) with two hybrid ensemble configurations were evaluated under a patient-level data
partitioning protocol. Among individual architectures, DenseNet121 attains the best AUC
on tuberculosis (0.757) and pleural effusion (0.767) with roughly one-third the parameters
of ResNet50, while ResNet50 attains the higher mean AUC across all sixteen pathologies
(0.688 vs. 0.682) and on interstitial lung disease (0.769) and lung mass/cancer (0.777); we
report this as an accuracy—efficiency trade-off rather than a single best architecture. The
DenseNet121-InceptionV3 ensemble achieves the highest reported AUC of 0.821 for lung
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mass/cancer detection. We report 95% confidence intervals for the evaluated ensemble
and remaining backbones and note substantial estimation uncertainty for the rarest classes
(e.g., congenital heart disease, n = 8 test cases). Grad-CAM visualizations were also
employed to provide clinically interpretable explanations of model predictions.

Keywords: chest X-ray; thoracic diseases; multi-label classification; deep learning;
convolutional neural networks; medical imaging; artificial intelligence

1. Introduction

Chest X-ray (CXR) imaging represents the foundational diagnostic modality for detect-
ing thoracic diseases, including pneumonia, tuberculosis, lung cancer, and cardiomegaly,
owing to its wide availability, non-invasive nature, and cost-effectiveness [1-9]. The sheer
volume of CXRs interpreted annually, estimated to reach hundreds of millions world-
wide, underscores their pivotal role in public health and clinical decision-making. Despite
modern advancements in imaging technology, CXR remains indispensable, particularly
for early identification of respiratory diseases, mass screening programs, and resource-
limited environments [10-12]. The diagnostic power of chest radiographs is constrained
by intrinsic challenges. The two-dimensional projection of complex three-dimensional
thoracic anatomy results in overlapping anatomical structures, low soft tissue contrast, and
subtle pathological findings, rendering accurate visual interpretation non-trivial [7,13-17].
Moreover, multiple coexisting thoracic pathologies within a single radiograph introduce
additional complexity, as manifestation patterns frequently overlap among diseases. Given
these factors and reported intra- and inter-observer variability among radiologists [18,19],
the demand for robust, automated, and scalable diagnostic tools has intensified.

Artificial Intelligence (Al), particularly deep learning and convolutional neural net-
works (CNNSs), has rapidly transformed medical image interpretation [20-23]. These
models learn discriminative features directly from pixel data, often matching or surpass-
ing human expert performance in certain diagnostic tasks. Within the Al-driven clinical
paradigm, focus has shifted toward multi-label classification frameworks, as opposed to
traditional single-label or binary classifiers, to better reflect clinical realities where multiple
disease processes commonly coexist within a single radiograph [24].

Despite remarkable progress, current CXR diagnostic systems suffer from substantial
limitations. The majority of existing Al models are optimized for single-label or binary
classification, treating each thoracic disease as an independent task [1,10,25,26]. This
oversimplification fails to account for frequent comorbidities and label dependencies,
ultimately limiting diagnostic accuracy. Manual interpretation remains time-consuming,
labor-intensive, and susceptible to human error and fatigue [27]. In high-volume settings,
this increases report turnaround time and risks missed or delayed diagnoses of critical
diseases [28,29]. Large-scale, expertly annotated multi-label CXR datasets are prohibitively
expensive; consequently, automated labeling leveraging Natural Language Processing
(NLP) techniques to extract disease labels from radiology reports has become standard
practice [1,30-32]. However, many automated annotation pipelines inadequately address
linguistic negation, contextual ambiguity, and uncertainty management, introducing label
noise that can adversely affect downstream model development and evaluation [30-32].

In parallel with advances in Al methodologies, the research community has increas-
ingly recognized the importance of high-quality benchmark datasets. Widely adopted
resources such as ChestX-ray14, CheXpert, PadChest, and MIMIC-CXR have accelerated
progress in thoracic image analysis by enabling standardized evaluation and comparison
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across studies [1,30,32]. Nevertheless, differences in annotation strategies, pathology defi-
nitions, labeling quality, and patient populations continue to complicate direct comparison
among models and limit reproducibility across datasets. The recent release of the Multi-
CaRe dataset provides a new opportunity to investigate chest radiograph analysis within
a contemporary multimodal clinical resource consisting of case reports and associated
medical images spanning multiple anatomical regions and clinical specialties [33,34]. To
date, however, no study has systematically derived, curated, labeled, and benchmarked a
thorax-specific subset from the broader MultiCaRe repository. Three specific gaps motivate
this work. First, no prior study has systematically derived, labeled, and benchmarked a
thorax-specific subset of the MultiCaRe repository. Second, established negation-aware
labelers (e.g., the CheXpert labeler [30], PadChest’s BILSTM pipeline [32]) were developed
for different report styles and are not directly portable to MultiCaRe’s case-report text.
Third, this leaves no benchmarked link between a large, contemporary multimodal case-
report resource and multi-label thoracic disease-classification results. We address these
gaps by (1) curating MultiCaRe-Thorax, (2) developing a negation-aware NLP pipeline
tailored to MultiCaRe’s report structure, and (3) establishing the first multi-architecture
benchmark on this resource, including cross-dataset validation on ChestX-ray14. To address
these limitations, this work introduces MultiCaRe-Thorax, a curated thoracic benchmark
dataset derived from the publicly available MultiCaRe repository [33,34]. The proposed re-
source was constructed through a reproducible multi-stage pipeline involving thoracic case
identification, image-report matching, duplicate detection, data cleaning, quality-control
verification, and automated disease annotation. The resulting dataset comprises 5252 chest
radiographs from 3415 unique patients and provides a dedicated benchmark resource for
multi-label thoracic disease classification.

A second contribution of this work is the development of a reproducible negation-aware
NLP framework for automated generation of disease labels from accompanying clinical case
reports. The framework combines dictionary-based terminology matching, disease-specific
pattern recognition, n-gram mining, and explicit negation detection to generate multi-label
annotations for sixteen clinically relevant thoracic pathologies. By explicitly addressing
linguistic negation and contextual ambiguity, the proposed approach improves annotation
reliability while maintaining scalability for large collections of radiology reports.

Finally, the curated dataset is used to establish the first benchmark study on the
MultiCaRe-Thorax resource through systematic evaluation of five ImageNet-pretrained
CNN architectures (ResNet50, DenseNet121, EfficientNetBO, EfficientNetB7, and Incep-
tionV3) together with hybrid ensemble configurations. Beyond establishing baseline perfor-
mance metrics, the benchmark provides a reproducible foundation for future investigations
involving advanced architectures, multimodal learning frameworks, and explainable Al
methodologies for thoracic disease classification.

The novel contributions of this manuscript are summarized as follows:

1.  We present the first curated thoracic benchmark dataset derived from the MultiCaRe
repository through thoracic case filtering, image-report matching, duplicate analysis,
quality-control verification and dataset cleaning that result in a cohort of 5252 chest
radiographs from 3415 unique patients.

2. We develop a reproducible negation-aware NLP annotation pipeline incorporating
dictionary matching, disease-specific pattern recognition, n-gram mining and explicit
negation handling to generate labels for sixteen thoracic disease categories.

3. We establish the first benchmark study on the MultiCaRe-Thorax dataset through
systematic evaluation of five ImageNet-pretrained CNN architectures and multiple
hybrid ensemble configurations under a patient-level evaluation protocol.
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4. We integrate Grad-CAM visualization to provide transparent and clinically inter-
pretable explanations of model predictions to support future deployment in real-world
diagnostic environments.

5. We release a reusable research resource comprising the curated dataset, preprocessing
pipeline, labeling framework and benchmark results to facilitate future research in
multi-label thoracic disease classification and trustworthy medical Al [35,36].

A distinguishing aspect of our work lies in the derivation of MultiCaRe-Thorax, a cu-
rated thoracic benchmark dataset extracted from the broader MultiCaRe repository [33,34].
Unlike existing benchmark datasets that are distributed in a pre-curated form, the construc-
tion of MultiCaRe-Thorax required a dedicated multi-stage workflow involving thoracic
case identification, image-report alignment, duplicate detection, quality-control verification
and automated disease annotation. To the best of our knowledge, this is the first study to
systematically derive, annotate and benchmark a thorax-focused subset from MultiCaRe.
The resulting dataset and labeling framework establish a reproducible resource for future
research in multi-label thoracic disease classification.

The remainder of this paper is organized as follows. Section 2 details the MultiCaRe-
Thorax dataset, labeling framework, and benchmarking methodology. Section 3 presents
experimental results. Section 4 provides discussion and comparative analysis. Section 5
concludes the paper and outlines future research directions.

1.1. Dataset Annotation and Labeling Methodologies

Label generation for CXR datasets is resource-intensive and technically challenging.
Three principal strategies dominate the field. Manual expert annotation involves radi-
ologist or physician review of images and reports, yielding high-quality gold-standard
label subsets, though typically at small scale [32,37]. Automated NLP-based annotation
dominates public datasets, with NIH ChestX-ray14, CheXpert, and MIMIC-CXR employing
rule-based and deep learning NLP to parse free-text radiology reports into multi-hot label
vectors [1,30]. The CheXpert labeler toolkit combines regular expressions, negation detec-
tion, and uncertainty logic [30], while PadChest utilizes BILSTM attention models for entity
recognition and UMLS mapping [32]. Negation detection has been extensively studied in
clinical NLP, with tools such as NegBio [38] and CheXbert [39] providing sophisticated
negation and uncertainty handling. The NegEx algorithm [40] established the foundation
for negation detection in clinical texts. Hybrid and three-tier validation procedures employ
multi-step approaches: initial annotation followed by peer review and head radiologist
adjudication to ensure clinical validity [30]. Recent work has explored single positive label
learning [41,42] and zero-shot approaches [43,44] to address annotation challenges.

1.2. CNN Architectures and Evaluation Metrics

DenseNet-121 emerged as the de facto backbone standard due to efficient feature reuse,
multi-label support, and lower parameter counts [45,46]. EfficientNet variants [47] have
demonstrated parameter-efficient multi-label learning with competitive AUC scores [48,49].
More recent architectures such as ConvINeXtV2 [49] has shown promise for multi-label CXR
tasks. The community primarily adopts three complementary metrics: AUC-ROC com-
puted per class and averaged, though it may mask poor performance on rare classes [26,50].
Accuracy at a fixed threshold and Hamming loss are also commonly reported [26].

1.3. State-of-the-Art Approaches and Contributions

Tables 1-3 provide comprehensive comparisons of recent multi-label CXR studies
across datasets, architectures, key contributions, and performance metrics.
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Table 1. Multi-label CXR studies, datasets, architectures, and labeling methods.

Reference Study Title Dataset Architecture Labeling
sk L Chlfcaion o Charyts s O
g?);éf) T;T ]1 ’ gTie;ri}ciiCr;ié\iulti-Label Chest X-Ray NIH ChestX-ray14 DenseNet121 Multi-hot encoding
\\/{\?11115(;2‘?){25) [52] ilrrgzlgligent diagnosis model for CXR ChestX-ray14 Custom CNN Sigmoid labeling
Ucan et al. EfficientNet variants for CXR

(2025) [48]

diagnosis

ChestX-ray14

EfficientNetB0-B7

Multi-label BCE

Pillai (2022) [24]

Multi-Label CXR Classification via
Deep Learning

CheXpert extended

Lightweight CNN

Multi-hot encoding

Zhang et al.
(2025) [53]

CorLabelNet Framework for CXR
Classification

CheXpert,
ChestX-ray14

CNN w/
Self-Attention

NLP-extracted rules

Guendel et al.
(2019) [54]

Learning to recognize abnormalities
in chest x-rays with location-aware
dense networks

NIH ChestX-ray14

DenseNet121
(multi-task)

Multi-hot encoding

Oztiirk et al.
(2025) [55]

HydraViT: Adaptive multi-branch
transformer for multi-label disease
classification from Chest X-ray
images

ChestX-ray14

Vision Transformer
(multi-branch,
learned weighting)

Multi-hot encoding

Roy Reena &
Ameer (2024) [56]

Deep learning-based classification
of multi-label chest X-ray images
via dual-weighted metric loss

CheXpert

CNN w/
label-correlation loss

Multi-hot encoding

SynthEnsemble: A fusion of CNN,

Ashraf et al. Vision Transformer, and hybrid CNN + ViT + hybrid . .
(2023) [57] models for multi-label CXR ChestX-ray14 ensemble Multi-hot encoding

classification
Albahli et al Al-driven deep CNN approach for

' multi-label pathology classification =~ ChestX-rayl4 Deep CNN (custom)  Multi-hot encoding

(2021) [58] .

using chest X-rays
Bajwa et al. A generalized deep learning model NIH, CheXpert, SIH CNN (sequential

(2023) [59]

for multi-disease chest X-ray
diagnostics

(multi-site)

multi-site training)

Multi-hot encoding

Thapa & Deep learning-based multi-label : CNN (transfer . .
Kaur (2024) [60] image classification for chest X-rays ChestX-ray14 learning) Multi-hot encoding
Improving multi-label chest X-ray CNN (various

Ge et al. (2020) [61]

disease diagnosis by exploiting
disease and health labels
dependencies

ChestX-ray14

backbones) +
bilinear pooling

Multi-hot encoding

Mohd Redzwan
etal. (2025) [62]

Multi-label convolutional neural
network for multiple diseases
detection in chest radiographs

NIH ChestX-ray14

CNN (transfer
learning vs. scratch)

Multi-hot encoding

Malik et al.
(2022) [63]

BDCNet: multi-classification
convolutional neural network
model for classification of
COVID-19, pneumonia, and lung
cancer

Combined public
CXR sets

Custom
multi-classification
CNN

Multi-class/multi-
hot labeling

Li et al. (2022) [64]

Modeling global and local label
correlation with graph
convolutional networks for
multi-label CXR classification

ChestX-ray14,
CheXpert

CNN + Graph
Convolutional
Network

Multi-hot encoding
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Table 1. Cont.

Reference Study Title Dataset Architecture Labeling
Thorax-Net: an attention

Wang et al. regularized deep neural network for Attention- . .

(2019) [65] classification of thoracic diseases on ChestX-ray14 regularized CNN Multi-hot encoding

chest radiography

Kabir et al.
(2023) [66]

A weakly supervised approach for
thoracic diseases detection

ChestX-ray14

Weakly-supervised
CNN

Multi-hot encoding

Multi-label chest X-ray image

Chen et al. classification via semantic similarity =~ ChestX-ray14 CNN + Graph Multi-hot encoding
(2021) [67] . Embedding
graph embedding
Multi-label local to global learning: CNN
Liu et al. (2023) [68]  anovel learning paradigm for chest ~ ChestX-ray14 (local-to-global Multi-hot encoding
X-ray abnormality classification paradigm)
Label semantic improvement with
. graph convolutional networks for : . .
Cai et al. (2023) [69] multilabel chest X-ray image ChestX-ray14 CNN + GCN Multi-hot encoding
classification
Deep-chest: multi-classification
Ibrahim et al. deep learning model for diagnosing Combined public . .
(2021) [70] COVID-19, pneumonia, and lung CXR sets Custom deep CNN Multi-class labeling
cancer chest diseases
CovXNet: a multi-dilation
Mahmud et al. convolutional neural network for Combined public T . .
(2020) [71] automatic COVID-19 and other CXR sets Multi-dilation CNN - Multi-class labeling

pneumonia detection

Yang et al.
(2023) [72]

Performance improvement in
multi-label thoracic abnormality
classification of chest X-rays with
noisy labels

ChestX-ray14

CNN w/ noisy-label
handling

Multi-hot encoding

Enhancing multi-disease diagnosis

Chen et al. of chest X-rays with advanced Real-world clinical =~ CNN (long-tail Multi-hot encodin
(2023) [73] deep-learning networks in CXR data focused) &
real-world data
Learning hi hical ion f
Ouyang et al weeaali?l;rfu;ziili“s:e(licecth:’[ce)I(lf;z; o CNNw/
’ . o ChestX-ray14 hierarchical Multi-hot encoding
(2020) [74] abnormality localization and .
. . attention
diagnosis
ImageGCN: multi-relational image
Mao et al. graph convolutional networks for Graph . . .
(2022) [75] disease identification with chest ChestX-ray14 Convolutional Multi-hot encoding
Network
X-rays
Minaee et al. Eefrﬁ)_ioygifreii;tmgfgylg_19 Combined public CNN (transfer Multi-class labelin
(2020) [76] om ches y §ES USINE ACCP X R sets learning) class labeling

transfer learning

Kufel et al. [45] presented a transfer learning framework using EfficientNet-B1 fine-tuning
on NIH ChestX-ray14, achieving mean AUC of 84.28% through custom train-validation-test
splitting and binary cross-entropy loss. Hanif et al. [51] fine-tuned DenseNet121 using

temperature-scaled focal ZLPR ranking loss with test-time augmentations, achieving 80.96%

average AUC. Yang and Wu [52] introduced a hierarchical attention CNN achieving weighted
F1 of 0.97 and AUC exceeding 0.94 on ChestX-ray14. Ucan et al. [48] benchmarked EfficientNet
variants achieving 83.09% mean AUC. Zhang et al. [53] (CorLabelNet) achieved state-of-the-art
accuracy (84.5% on ChestX-ray14, 85.3% on CheXpert).
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Table 2. Multi-label CXR studies, key contributions.

Reference

Study Title

Key Contributions

Kufel et al. (2023) [45]

Multi-Label Classification of Chest
X-ray Abnormalities

Custom train/validation split, transfer learning, data
augmentation, Grad-CAM visualization

Hanif et al. (2025) [51]

Enhancing Multi-Label Chest X-Ray
Classification

FZLPR loss with temperature scaling, test-time
augmentation

Yang & Wu (2025) [52]

Intelligent diagnosis model for CXR
images

Custom CNN with multi-stage feature extraction,
learning rate scheduling

Ucan et al. (2025) [48]

EfficientNet variants for CXR
diagnosis

Benchmarked EfficientNet variants, coordinate
attention integration

Pillai (2022) [24]

Multi-Label CXR Classification via
Deep Learning

Extended to 14 classes, demographic metadata
incorporation

Zhang et al. (2025) [53]

CorLabelNet Framework

Correlation-guided label dependency learning,
self-attention, oversampling

Guendel et al. (2019) [54]

Location-aware dense networks

Joint classification-localization objective, patient-wise
data splitting protocol

Oztiirk et al. (2025) [55]

HydraViT

Multi-branch output module (per-label branch +
aggregated branch) with learned weighting;
self-attention for adaptive region focus

Roy Reena & Ameer (2024) [56]

Dual-weighted metric loss

Label-correlation-aware metric loss, 5-fold
cross-validation on CheXpert

Ashraf et al. (2023) [57]

SynthEnsemble

Fusion of CNN, ViT, and hybrid backbones into a single
ensemble classifier

Albahli et al. (2021) [58]

Al-driven deep CNN approach

Custom deep CNN pipeline evaluated across multiple
pathology subsets

Bajwa et al. (2023) [59]

Generalized multi-disease
diagnostics

Sequential cross-site training across three independent
hospital datasets to test generalizability

Thapa & Kaur (2024) [60]

Multi-label image classification

Transfer-learning-based CNN pipeline for multi-label
CXR classification

Ge et al. (2020) [61]

Exploiting label dependencies

Introduced Multi-label Softmax Loss (MSML) and
Correlation Loss (CorLoss); bilinear pooling for
fine-grained discrimination

Mohd Redzwan et al. (2025) [62]

Multi-label CNN for chest

Compared transfer-learning vs. random-initialization

radiographs strategies for multi-pathology detection
Unified multi-classification framework distinguishing
Malik et al. (2022) [63] BDCNet COVID-19, pneumonia, and lung cancer from a single

CNN

Li et al. (2022) [64]

Global/local label correlation via
GCN

Combined global and local label-dependency modeling
using graph convolutional networks

Wang et al. (2019) [65]

Thorax-Net

Attention regularization mechanism to focus network
capacity on diagnostically relevant thoracic regions

Kabir et al. (2023) [66]

Weakly supervised thoracic disease
detection

Weak-supervision framework reducing reliance on fully
annotated bounding-box data

Chen et al. (2021) [67]

Semantic similarity graph
embedding

Graph-embedding representation of label semantic
relationships for multi-label CXR classification

Liu et al. (2023) [68]

Local-to-global learning

Novel learning paradigm progressing from local lesion
features to global disease context

Cai et al. (2023) [69]

Label semantic improvement via
GCN

GCN-based refinement of label semantics to improve
multi-label discrimination

Ibrahim et al. (2021) [70]

Deep-chest

Unified multi-classification pipeline distinguishing
COVID-19, pneumonia, and lung cancer

https://doi.org/10.3390/jimaging12100484


https://doi.org/10.3390/jimaging12100484

J. Imaging 2026, 12, 484

8 of 43

Table 2. Cont.

Reference

Study Title

Key Contributions

Mahmud et al. (2020) [71]

CovXNet

Multi-dilation convolutional design with transferable
multi-receptive feature optimization

Yang et al. (2023) [72]

Noisy-label robustness

Techniques for improving multi-label classification
performance under noisy label conditions

Chen et al. (2023) [73]

Real-world multi-disease diagnosis

Advanced deep-learning network evaluated on
real-world, long-tailed clinical data

Ouyang et al. (2020) [74]

Hierarchical attention

Weakly-supervised hierarchical attention for joint
localization and diagnosis

Mao et al. (2022) [75]

ImageGCN

Multi-relational graph convolutional modeling of
inter-image and inter-label relationships

Minaee et al. (2020) [76]

Deep-COVID

Transfer-learning-based CNN pipeline evaluated for
COVID-19 detection from CXR

Table 3. Multi-label CXR studies, performance metrics and results.

Reference Study Title Metrics Results
Multi-Label CXR Mean AUC: 84.28%; up to 90% for
Kufel et al. (2023) [45] Abnormalities AUC-ROC (per class) select pathologies

Hanif et al. (2025) [51]

Improved Ranking Loss

AUC (per class)

Avg. AUC: 80.96% with test-time
augmentation

Yang & Wu (2025) [52]

Intelligent diagnosis

Accuracy, Sensitivity,

Acc: 93.5%; Sens: 92.1%; Spec:

model Specificity 94.7%
Ucan et al. (2025) [48] EfficientNet variants Mean AUC CoordAtt-EffNetB7: 83.09%
Pillai (2022) [24] gleaesf;i%i‘z;"?()‘;‘g CXR Accuracy, AUC Avg. AUC: 78.2%; Acc: 85.4%
Zhang et al. (2025) [53] CorLabelNet Mean AUC §5h gz/tX—raylélz 84.5%; CheXpert:
Guendel et al. (2019) [54] Eg:;tol(slr(ls-aware dense Mean AUC Mean AUC: 80.7% (14 pathologies)
+1.9% AUC/—5.3% MAE vs.
attention-guided; +2.1%
Oztiirk et al. (2025) [55] HydraViT Sa’zg].ieﬁ)l\dAE (vs. AUC/—8.3% MAE vs.
region-guided; +2.0% AUC/—6.5%
MAE vs. semantic-guided methods
Roy Reena & Ameer (2024) [56] E)E:l'welghted metric F1, AUC F1: 44.6%; AUC: 76.5% (CheXpert)
Ensemble outperformed individual
Ashraf et al. (2023) [57] SynthEnsemble Accuracy, AUC CNN/ViT baselines (ChestX-ray14)
. Reported competitive multi-label
Albahli et al. (2021) [58] aAI_Cin:e}? deep CNN Accuracy, AUC classification performance on
pproac ChestX-ray14
Demonstrated generalized
Generalized prediction performance across NIH,

Bajwa et al. (2023) [59]

Cross-site AUC

multi-disease diagnostics

CheXpert, and SIH held-out test
sets

Thapa & Kaur (2024) [60]

Multi-label CXR
classification

Accuracy, AUC

Reported competitive performance
using transfer-learning CNN
backbone

https://doi.org/10.3390/jimaging12100484
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Table 3. Cont.

Reference

Ge et al. (2020) [61]

Study Title Metrics Results

Reported consistent AUC gains
Exploiting label Backbone-relative AUC over baseline backbones using
dependencies improvement MSML and CorLoss on

ChestX-ray14

Mohd Redzwan et al. (2025) [62]

Reported competitive
Accuracy, AUC multi-pathology detection
performance on ChestX-ray14

Multi-label CNN for
chest radiographs

Malik et al. (2022) [63]

High multi-class accuracy
BDCNet Accuracy distinguishing COVID-19,
pneumonia, and lung cancer

Li et al. (2022) [64]

Improved mean AUC over baseline
Mean AUC CNNs via combined
label-correlation modeling

Global/local label

correlation

Wang et al. (2019) [65]

Outperformed baseline CNNs via
Thorax-Net Mean AUC attention-regularized training on
ChestX-ray14

Weakly supervised Competitive detection performance

Kabir et al. (2023) [66] detection Accuracy, AUC with reduced annotation
requirements
Chen et al. (2021) [67] Semantic similarity Mean AUC Improved mean AUC over baseline

graph embedding CNNs on ChestX-ray14

Liu et al. (2023) [68]

Outperformed prior single-scale

Local-to-global learning ~ Mean AUC baselines on ChestX-ray14

Cai et al. (2023) [69]

Label semantic Mean AUC Improved multi-label AUC via
improvement via GCN GCN-based label semantics

Ibrahim et al. (2021) [70]

High multi-classification accuracy
Deep-chest Accuracy across COVID-19, pneumonia, and
lung cancer

Strong detection accuracy for

Mahmud et al. (2020) [71] CovXNet Accuracy COVID-19 and other pneumonia
types
Demonstrated improved

Yang et al. (2023) [72] Noisy-label robustness AUC (under noisy labels)  robustness to label noise on

ChestX-ray14

Chen et al. (2023) [73]

Improved performance on
AUC, F1 long-tailed, real-world clinical CXR
data

Real-world multi-disease
diagnosis

Ouyang et al. (2020) [74]

Competitive weakly-supervised
Hierarchical attention Mean AUC localization and classification
performance

Mao et al. (2022) [75]

Improved disease identification via

ImageGCN Mean AUC relational graph modeling

Minaee et al. (2020) [76]

High sensitivity /specificity for
Deep-COVID Sensitivity, Specificity COVID-19 detection via transfer
learning

1.4. Vision Transformers in Medical Imaging

The Vision Transformer (ViT) [77] offers a contrasting paradigm to CNNSs: images
are partitioned into patches, embedded, and processed via multi-head self-attention, en-
abling global interactions from the first layer. Touvron et al. [78] introduced DeiT, using
CNN distillation for data efficiency. Liu et al. [79] proposed the Swin Transformer with
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shifted windows, which has been widely adopted in medical image segmentation [80]
and classification [81]. Chen et al. [82] showed ViT encoders capture rich CT/MRI fea-
tures via TransUNet. Steiner et al. [83] confirmed large-scale pre-training is critical for
small-data transfer.

Park et al. [84] compared ViT-B/16, ViT-L/16, and DeiT against DenseNet-121 on
ChestX-ray14, finding that ImageNet-21k initialization narrows the gap under matched
protocols. However, they noted that ViT variants still underperformed DenseNet-121 on
several pathologies when evaluated under patient-level splits. Chen et al. [85] recently
showed that ensemble approaches combining DenseNet and Swin Transformer can improve
chest X-ray classification performance. Kim [86] proposed effective fusion of multi-view
features using transformers for long-tailed chest X-ray classification. Naseer et al. [87] iden-
tified intriguing properties of vision transformers, including their ability to capture global
context and their sensitivity to patch size and positional encoding. Tuli et al. [88] compared
CNNs and transformers from a human vision perspective, finding that transformers exhibit
more global processing while CNNs rely on local texture features.

These advances highlight the complementary strengths of CNNs and transformers,
motivating future benchmark extensions on datasets such as MultiCaRe-Thorax.

1.5. Foundation Models and Self-Supervised Learning

Recent advances in self-supervised and foundation models have demonstrated
promise for medical imaging. CheXzero [44] achieved expert-level detection from unanno-
tated CXR images using contrastive learning with paired reports, performing on par with
human radiologists on an external validation set [44]. Self-supervised pretraining strategies
for CXR have shown improved performance on downstream tasks with limited labeled data.
For example, CheSS (Chest X-Ray Pre-trained Model via Self-supervised Contrastive Learn-
ing) demonstrated a 28.5% increase in accuracy on a 6-class classification task compared to
training from scratch, and an 11.4% increase in mean AUC on CheXpert when using only
1% of labeled data [89]. DINO-CXR, a vision-transformer-based self-supervised method
adapted from DINO, has shown effectiveness for pneumonia and COVID-19 detection, out-
performing state-of-the-art methods in accuracy while requiring significantly less labeled
data [90]. More recently, foundation models such as MaCo (Masked Contrastive Chest
X-ray Foundation Model) have been introduced, leveraging masked contrastive learning
to achieve fine-grained image understanding and zero-shot learning across multiple tasks
including classification, segmentation, and detection [91]. Diffusion-based augmentation
has also been explored to address data scarcity and class imbalance. Huijben et al. [92]
showed that denoising diffusion probabilistic models can generate realistic synthetic chest
X-rays for multi-label classifier training, increasing overall sensitivity from 0.02 to 0.59 on
imbalanced data. Baek and Shin [93] proposed Counterfactual Variational autoencoder
Augmentation (COVA), a lightweight pipeline that synthesises realistic tail-class exam-
ples via latent-space editing, lifting average AUROC from 0.799 to 0.840 on a 14-label
long-tailed benchmark. Beyond augmentation, label co-occurrence relationships have been
explicitly modelled using graph convolutional networks to improve multi-label CXR clas-
sification [31]. Concurrently, advanced representation learning techniques have explored
cross-domain alignment and decoupling in non-medical vision tasks. Zhou et al. [94]
proposed Turbidity—Similarity Decoupling for robust visual recognition under challeng-
ing imaging conditions, while Zhou et al. [95] introduced a Decouple-Then-Synergize
framework for RGB-T urban scene parsing. In the domain of defect detection, RCNet [96]
demonstrated dual-network resonance collaboration for RGB-D road defect detection, and
LSINet [97] presented a lightweight scope integration network for rail surface inspection.
While developed primarily for general computer vision or specific non-medical applica-
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tions, the principles of mutual learning, collaborative reasoning, and semantic alignment
provide a methodological blueprint for improving rare-disease robustness and multimodal
reasoning in chest X-ray classification, representing natural extensions for future work on
MultiCaRe-Thorax. While these approaches were not evaluated in our benchmark due
to their computational cost and our focus on establishing CNN baselines, they represent
promising directions for extension.

2. Methodology
2.1. System Overview

Figure 1 illustrates the complete end-to-end pipeline of the proposed framework, en-
compassing dataset curation, automated label extraction, preprocessing, multi-architecture
training, and evaluation with Grad-CAM interpretability.

Phase 1: Data Curation & Labeling

( N0 Ww . e | (o )
MultiCaRe Thora?( rfware szﬂ:::mg _ P?;Tt:t:-;l-ﬁ?;d |
\ Dataset | Subset Filter | NLP Labeling mentation K sp

—

Madel 5 CNN Hybrid AUC-ROC Grad-CAM
Training Backbones | Ensembles + Accuracy | | Visualization

.
Phase 2: Model Training & Evaluation

Figure 1. End-to-end framework pipeline. Phase 1 (top row): dataset curation, thorax subset
extraction, negation-aware NLP label generation (Equations (1)—(3)), image preprocessing and aug-
mentation (Equations (4)-(6)), and patient-level data splitting (Equation (7)). Phase 2 (bottom row):
multi-architecture training across five CNN backbones, hybrid ensemble construction (Equation (10)),
quantitative evaluation (AUC-ROC, accuracy), and Grad-CAM interpretability analysis.

2.2. MultiCaRe-Thorax Dataset Description

The proposed MultiCaRe-Thorax dataset was derived from the publicly available
MultiCaRe repository, a large-scale collection of clinical case reports and associated medical
images spanning multiple anatomical regions and imaging modalities [33,34]. The curated
thoracic subset (5252 images, 3415 patients) was extracted from a MultiCaRe repository
comprising over 139,000 images across all anatomical regions and specialties [33]. While
MultiCaRe was originally designed as a multimodal clinical resource, no dedicated tho-
racic benchmark subset has previously been established. To create a resource suitable for
multi-label thoracic disease classification, only chest radiographs and associated thoracic
case reports were retained through a dedicated curation process. The resulting dataset
contains 5252 chest X-ray images originating from 3415 unique patients and encompasses
sixteen clinically relevant thoracic disease categories. Labels were automatically generated
from accompanying clinical reports using the proposed negation-aware NLP framework
described in Section 2. Unlike many publicly available chest radiograph datasets that rely
on fixed annotations, MultiCaRe-Thorax provides a fully reproducible pipeline for dataset
construction, disease label generation, and benchmark evaluation.

2.3. Dataset Curation

The publicly available MultiCaRe dataset [33,34] was queried to derive a dedicated
thoracic benchmark subset suitable for multi-label disease classification. Because the
original repository contains medical images and case reports spanning multiple anatomical
regions and specialties, a dedicated filtering and quality-control process was required.
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Dataset curation consisted of four primary stages. First, the original manifest linking image
filenames, patient identifiers, and accompanying clinical reports was reviewed to identify
thoracic imaging studies. Second, records corresponding to chest radiographs were retained
while non-thoracic cases and ambiguous anatomical assignments were excluded. Third,
duplicate image entries were identified and consolidated to prevent repeated samples
from influencing downstream model development and evaluation. Finally, the cleaned
dataset manifest was adopted as the definitive source for automated label generation,
image preprocessing, and patient-level data partitioning.

2.4. Disease Category Selection

The sixteen thoracic disease categories were selected based on three criteria: (1) clinical
prevalence (most common diagnostic targets in routine CXR interpretation), (2) repre-
sentation in MultiCaRe (sufficient positive cases for training/evaluation), and (3) clinical
priority (diseases where early detection significantly impacts outcomes, e.g., lung cancer,
tuberculosis). This selection aligns with established benchmarks such as ChestX-ray14 [1]
and CheXpert [30].

2.5. Automated Multi-Label Extraction from Case Texts

To enable scalable multi-label supervision, a dictionary- and pattern-based NLP
pipeline was implemented incorporating negation handling and n-gram mining. Figure 2
illustrates the label-extraction workflow.

Radiology Report Text

[

Tokenization &
Stopword Removal

|

Dictionary Matching
(Synonyms + Regex)

— Negation . .

-
T~ cuein window?
)/ ™~ _,..f-f""\“o\
( Label = 0 Label = 1
(Negative) (Positive)

7 "
Uncertain modifier?
— Preserve candidate J

([ Multi-hot Label Vec- |
tory € (0,1}

Figure 2. Negation-aware NLP label-extraction pipeline. Each radiology report is tokenized, matched
against the disease dictionary, and subjected to a fixed-window negation check (Equation (2)) before
producing a binary label assignment (Equation (1)). N-gram candidate mining (Equation (3)) supple-
ments the dictionary for out-of-vocabulary terms. A worked example: for the sentence “No evidence
of pleural effusion is observed,” the negation detector scans the 50-character window before “pleural
effusion,” detects the cue “No evidence of,” and assigns ypg = 0.
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2.5.1. Label Definition and Handling of Unmentioned Diseases

A critical distinction in clinical NLP labeling is the treatment of unmentioned dis-
eases. We adopted the following three-state mapping, consistent with established CXR
benchmarks [30,32]:

1. Positive (y, = 1): The disease is explicitly mentioned in an affirmative context
(e.g., “pneumonia is present”, “diagnosed with tuberculosis”).

2. Negative (y, = 0): The disease is explicitly negated (e.g., “no evidence of pleural
effusion”) OR the disease is not mentioned at all in the report.

a7

3. Uncertain/Excluded: Ambiguous phrases such as “possible pneumonia”, “cannot
exclude tuberculosis”, “suspicious for”, “history of”, or “previous” disease were
excluded from the dataset, as the ground-truth presence/absence at the time of the

current imaging study cannot be reliably determined.

This exclusion process yielded the final cohort of 5252 images. The multi-label
output is
y=[....y] €{01}", L=1s, 1)

where y, = 0 indicates either explicit negation or no mention (both treated as absence).

Negation Detection

For each candidate mention at character position p, a fixed lookback window W is
checked for negation cues:

0, Jcue € N s.t.cue C text[p—W : p],
Yo = , 2)
1, otherwise,

where N = {“no”, “without”, “absence of”, “ruled out”, ...} and W = 50 characters.

N-Gram Candidate Mining

After domain-specific stopword removal, candidate phrases are scored by frequency:
Cn = {g € n-grams(D) | freq(g) > 6.}, 3)
with the frequency thresholds 6; = 10 (unigrams), 6, = 8 (bigrams), and 63 = 5 (trigrams).

2.5.2. Robustness to Complex Negations

To evaluate the fixed 50-character lookback window against syntactically complex
radiology phrasing, we curated 100 hard-negative sentences (e.g., “No evidence of pneumo-
nia, although findings suggest possible pleural effusion”; “No focal consolidation; however,
pneumonia cannot be completely excluded”; “History of tuberculosis without current evi-
dence of active disease”). The pipeline correctly resolved all labels for 94 out of 100 cases.
For the 6 misclassified cases, the primary negation cue (e.g., “No evidence of”) fell outside
the 50-character window due to long intervening subordinate clauses. Table 4 provides
representative examples. This confirms that the fixed window is highly effective on com-
plex structures (94% accuracy), while suggesting that a dynamic window or a contextual
transformer-based model (e.g., BioBERT) could recover the remaining 6%.
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Table 4. Evaluation of the 50-character window on complex negation patterns.

Complex Sentence Example Pipeline Output Correct?

“No evidence of pneumonia, although findings suggest possible pleural effusion.”  PE =1, Pneumonia = 0 Yes

“No focal consolidation; however, pneumonia cannot be completely excluded.” Pneumonia = 0 (Excluded) Yes

“History of tuberculosis without current evidence of active disease.” TB=0 Yes

“Opacity in the right base, but no definite pneumothorax is seen.” Pneumothorax = 0 Yes

“Ruled out heart failure, yet mild pulmonary edema persists.” CHF =0, Edema =1 Yes

“Possible bronchitis, though no acute infiltrates are present.” Bronchitis = 0 (Excluded) No (flagged as uncertain)

2.6. NLP Parameter Sensitivity Analysis

To justify these choices, we performed a sensitivity analysis on the validation set.
Table 5 reports the impact of the negation lookback window W and n-gram frequency
thresholds 61, 6, 63 on label-extraction precision, recall, and F1-score.

Table 5. NLP parameter sensitivity: impact on label-extraction F1-score (validation set).

Parameter Value Precision Recall F1
25 0.90 0.87 0.88
50 0.94 0.92 0.93
Lookback W 75 0.93 0.91 0.92
100 0.92 0.90 091
5 0.90 0.88 0.89
N-gram 6 10 0.94 0.92 0.93
20 0.93 0.90 0.91
5 0.91 0.89 0.90
N-gram 6, 8 0.94 0.92 0.93
15 0.92 0.90 0.91

3 0.92 0.90 0.91
N-gram 03 5 0.94 0.92 0.93
10 0.93 0.91 0.92

Bold indicates the highest F1 score within each parameter group.

The 50-character window and thresholds 6; = 10, 6, = 8, 63 = 5 balance precision
and recall.

To assess annotation quality, 500 reports were randomly selected for manual review.
Disagreements were adjudicated, yielding a Cohen’s k¥ = 0.89 inter-rater agreement. The
class-wise distribution of this gold-standard set is provided in Table 6. The NLP pipeline
achieved 95% agreement (Table 7), confirming that the negation-aware rules reliably capture
the intended disease labels.

Table 6. Class-wise distribution of the 500 manually reviewed reports (Gold Standard Set).

Pathology N (Positive) N (Negative)
Pneumonia 85 415
Pleural Effusion 78 422
Tuberculosis 42 458
Atelectasis 25 475
Pneumothorax 38 462
Cardiomegaly 18 482
Pulmonary Edema 19 481
Lung Mass/Cancer 14 486
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Table 6. Cont.

Pathology N (Positive) N (Negative)
Interstitial Lung Disease 8 492
Bronchitis 4 496
Emphysema 16 484
COVID-19 32 468
Congestive Heart Failure 7 493
Heart Failure 29 471
Congenital Heart Disease 3 497
Asthma 21 479

Table 7. NLP label extraction performance against manual review (n = 500 reports). Gold-standard
annotations were independently provided by two board-certified radiologists, with disagreements
adjudicated by a senior radiologist (Cohen’s ¥ = 0.89 inter-rater agreement).

Metric Micro-Avg Macro-Avg Overall
Precision 0.94 0.91 -
Recall 0.92 0.89 -
F1-score 0.93 0.90 -
Accuracy - - 0.95

2.7. Image Preprocessing and Augmentation

Images were resized to backbone-specific input dimensions and normalized to [0, 1]:

F_ I 7 HxWx3
I=5 Tefo] . (4)

To mitigate class imbalance, positive examples from minority classes were oversam-
pled by adding Gaussian noise,

Laug = clip(I + - A'(0,1) x 255, 0, 255), )

with noise factor o = 0.05, followed by renormalization to [0, 1].
The required number of augmented samples for class ¢ is

Ag:mjax(Nj*)—N;, (=1,...,L, (6)

where N/ is the positive count for class £ in the training split. The pipeline cycles through
available positives to generate A, noisy oversamples.

2.8. Data Splitting and Generators

Patient-level splitting prevents information leakage across partitions:
D = Dyain U Dyar U Dtest,  Ptrain N Prest = &, ()

where P denotes the set of patient identifiers in each partition. Split proportions are
| Drest| = 0.30 |D|, | Dyal| = 0.07 |D|, and |Dirain| = 0.63 | D|, with fixed random seed 42.

2.9. Model Architectures and Training Details

Five ImageNet-pretrained backbones were evaluated: ResNet50, DenseNet121, Effi-
cientNetBO0, EfficientNetB7, and InceptionV3. Each shared a common classification head:

f(x) = o Wi - GAP(Dropouty (¢ (x))) +b), 8)
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where ¢(-) denotes the backbone feature extractor. Note that all convolutional layers of ¢
were unfrozen and fully fine-tuned end-to-end from their ImageNet initializations; only
the custom classification head was randomly initialized, and no staged freezing schedule
was employed, GAP is global average pooling, and ¢ is the element-wise sigmoid function
producing per-class probabilities p € (0,1)". Figure 3 illustrates the unified model head
architecture applied to each backbone.

Input Image (H X W X 3)

.
Pretrained Backbone

(weights from ImageNet)
-
p .

Feature Map F € RP>WXC
.
1 Global AveragePooling2D

thwa — RC

~

[ Dropout (p = 0.3)

Dense(L, sigmoid)
peODE L =16

Figure 3. Unified classification head applied to each backbone. The backbone feature map is globally
pooled, regularized via dropout, and projected to L = 16 sigmoid outputs representing independent
per-class probabilities.

Input image sizes for the pretrained backbones are listed in Table 8.

Table 8. Input image sizes for different pretrained backbones.

Backbone Input Shape
ResNet50, DenseNet121, EfficientNetB0 224 x 224 x 3
InceptionV3 299 x 299 x 3
EfficientNetB7 380 x 380 x 3

Training Protocol and Hyperparameters
The following configuration was applied uniformly across all backbones:
*  Optimizer: Adam (81 = 0.9, B2 = 0.999).
e Initial learning rate: 7 = 1 x 107,
¢ Scheduler: ReduceLROnPlateau (factor 0.5, patience 5 epochs).
e Weight decay: 5 x 1074,
*  Batch size: 16.
*  Epochs: 100 with early stopping (patience 15 on validation loss);
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* Backbone fine-tuning: All convolutional layers were fine-tuned (unfrozen) from
ImageNet initialization; the classification head was randomly initialized.

*  Model selection: Checkpoint with lowest validation loss was used for testing.

¢ Random seeds: Fixed seed 42 for splitting; training repeated with seeds 42, 43, 44 for
top models; reported results are from seed 42.

e Hardware: NVIDIA A100 40GB GPU (NVIDIA Corporation, Santa Clara, CA, USA).

. Software: Python 3.10, PyTorch 2.0.1, torchvision 0.15.2, MONAI 1.1.0.

All code and configuration files are publicly available at https://github.com/NOUR-
ABU-JASSAR/thoracic-multilabel-multicare (accessed on 27 September 2026).
The training objective is binary cross-entropy applied independently across all L labels:

1
LBcE = N

™M=

L
Y |vielog pic + (1 = yir) log(1 — i), ©)
(=1

Il
—_

where N is the mini-batch size.
Trainable parameter counts for each backbone are reported in Table 9.

Table 9. Trainable parameter counts for the evaluated CNN backbones (with custom classification head).

Architecture Trainable Parameters
ResNet50 23,587,712
DenseNet121 7,037,504
EfficientNetB0 5,288,548
EfficientNetB7 66,347,932
InceptionV3 27,200,000

2.10. Hybrid Ensemble Construction

Hybrid ensemble predictions are formed by averaging the sigmoid outputs of two or
more backbone models:

1 M
=n 2" 10

where M is the number of constituent models and p(") € (0,1)F is the output of the m-th
backbone. Final binary predictions are obtained by thresholding:

9o =1p, > 1], T=05. (11)

2.11. Evaluation Metrics
2.11.1. AUC-ROC

For each class ¢, the Receiver Operating Characteristic curve is traced by varying ©
over [0,1]. The area under this curve is

1
AUC, = / TPRZ(FPRzl(t))dt, (12)
JO
where TPR, = % and FPR, = W The mean AUC is
— 1 &
AUC = I Z AUC,. (13)
(=1
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2.11.2. Per-Class Accuracy
At threshold T = 0.5,

TP, + TN,
TP, + TN, + FP, + FN,’

Accy = (14)

2.11.3. Class-Specific Threshold Optimization

Rather than a fixed T = 0.5, we optimized per-class thresholds on the validation
set to maximize F1, then evaluated on the test set. Table 10 reports the optimal per-class
thresholds and corresponding test F1 scores for DenseNet121.

Table 10. Optimal per-class thresholds and corresponding test F1 scores (DenseNet121).

Pathology Topt  Test F1 (Fixed 0.5) Test F1 (Optimized) A F1

Tuberculosis 0.47 0.438 0.452 +0.014
Pleural effusion 0.44 0.481 0.498 +0.017
Lung mass/cancer 0.38 0.512 0.535 +0.023
Congenital heart disease ~ 0.32 0.421 0.458 +0.037

Optimized thresholds substantially improve F1 for rare classes (Figure 4), indicating
that a fixed 0.5 threshold underestimates performance.

Binary decision threshold

0 1
Negative Positive

b
x Adjust per class

balance precision/recall

Figure 4. Illustration of the binary decision threshold T = 0.5 applied to sigmoid model outputs.
Predictions above the threshold are classified as positive; those below as negative.

2.12. External Validation on ChestX-ray14

To enable controlled comparison with prior literature and assess generalizability, we
applied our exact DenseNet121 and ResNet50 training protocols (patient-level splitting,
Gaussian augmentation, BCE loss) to the public ChestX-ray14 dataset (Table 11).

Table 11. Cross-dataset validation results on ChestX-ray14.

Model Dataset Mean AUC Protocol

DenseNet121 (ours) ChestX-ray14 0.841 Patient-level split
ResNet50 (ours) ChestX-ray14 0.832 Patient-level split
InceptionV3 (ours) ChestX-ray14 0.838 Patient-level split
EfficientNetB7 (ours) ChestX-ray14 0.829 Patient-level split
Kufel et al. [45] ChestX-ray14 0.843 Patient-level split
DenseNet121 (ours) MultiCaRe-Thorax 0.682 Patient-level split
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Our reproduced performance is highly consistent with prior work (0.841 vs. 0.843).
The substantially lower AUC on MultiCaRe-Thorax reflects a more challenging task (16
pathologies vs. 14), different report style (case reports vs. structured notes), and stricter
patient-level evaluation. This cross-dataset validation confirms that our pipeline is not
inherently inferior; it establishes a genuinely harder benchmark.

2.13. Model Calibration and Uncertainty Quantification

To assess reliability of predicted probabilities, we computed the Expected Calibration
Error (ECE) with M = 10 equal-width bins (Table 12):

M
ECE = 2 ‘B—I\';Macc(Bm) — conf(By,)|. (15)
m=1

Table 12. Expected Calibration Error (ECE) and Brier Score for evaluated models. Lower is better.

Model Mean ECE Brier Score ECE (Bronchitis) ECE (CongHD)
ResNet50 0.087 0.089 0.105 0.118
DenseNet121 0.083 0.086 0.102 0.114
InceptionV3 0.095 0.092 0.112 0.121
Hybrid DN+IV3 0.078 0.080 0.098 0.109

All models show ECE < 0.10, indicating reasonable calibration. Hybrid ensembles
improve calibration over single architectures.

2.14. Quantitative Localization Analysis

For 100 cases with radiologist-annotated bounding boxes, we evaluated Grad-CAM
localization using Intersection over Union (IoU) between the thresholded heatmap (50% of
max) and ground-truth bounding box (Table 13).

Table 13. Quantitative localization performance of Grad-CAM heatmaps.

Pathology N Mean IoU Accuracy (IoU > 0.5)
Pneumonia 32 0.48 0.56
Pleural effusion 28 0.52 0.61
Tuberculosis 22 0.55 0.64
Lung mass/cancer 18 0.51 0.59

Grad-CAM provides moderate localization accuracy, supporting its utility as an inter-
pretability tool while indicating room for improvement.

2.15. Combined Augmentation Strategy

We evaluated a combined strategy applying both Gaussian noise and spatial trans-
forms (flips, rotations, translations) for the four rarest pathologies (Table 14).

Table 14. AUC-ROC for rare pathologies under different augmentation strategies.

Pathology None Gaussian Spatial Combined
Interstitial Lung Disease 0.687 0.723 0.742 0.751
Bronchitis 0.601 0.630 0.641 0.648
Congestive Heart Failure 0.612 0.633 0.651 0.658
Congenital Heart Disease 0.631 0.662 0.669 0.675
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Combined augmentation yields modest additional gains (0.4-0.9 AUC points) over
spatial augmentation alone.

2.16. Subgroup Fairness and Bias Assessment

Although MultiCaRe-Thorax does not contain explicit patient demographics (age,
sex, race/ethnicity) in its structured metadata, we performed a protocol-based subgroup
analysis using two available proxies: (1) Acquisition View (AP vs. PA) and (2) Implied Age
Category derived from case-report keywords (“pediatric”, “elderly”, “adult”). Table 15
presents the mean AUC for the DenseNet121 model across these subgroups. The 0.030
AUC gap between AP and PA views indicates a slight bias toward standardized projections
(likely due to cardiac magnification in AP views), while the 0.022 age-group gap is within
acceptable clinical variance. This establishes a reproducible fairness protocol for future
demographic metadata integration.

Table 15. Subgroup fairness analysis (Mean AUC across all 16 pathologies) for DenseNet121.

Subgroup N (Images) Mean AUC 95% CI

AP View 187 0.665 [0.641, 0.689]
PA View 135 0.695 [0.672,0.718]
Pediatric (implied) 42 0.678 [0.650, 0.706]
Adult (implied) 280 0.700 [0.681, 0.719]

2.17. Grad-CAM Interpretability

Gradient-weighted Class Activation Maps (Grad-CAM) are generated for qualitative
inspection. For a class ¢ and the last convolutional layer with feature maps A% € R
(k=1,...,K),

1 0S¢
ap = 7 ZZ SAF (16)
i g ij
where S¢ is the class score and Z = & - w is a normalization factor. The Grad-CAM
heatmap is

HE = ReLU(Z a,ﬁAk>. (17)
k

H¢ is upsampled to the input resolution and overlaid on the original image with blending
factor apjeng = 0.4

Ljis = (1 - D‘blend) I+ &plend - COlormap(Hc)‘ (18)
Heatmaps are computed for all classes with predicted probability p, > 0.5.

3. Results
3.1. Label Distribution Analysis

Figure 5 illustrates the label co-occurrence heatmap, revealing clinically coherent
disease associations. Figure 6 shows the distribution of images across disease classes, with
significant class imbalance evident (Table 16).

Figure 7 demonstrates the distribution of multiple labels per image, supporting the
multi-label classification approach. Figure 8 presents the top 10 most frequent label pairs,
highlighting common comorbidities.
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Figure 5. Label co-occurrence heatmap. Entry (i, j) encodes the normalized co-occurrence frequency
of pathology i and pathology j across the dataset, revealing clinically coherent associations (e.g., pleu-
ral effusion—congestive heart failure, pneumonia-bronchitis).
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Figure 6. Distribution of images per disease label, illustrating class imbalance addressed through
Gaussian noise-based augmentation (Equation (5)).
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Distribution of Number of Labels per Image
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Figure 7. Distribution of number of labels per image (|y|;), validating the multi-label problem
formulation (Equation (1)): the majority of images carry two or more co-occurring pathologies.
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Figure 8. Top 10 most frequent label pairs, demonstrating clinically relevant disease co-occurrence
patterns in the MultiCaRe thorax subset.

Table 16. Per-class image counts after patient-level splitting and training augmentation.

Pathology Train (Orig.) Train (Aug.) Val. Test
Pneumonia 449 449 50 214
Pleural effusion 445 449 50 212
Atelectasis 154 449 17 73
Pneumothorax 232 449 26 111
Cardiomegaly 107 449 12 51
Pulmonary edema 113 449 13 54
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Table 16. Cont.
Pathology Train (Orig.) Train (Aug.) Val. Test
Lung mass/cancer 85 449 9 41
Interstitial lung disease 46 449 5 22
Bronchitis 21 449 2 10
Emphysema 96 449 11 46
Tuberculosis 264 449 29 126
COVID-19 193 449 22 92
Congest. heart failure 40 449 4 19
Heart failure 178 449 20 85
Congenital heart disease 17 449 2 8
Asthma 126 449 14 60

3.2. Single Architecture Results
3.2.1. ResNet50 Performance

Figure 9 presents ResNet50 multi-label classification results (Table 17). ResNet50 achieved
solid performance with particular strength in specific pathologies: bronchitis (AUC: 0.7835),
interstitial lung disease (AUC: 0.7685), lung mass or cancer (AUC: 0.7774), and pleural effusion
(AUC: 0.7248). Accuracy metrics remained consistently high (0.863-0.997).

Figure 9. Grad-CAM heatmap for a DenseNet121 true positive case of Pleural Effusion. Warm colors
(red/yellow) indicate higher activation, whereas cool colors (blue) indicate lower activation. The
heatmap highlights the costophrenic angles, demonstrating alignment between model attention and
clinically relevant regions.

Table 17. ResNet50 per-class AUC-ROC and accuracy results across all 16 thoracic pathologies.
ResNet50 achieved particularly strong performance for bronchitis (AUC: 0.7835), interstitial lung
disease (AUC: 0.7685), lung mass/cancer (AUC: 0.7774), and pleural effusion (AUC: 0.7248). Accuracy
metrics remained consistently high across all classes.

Label AUC Accuracy
pneumonia 0.652 0.863
pleural_effusion 0.725 0.865
atelectasis 0.626 0.953
pneumothorax 0.683 0.927
cardiomegaly 0.583 0.963
pulmonary_edema 0.700 0.966
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Table 17. Cont.

Label AUC Accuracy
lung_mass_or_cancer 0.777 0.980
interstitial_lung_disease 0.769 0.988
bronchitis 0.783 0.996
emphysema 0.628 0.973
tuberculosis 0.688 0.923
COVID-19 0.744 0.943
congestive_heart_failure 0.623 0.990
heart_failure 0.614 0.940
congenital_heart_disease 0.736 0.997
asthma 0.676 0.952

3.2.2. DenseNet121 Performance

Figures 10 and 11 present DenseNet121 results (Table 18). DenseNet121 achieved
the best AUC among all evaluated backbones for two pathologies—tuberculosis (AUC:
0.7567) and pleural effusion (AUC: 0.7669)—and was also competitive for COVID-19 (AUC:
0.7418), while attaining this performance with roughly one-third the trainable parameters
of ResNet50 (Table 9). Note that for interstitial lung disease, DenseNet121 (AUC: 0.723) is
actually outperformed by ResNet50 (0.769) and InceptionV3 (0.757), as detailed in Section 4.
Accuracy across all 16 labels ranged from 0.857 to 0.996.

Figure 10. DenseNet121 false positive case: ground truth is Pleural Effusion but model predicted Pneu-
monia. The Grad-CAM heatmap (Equation (17)) highlights the model’s attention regions, revealing
potential sources of misclassification.

Table 18. DenseNet121 per-class AUC-ROC and accuracy results across all 16 thoracic pathologies.
DenseNet121 achieved notable performance for tuberculosis (AUC: 0.757), pleural effusion (AUC:
0.767), interstitial lung disease (AUC: 0.723), and COVID-19 (AUC: 0.742). Accuracy across all
16 labels ranged from 0.857 to 0.996.

Label AUC Accuracy
pneumonia 0.682 0.857
pleural_effusion 0.767 0.878
atelectasis 0.680 0.954
pneumothorax 0.713 0.909
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Table 18. Cont.

Label AUC Accuracy
cardiomegaly 0.646 0.967
pulmonary_edema 0.686 0.968
lung_mass_or_cancer 0.721 0.980
interstitial_lung_disease 0.723 0.987
bronchitis 0.630 0.996
emphysema 0.638 0.973
tuberculosis 0.757 0.924
COVID-19 0.742 0.927
congestive_heart_failure 0.633 0.990
heart_failure 0.613 0.940
congenital_heart_disease 0.662 0.996
asthma 0.624 0.954

r

.

Figure 11. DenseNet121 true positive case: both ground truth and model prediction correctly
identified Pleural Effusion with high confidence (ppg > 0.5, Equation (11)).
3.2.3. Comprehensive Metrics for Top Models

Given severe class imbalance, we report AUPRC, sensitivity, specificity, and F1 for the
best-performing configurations (Table 19).

Table 19. Comprehensive performance metrics for top models (test set). Balanced Acc. = (Sensitivity
+ Specificity) /2.

Pathology Model AUC Balanced Acc.  AUPRC Sens. Spec.
Tuberculosis DenseNet121 0.757 0.823 0.682 0.714 0.932
Pleural effusion DenseNet121 0.767 0.818 0.703 0.726 0911
Lung mass/cancer Hybrid DN+IV3 0.821 0.852 0.745 0.756 0.948
Interstitial Lung Disease ResNet50 0.769 0.830 0.691 0.682 0.978
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3.2.4. EfficientNetB0 Performance

Table 20 and Figure 12 demonstrate EfficientNetBO0 classification results. Efficient-

NetB0 provided favorable accuracy—efficiency trade-offs but exhibited lower AUC values
compared to DenseNet121 and ResNet50.

Figure 12. EfficientNetBO false negative case: Pneumothorax was missed (model predicted Bronchi-
tis). The Grad-CAM overlay reveals insufficient attention to the apical lung region characteristic
of pneumothorax.

Table 20. EfficientNetBO per-class results. This architecture exhibited significantly lower performance
(mean AUC: 0.507, Hamming loss: 0.310), indicating it did not converge effectively on this multi-label
task and is not suitable for MultiCaRe-Thorax without modifications.

Label AUC Accuracy
pneumonia 0.565988 0.156250
pleural_effusion 0.560407 0.749362
atelectasis 0.553253 0.640306
pneumothorax 0.474804 0.929209
cardiomegaly 0.585922 0.963648
pulmonary_edema 0.551178 0.854592
lung_mass_or_cancer 0.434113 0.978954
interstitial_lung_disease 0.536919 0.982781
bronchitis 0.436859 0.343112
emphysema 0.404677 0.970663
tuberculosis 0.445280 0.207908
COVID-19 0.448989 0.869898
congestive_heart_failure 0.584589 0.731505
heart_failure 0.546888 0.226403
congenital_heart_disease 0.543747 0.811224
asthma 0.431428 0.628827
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3.2.5. EfficientNetB7 and InceptionV3 Performance

Table 21 presents EfficientNetB7 results. InceptionV3 (Table 22) showed competitive
performance for complex multi-label scenarios: interstitial lung disease (AUC: 0.7569),
pleural effusion (AUC: 0.7312), congenital heart disease (AUC: 0.7296), and COVID-19
(AUC: 0.7538).

Table 21. EfficientNetB7 per-class AUC-ROC and accuracy results. The larger input resolution
(380 x 380) enables finer feature extraction but at the cost of substantially increased memory footprint

(66 M parameters).
Label AUC Accuracy
pneumonia 0.607554 0.766484
pleural_effusion 0.616285 0.678571
atelectasis 0.616314 0.899267
pneumothorax 0.651150 0.905678
cardiomegaly 0.609492 0.960623
pulmonary_edema 0.617137 0.967949
lung_mass_or_cancer 0.569469 0.962454
interstitial_lung_disease 0.572718 0.981685
bronchitis 0.365907 0.989927
emphysema 0.604948 0.951465
tuberculosis 0.626681 0.869963
COVID-19 0.593248 0.913004
congestive_heart_failure 0.562694 0.989011
heart_failure 0.550691 0.947802
congenital_heart_disease 0.491292 0.999084
asthma 0.651845 0.846154

Table 22. InceptionV3 per-class results. Multi-scale inception modules demonstrate strong discrimi-
native power for heterogeneous pathologies, particularly COVID-19 (AUC: 0.7538) and interstitial
lung disease (AUC: 0.7569).

Label AUC Accuracy Hamming Loss
pneumonia 0.681586 0.834821 0.165179
pleural_effusion 0.731195 0.834184 0.165816
atelectasis 0.571125 0.951531 0.048469
pneumothorax 0.690865 0.922832 0.077168
cardiomegaly 0.709889 0.966199 0.033801
pulmonary_edema 0.664948 0.966837 0.033163
lung_mass_or_cancer 0.683940 0.978954 0.021046
interstitial_lung_disease 0.756912 0.987883 0.012117
bronchitis 0.600561 0.995536 0.004464
emphysema 0.601229 0.970026 0.029974
tuberculosis 0.700984 0.922832 0.077168
COVID-19 0.753840 0.920281 0.079719
congestive_heart_failure 0.544022 0.990434 0.009566
heart_failure 0.642240 0.927296 0.072704
congenital_heart_disease 0.729620 0.996173 0.003827
asthma 0.644162 0.952168 0.047832

3.3. Hybrid Ensemble Results
3.3.1. Hybrid DenseNet121-InceptionV3

Table 23 presents the DenseNet121-InceptionV3 ensemble (Equation (10), M = 2),
which achieved the highest AUC of 0.8206 for lung mass/cancer detection. This configura-
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tion also demonstrated strong performance for interstitial lung disease (0.7555) and pleural
effusion (0.7461).

Table 23. Hybrid DenseNet121-InceptionV3 ensemble results. Probability averaging (Equation (10))
yields the highest reported AUC for lung mass/cancer (0.8206), demonstrating that complementary
backbone architectures capture non-redundant discriminative features.

Label AUC Accuracy
pneumonia 0.613307 0.825893
pleural_effusion 0.746139 0.852679
atelectasis 0.666407 0.938776
pneumothorax 0.626125 0.926658
cardiomegaly 0.698088 0.967474
pulmonary_edema 0.594116 0.952806
lung_mass_or_cancer 0.820551 0.970026
interstitial_lung_disease 0.755491 0.987883
bronchitis 0.564583 0.995536
emphysema 0.648234 0.973214
tuberculosis 0.708423 0.923469
COVID-19 0.694471 0.938138
congestive_heart_failure 0.550719 0.989796
heart_failure 0.647962 0.935587
congenital_heart_disease 0.667840 0.996173
asthma 0.564756 0.952168

3.3.2. Hybrid InceptionV3-ResNet50-DenseNet121

Table 24 reports the per-class results for the three-architecture ensemble (M = 3). It
achieved AUC > 0.60 for 8 of the 16 pathologies (range: 0.481-0.704), with the remaining 8
including congestive heart failure (0.481) and atelectasis (0.494) falling below this threshold,
indicating that ensemble averaging did not uniformly improve ranking performance across
all disease categories.

Table 24. Hybrid InceptionV3-ResNet50-DenseNet121 three-model ensemble results. Diversity across
architectural families (skip-connection, dense reuse, multi-scale) collectively improves accuracy and
Hamming loss but does not yield uniformly high AUC: 8 of 16 pathologies fall below 0.60 AUC
despite the ensemble’s strong aggregate accuracy (see Section 4.2.2 for discussion).

Label AUC Accuracy Hamming Loss
pneumonia 0.696808 0.862883 0.137117
pleural_effusion 0.663116 0.873087 0.126913
atelectasis 0.494337 0.954082 0.045918
pneumothorax 0.551621 0.929847 0.070153
cardiomegaly 0.529929 0.967474 0.032526
pulmonary_edema 0.520454 0.967474 0.032526
lung_mass_or_cancer 0.603771 0.978954 0.021046
interstitial_lung_disease 0.616085 0.987245 0.012755
bronchitis 0.566587 0.994898 0.005102
emphysema 0.643164 0.971939 0.028061
tuberculosis 0.679392 0.926658 0.073342
COVID-19 0.704276 0.940689 0.059311
congestive_heart_failure 0.480790 0.990434 0.009566
heart_failure 0.567382 0.941327 0.058673
congenital_heart_disease 0.680111 0.996173 0.003827
asthma 0.559371 0.954082 0.045918
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3.4. Comparative Performance Summary

Table 25 consolidates the peak per-class AUC scores across all evaluated configurations
for the four most clinically critical pathologies.

Table 25. Peak AUC-ROC for Clinically Critical Pathologies Across Architectures. TB = tuberculosis;
PE = pleural effusion; ILD = interstitial lung disease; LMC = lung mass/cancer.

Architecture TB PE ILD LMC
ResNet50 0.688 0.725 0.769 0.777
DenseNet121 0.757 0.767 0.723 0.721
EfficientNetB0 0.445 0.560 0.537 0.434
EfficientNetB7 0.627 0.616 0.573 0.569
InceptionV3 0.701 0.731 0.757 0.684
Hybrid DN+IV3 0.708 0.746 0.755 0.821
Hybrid IV3+R50+DN 0.679 0.663 0.616 0.604

TB = tuberculosis; PE = pleural effusion; ILD = interstitial lung disease; LMC = lung mass/cancer.
Bold = highest reported AUC for that pathology.

3.5. Statistical Significance Analysis

For single-pathology comparisons, we used DeLong’s test for two correlated ROC
curves. For mean AUC across all 16 pathologies, we adopted a bootstrap-based approach
(10,000 resamples) to construct confidence intervals for the difference, as DeLong’s test is
not directly applicable to macro-averaged AUC (Table 26).

Table 26. Statistical comparisons between ResNet50 and other configurations. For single-pathology
comparisons, DeLong’s test is used (values in parentheses). For mean AUC over all 16, bootstrap
p-values are reported.

Comparison AAUC (All116) p-Value Pathology-Specific p-Value
ResNet50 vs. DenseNet121 +0.006 0.183 TB: +0.069 0.052
ResNet50 vs. InceptionV3 +0.019 0.035 * ILD: —0.012 0.312
ResNet50 vs. Hybrid DN+IV3 +0.028 0.031 * LMC: —0.044 0.008 **

*p < 0.05;** p < 0.01; TB = tuberculosis; ILD = interstitial lung disease; LMC = lung mass/cancer.

For mean AUC, bootstrap Cls for the ResNet50-DenseNet121 difference were
[—0.004, +0.016], confirming no statistically significant difference at « = 0.05.

3.6. Cross-Validation for Rare Class Model Selection

To mitigate the risk of overfitting to the small validation set (where the rarest classes
have fewer than 5 positives, as shown in Table 16), we performed 5-fold cross-validation
(CV) on the training set exclusively for early stopping and threshold selection. Table 27
reports the CV mean AUC for the four rarest pathologies alongside their single-split
test AUCs. The CV estimates are remarkably stable (£0.02) compared to the test set,
confirming that our patient-level split is representative and that the Gaussian-noise
oversampling (Equation (5)) induces generalization rather than severe overfitting to the
augmented duplicates.

Table 27. Five-fold Cross-Validation Mean AUC (Training Set) vs. Test Set AUC for Rare Pathologies.

Pathology 5-Fold CV AUC Test AUC (Single Split) Difference
Interstitial Lung Disease (ILD) 0.735 0.723 +0.012
Bronchitis 0.635 0.630 +0.005
Congestive Heart Failure (CHF) 0.645 0.633 +0.012
Congenital Heart Disease (CongHD) 0.660 0.662 —0.002
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3.7. Ablation Studies

To quantify the contribution of each major pipeline component, we performed three
controlled ablations using the best-performing individual model (ResNet50) while holding
all other parameters constant. Table 28 summarizes the results.

Table 28. Ablation study results on the MultiCaRe-Thorax test set. Values report mean AUC across

all 16 pathologies.
Configuration Mean AUC AAUC Mean Accuracy
Baseline (Full Pipeline) 0.688 - 0.951
Ablation 1: No Negation Handling (Naive Dictionary) 0.652 —0.036 0.941
Ablation 2: Image-Level Split (Patient Leakage) 0.721 +0.033 0.963
Ablation 3: No Oversampling (Raw Imbalance) 0.642 —0.046 0.947

The negation-aware pipeline contributes a 3.6 absolute AUC-point improvement over
the naive dictionary baseline (0.688 vs. 0.652). This corresponds to a relative improvement
of 5.52% (calculated as 0.036/0.652 ~ 0.0552), which aligns precisely with the estimated
5-10% gain range we observed in preliminary analyses, confirming that explicit handling
of cues such as “ruled out” and “absence of” is essential for reliable multi-label supervision
(consistent with the 95% manual validation in Table 7). Image-level splitting (Ablation 2)
inflates mean AUC by 3.3 points relative to the patient-level baseline (0.721 vs. 0.688),
illustrating the risk of overly optimistic performance estimates when multiple images from
the same patient are allowed to appear across both the training and test partitions; this is
why patient-level splitting (Equation (7)) is retained as the primary evaluation protocol
despite its lower reported AUC. Removing oversampling primarily harmed rare classes,
consistent with the —4.6 AUC-point mean drop observed in Table 28, justifying its inclusion
despite the memorization caveats.

3.8. Generalization Analysis for Rare Classes

To address concerns that aggressive oversampling (~27 x for congenital heart disease)
might lead to memorization rather than generalization, we compared our Gaussian-noise
augmentation strategy against a spatial-transform augmentation strategy (random horizon-
tal flips, 15° rotations, and £10% translations) for the four rarest pathologies. As shown
in Table 29, spatial augmentation achieved comparable or slightly improved AUCs across
all rare classes, with the largest gain observed for Interstitial Lung Disease (0.723 — 0.742).
Figure 13 provides a visual summary of these comparisons. This indicates that the mod-
els are learning robust anatomical features rather than memorizing noise patterns from
near-duplicate copies.

Table 29. Comparison of augmentation strategies for rarest pathologies (test set). Gaussian = our
additive pixel-noise method (Equation (5)); Spatial = flips/rotations/shifts.

Pathology Test Positives Gaussian Aug. (AUC) Spatial Aug. (AUC)
Interstitial Lung Disease (ILD) 22 0.723 0.742
Bronchitis 10 0.630 0.641
Congestive Heart Failure (CHF) 19 0.633 0.651
Congenital Heart Disease (CongHD) 8 0.662 0.669

Furthermore, Figure 14 presents the training and validation loss trajectories for the
four rarest classes during DenseNet121 fine-tuning. The validation loss remains stable or
decreases monotonically alongside the training loss, without the characteristic divergence
that would indicate overfitting to the augmented duplicates. This supports the conclusion
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that, while memorization is a theoretical risk, our training protocol yields generalizable
representations for these challenging pathologies.
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Figure 13. Comparison of AUC-ROC values for the four rarest pathologies using the default Gaussian-
noise oversampling (blue) versus a spatial-transform augmentation strategy (orange). Spatial aug-
mentation yields comparable or slightly higher AUCs, suggesting that the model learns generalizable
features and does not rely on memorizing pixel-level noise.
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Figure 14. Training and validation BCE loss trajectories for the four rarest pathologies during
DenseNet121 fine-tuning. The validation loss does not diverge from the training loss, indicating that
the Gaussian-noise oversampling (Equation (5)) leads to generalization rather than memorization of
near-duplicate copies.
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4. Discussion
4.1. Novel Contribution: Inaugural Benchmarking of MultiCaRe Thorax Subset

This investigation represents a fundamental methodological advancement in multi-
label thoracic disease classification. To our knowledge, this is the first comprehensive multi-
architecture benchmarking study of the thorax subset of the MultiCaRe dataset [33,34].
Prior investigations have exclusively employed legacy datasets (ChestX-ray14, CheXpert,
MIMIC-CXR) characterized by dated acquisition protocols and standardized annotation
schemes potentially incongruent with contemporary clinical workflows.

4.2. Performance Analysis and Comparative Evaluation
4.2.1. Individual Architecture Performance

Among individual architectures, DenseNet121 attains the best AUC on tuberculosis
(0.757) and pleural effusion (0.767) with roughly one-third the trainable parameters of
ResNet50 (7.0 M vs. 23.6 M, Table 9), while ResNet50 attains the higher mean AUC across
all 16 pathologies (0.688 vs. 0.682, Table 30) and the better AUC on interstitial lung disease
(0.769 vs. 0.723) and lung mass/cancer (0.777 vs. 0.721). We report this as an accuracy—
efficiency trade-off rather than a single best architecture; 95% confidence intervals for the
two architectures overlap substantially on several pathologies (Table 31), so this ranking
should not be over-interpreted. AUC values in this study are in a broadly similar range
to, though not directly comparable with, given differing datasets, label counts (16 vs. 14),
class prevalence, and train/test composition, the 84.28% reported by Kufel et al. [45] on
ChestX-ray14 and the 80.96% achieved by Hanif et al. [51].

Table 30. Performance comparison of all evaluated deep learning models (five CNN backbones and
two hybrid ensembles).

Model Avg. Accuracy (per-Label)  Avg. AUC (per-Label) Hamming Loss (Global)
DenseNet121 0.950 0.682 0.050
InceptionV3 0.945 0.669 0.055
ResNet50 0.951 0.688 0.049
EfficientNetB0 0.690 0.507 0.310
EfficientNetB7 0.914 0.582 0.086
Hybrid DenseNet121-InceptionV3 0.945 0.660 0.055
Hybrid InceptionV3-ResNet50-DenseNet121 0.952 0.597 0.048
Table 31. 95% Confidence Intervals for AUC (Hanley—McNeil approximation).
Pathology n (pos) ResNet50 DenseNetl121 EfficientNetB0 EfficientNetB7 InceptionV3 DN+IV3 3-Ensemble
Pneumonia 214 [0.609,0.695] [0.640,0.724]  [0.524,0.608] [0.565,0.650]  [0.640,0.723] [0.571,0.656] [0.656,0.738]
Pleural effusion 212 [0.684,0.766] [0.727,0.807]  [0.518,0.603] [0.574,0.659] [0.691,0.771] [0.706,0.786] [0.621,0.705]
Atelectasis 73 [0.563,0.689] [0.617,0.743]  [0.484,0.623] [0.546,0.686] [0.501,0.641] [0.597,0.736] [0.427,0.562]
Pneumothorax 111 [0.627,0.739] [0.657,0.769]  [0.420,0.530] [0.594,0.708]  [0.635,0.747] [0.569,0.683] [0.495,0.609]
Cardiomegaly 51  [0.506,0.660] [0.569,0.723]  [0.503,0.669] [0.526,0.693] [0.629,0.791] [0.617,0.780] [0.448,0.612]
Lung mass/cancer 41  [0.699,0.856] [0.634,0.808]  [0.349,0.519] [0.477,0.662]  [0.593,0.775] [0.741,0.900] [0.511,0.697]
ILD 22 [0.651,0.887] [0.613,0.833]  [0.413,0.661] [0.447,0.698] [0.639,0.875] [0.637,0.874] [0.490,0.742]
Bronchitis 10 [0.665,0.902] [0.502,0.758] [0.267,0.607]  [0.211,0.521] [0.414,0.787] [0.379,0.750] [0.381,0.752]
Tuberculosis 126  [0.635,0.741] [0.704,0.810]  [0.395,0.496] [0.573,0.681] [0.648,0.754] [0.656,0.761] [0.626,0.733]
COVID-19 92 [0.686,0.802] [0.684,0.800]  [0.390,0.508] [0.531,0.656] [0.695,0.812] [0.633,0.756] [0.643,0.765]
Congenital HD 8 [0.553,0.919] [0.463,0.861]  [0.338,0.749] [0.292,0.691]  [0.529,0.930] [0.461,0.875] [0.474,0.886]

To enable a more controlled comparison with prior literature, we applied our exact
DenseNet121 training protocol (patient-level splitting, Gaussian augmentation, and BCE
loss) to the public ChestX-ray14 dataset. Our reproduced model achieved a mean AUC
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of 0.841 (84.1%) on the ChestX-ray14 test set, which is highly consistent with the 84.28%
reported by Kufel et al. [45] under similar conditions. This cross-dataset validation con-
firms that our pipeline is not inherently inferior to previous methodologies; rather, the
comparatively lower absolute AUCs observed on MultiCaRe-Thorax (best mean AUC
0.688) reflect a substantially more challenging multi-label task with 16 pathologies, a differ-
ent report style (case reports vs. structured radiology notes), and a stricter patient-level
evaluation protocol.

Figure 15 shows that, among the three single CNN backbones and the two hybrid
ensembles, the Hybrid InceptionV3-ResNet50-DenseNet121 ensemble achieved the highest
average per-label accuracy (0.952), with ResNet50 (0.951) and DenseNet121 (0.950) follow-
ing closely, while InceptionV3 and the Hybrid DenseNet121-InceptionV3 ensemble were
tied for the lowest average accuracy among these five configurations (0.945 each); across the
full set of evaluated models (Table 30), EfficientNetB0 recorded the lowest overall accuracy
(0.690), reflecting its comparatively unstable convergence on this dataset.

Average Accuracy (per-label)

Hybrid_inception_ResNet_Densenet [ NN 0552327806
Restetso N 0.951171575
penseNet121 [N 0545576084
Hybrid_DenseNet121_Inceptionv3 || EENGNGg R 0545352219
inceptionv3 |G 0544274043

054 0.942 0.544 0.946 0.948 0.95 0.952 0.954

Figure 15. Average per-label accuracy across all evaluated architectures, including EfficientNetB0
(0.690), EfficientNetB7 (0.914), and the three-model ensemble (0.952).

Figure 16 reveals that, among the three single CNN backbones and the two hybrid
ensembles, ResNet50 attained the highest average per-label AUC (0.688), followed by
DenseNet121 (0.682) and InceptionV3 (0.669), while the Hybrid InceptionV3-ResNet50-
DenseNet121 ensemble recorded the lowest average AUC among these five configurations
(0.597), indicating that probability averaging across architecturally diverse models does
not necessarily improve overall discriminative performance; EfficientNetB0 recorded the
lowest AUC across all evaluated models (0.507, Table 30). As illustrated in Figure 17, the
Hybrid InceptionV3-ResNet50-DenseNet121 ensemble achieved the lowest global Ham-
ming loss among the three backbones and two ensembles (0.048), reflecting the fewest
per-label misclassifications across all 16 pathologies, whereas InceptionV3 and the Hy-
brid DenseNet121-InceptionV3 ensemble were tied for the highest Hamming loss among
these five configurations (0.055 each), consistent with its comparatively lower average
accuracy observed in Figure 15; EfficientNetBO recorded the highest Hamming loss overall
(0.310). ResNet50 achieved the highest AUC for bronchitis (0.7835); InceptionV3 excelled at
COVID-19 (0.754).

4.2.2. Analysis of EfficientNetBO Underperformance

EfficientNetB0 (mean AUC: 0.507, Hamming loss: 0.310) significantly underperformed
all other architectures. Contributing factors include: (1) insufficient model capacity for the
16-label multi-label task, (2) unstable training dynamics despite identical hyperparameters,
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and (3) particularly poor discrimination on minority classes (AUC < 0.50 for bronchitis,
emphysema, tuberculosis). These results indicate that EfficientNetB0 is not recommended
for this dataset without architectural modifications.

Average AUC (per-label)

Resnetso | . 5757535
Densenet121 |, 0652217541
nceptionv> | 0 56515+5¢3
Hybrid_Densenet121_inceptionv [ NG o-ccoas0347
Hybrid_Inception_ResNet_DenseNet | o-5o7:24621

0,54 0.56 0.58 0.6 0,62 0.64 0.66 0.68 0.7

Figure 16. Average per-label AUC-ROC across all evaluated architectures. ResNet50 attains the
highest mean AUC (0.688), followed by DenseNet121 (0.682) and InceptionV3 (0.669).

Hamming Loss (global)
Hybrid_DenseNet121_InceptionV3
inceptionv3 | . 055125957
Denseneti21 - [ .050023916
Resnetso [ 0.042828125
Hybrid_Inception_ResNet_Densenet [ O-0-7672194

0.042 D.044 0.046 0.048 0.05 0.052 0.054 0.056

Figure 17. Global Hamming loss across all evaluated architectures. The three-architecture ensemble
achieves the lowest Hamming loss (0.048).

4.2.3. Hybrid Ensemble Performance

The Hybrid DenseNet121-InceptionV3 configuration achieved the highest documented
AUC for lung mass/cancer detection (0.8206), computed via Equation (10). The three-
architecture ensemble provided AUC > 0.60 for 8 of the 16 pathologies (range: 0.481-0.704),
with the remaining 8, including congestive heart failure (0.481) and atelectasis (0.494),
falling below this threshold.

The three-architecture ensemble’s accuracy (0.9523, highest of all five configurations)
and mean AUC (0.5973, lowest of all five configurations) move in opposite directions
relative to the single architectures. This is consistent with a known property of imbalanced
multi-label evaluation: accuracy at a fixed threshold (t = 0.5) on strongly imbalanced
classes is dominated by correctly predicting the numerically dominant negative cases,
while AUC is threshold-independent and reflects ranking quality across the full score
distribution [26,50]. Averaging three models” probabilities compresses the score spread,
which can improve accuracy on majority-negative classes while weakening the ranking
signal AUC depends on, particularly for rarer positive classes. This pattern suggests that
accuracy and Hamming loss alone are insufficient to characterize ensemble benefit in this
setting, and that AUC (or an imbalance-robust metric such as balanced accuracy or macro-
F1 at a tuned threshold) should be weighted more heavily when comparing configurations
for deployment.
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4.3. Mechanistic Analysis
Negation-Aware NLP Pipeline

Our domain-specialized NLP pipeline (Equations (2) and (3)) incorporates explicit
negation handling absent from many competing approaches. This label quality control
contributes a 3.6 AUC-point improvement (as shown in the ablation study, Table 28), repre-
senting a relative improvement of approximately 5.5% over the naive dictionary baseline.

4.4. Augmentation Strategy and Its Limitations

Our Gaussian noise oversampling (Equation (5), ¢ = 0.05) avoids the anatomical
distortion that more aggressive strategies (mixup, CutMix, elastic deformation) can intro-
duce [98]. However, for the rarest classes this comes at a different cost: with oversampling
ratios reaching ~26x (e.g., congenital heart disease, 17 — 449 training images, Table 16),
the augmented positive set for these classes consists of dozens of near-duplicates of a
small number of source images, differing only by low-amplitude pixel noise that intro-
duces no new anatomical or positional variation. Repeated exposure of a large, fully
fine-tuned network to near-identical copies of a handful of images is a recognized risk fac-
tor for memorization of those specific instances rather than learning generalizable disease
features [98,99].

Despite this theoretical risk, two pieces of evidence suggest that our models generalize
rather than memorize. First, the spatial augmentation experiment (Table 29) achieved
comparable or slightly higher AUCs than Gaussian-noise augmentation for all four rarest
classes, indicating that the models learn robust anatomical features rather than relying on
pixel-level noise patterns. Second, the training and validation loss curves (Figure 14) show
no divergence for the rarest classes, confirming that overfitting to the augmented duplicates
does not occur in practice. We therefore conclude that while the memorization risk is real
for classes with <30 original training samples, our experimental results indicate general-
ization in practice. Nevertheless, we flag results for the classes built from the smallest
original positive pools (bronchitis and congenital heart disease) as higher memorization-
risk, and identify spatial-transform-based, generative (GAN/diffusion-based) [100], or
few-shot/transfer techniques as preferable directions for future augmentation work on
this dataset.

Patient-Level Data Stratification

Rigorous patient-level splitting (Equation (7)) prevents subtle information leakage in
multi-image-per-patient datasets, potentially reducing reported metrics by 2-3% compared
to image-level stratification while producing reliable generalization estimates essential for
clinical deployment.

4.5. Label Co-Occurrence and Clinical Realism

Quantitative analysis (Figure 5) revealed clinically coherent co-occurrence patterns:
pleural effusion with congestive heart failure, pneumonia with bronchitis, tuberculosis
with interstitial lung disease. These dependencies are captured naturally through Lpcg
(Equation (9)) without requiring explicit correlation-learning modules, demonstrating that
architectural simplicity coupled with rigorous data curation outperforms computationally
complex specialized mechanisms.

4.6. Computational Efficiency and Clinical Deployment

DenseNet121 and ResNet50 achieved optimal accuracy—efficiency trade-offs compared
to EfficientNetB7 (66 M) and InceptionV3 (27.2 M). Competitive classification performance
(AUC > 0.75 for critical pathologies) was achieved on mid-range GPU or CPU-based infer-
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ence, enabling deployment in resource-constrained clinical environments across developing
healthcare systems.

4.7. Grad-CAM Integration and Regulatory Compliance

Systematic Grad-CAM analysis (Equations (16)-(18)) encompassing true positive, false
positive, and false negative cases provides clinically meaningful prediction transparency.
For true positive classifications, Grad-CAM overlays highlight anatomical regions that
contributed to the positive prediction, enabling radiologists to verify whether the network’s
attention aligns with expected pathological findings (e.g., apical lung regions for tuber-
culosis, costophrenic angles for pleural effusion). For false positives and false negatives,
the heatmaps reveal whether misclassifications arose from plausible alternative features
(e.g., an enlarged cardiac silhouette leading to false positive cardiomegaly) or from spuri-
ous correlations (e.g., attention to image artifacts or text overlays). This spatial grounding
addresses a critical deployment requirement for Al systems in clinical settings, where
regulatory bodies such as the U.S. Food and Drug Administration (FDA) and European
Medicines Agency (EMA) increasingly require model interpretability as a prerequisite for
clinical deployment [21,84]. By providing clinicians with visually grounded justifications,
Grad-CAM integration reduces the “black box” concern and supports human-Al collabora-
tion by enabling radiologists to spot-check model reasoning on a case-by-case basis.

Practical Significance

While some AUC differences are statistically significant, confidence intervals (Table 31)
overlap substantially for most pathologies. The ResNet50-Hybrid DN+IV3 difference for
lung mass/cancer (A = 0.044, AUC 0.777 vs. 0.821) corresponds to approximately 2-3
additional true positives per 100 screened cases at 5% prevalence—clinically meaningful but
modest. For most pathologies, architecture choice may be guided more by computational
constraints (Table 9) than by AUC differences.

4.8. Trustworthiness and Clinical Reliability

Trustworthiness in Al-based diagnostic systems extends beyond predictive accu-
racy to encompass transparency, fairness, robustness, and reproducibility [20,21,101,102].
The proposed framework addresses these dimensions through several complementary
mechanisms. First, the negation-aware NLP pipeline (Equations (2) and (3)) substantially
reduces label noise by explicitly resolving linguistic ambiguity in radiology reports, thereby
improving the reliability of the training supervision signal. Second, patient-level data strat-
ification (Equation (7)) ensures that generalization estimates reflect true out-of-distribution
performance, mitigating optimistic bias introduced by image-level splitting in multi-image-
per-patient cohorts [50]. Third, Grad-CAM visualizations (Equations (16)—(18)) provide
clinicians with spatially grounded justifications for each model prediction, enabling radiol-
ogists to verify whether the network’s attention aligns with anatomically plausible disease
regions rather than spurious background features. Fourth, the conservative Gaussian noise
augmentation strategy (Equation (5)) preserves the diagnostic integrity of radiographic
content, avoiding synthetic distortions that could degrade trust in model outputs. Collec-
tively, these design choices produce a system that is not only performant but also auditable
and interpretable.

4.9. Limitations

Several limitations should be considered when interpreting these results. First,
MultiCaRe-Thorax does not include structured demographic metadata (age, sex, race/
ethnicity), preventing fairness analysis across patient subgroups. This is a known limitation
of many CXR benchmarks and a critical gap for clinical deployment. Second, several
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pathologies have small held-out test sets (Table 16): congenital heart disease (n = 8),
bronchitis (n = 10), and interstitial lung disease (n = 22) positive cases. Using the Hanley-
McNeil approximation, 95% confidence intervals for AUC on these classes span roughly
0.24-0.41 AUC-points (Table 31), so point estimates for these pathologies, and architecture
rankings based on them, should be interpreted as indicative rather than precise. Sec-
ond, while we performed DeLong’s test for selected comparisons between top-performing
architectures (Section 3.5), comprehensive pairwise significance testing across all seven
evaluated configurations (five CNN backbones, two hybrid ensembles) was not conducted
due to the computational overhead of paired per-sample predictions; in particular, Effi-
cientNetB7 were not included in the DeLong comparisons, and we recommend extending
significance testing to these configurations as future work. Third, the Gaussian-noise over-
sampling strategy (Equation (5)) generates near-duplicate positive examples for the rarest
classes. While classes such as interstitial lung disease (46 original positives) and congestive
heart failure (40 original positives) have moderate representation, the highest oversampling
ratios occur for bronchitis (21 — 449, ~21x) and congenital heart disease (17 — 449, ~26X);
results for these two pathologies should be interpreted with this memorization risk in mind.
Fourth, our main comparisons to prior published results on ChestX-ray14 (Section 4.2.1)
remain contextual rather than controlled, given differences in imaging source, report style,
label count, and class prevalence between MultiCaRe-Thorax and ChestX-ray14; the one
exception is the cross-dataset validation also reported in Section 4.2.1, in which we applied
our exact DenseNet121 protocol directly to ChestX-ray14, providing a genuinely controlled,
if single-architecture, single-run, check on pipeline validity. Fifth, this benchmark evaluates
five CNN backbones and two hybrid ensemble configurations, while Section 3.7 already
ablates the negation-handling, data-splitting, and oversampling components of the pipeline,
finer-grained ablations (e.g., the negation lookback window, n-gram frequency thresholds,
or the classification threshold) and expansion to additional architectures beyond the seven
evaluated here (five CNN backbones and two hybrid ensembles) is left to future work.

5. Conclusions and Future Work

This paper introduced MultiCaRe-Thorax, a curated benchmark dataset and repro-
ducible labeling framework for multi-label thoracic disease classification derived from the
publicly available MultiCaRe repository. Through a curation workflow involving thoracic
case identification, image-report matching, duplicate analysis, quality-control verification,
and automated disease annotation, a benchmark cohort comprising 5252 chest radiographs
from 3415 unique patients was established. To the best of our knowledge, this represents
the first systematic derivation, annotation, and benchmarking of a thorax-focused subset
from MultiCaRe. To establish benchmark performance baselines, five ImageNet-pretrained
CNN architectures, two hybrid ensemble configurations, were systematically evaluated
under a patient-level evaluation protocol. The results demonstrated strong performance
across multiple thoracic disease categories, with ResNet50 achieving the highest over-
all mean AUC (0.688) and DenseNet121 providing the best accuracy—efficiency trade-off.
Hybrid ensembles further improved classification performance for specific pathologies,
with the DenseNet121-InceptionV3 ensemble achieving the highest reported AUC of 0.821
for lung mass/ cancer detection. The proposed negation-aware NLP framework enabled
scalable generation of reproducible labels for sixteen thoracic disease categories, with
95% agreement against manual review, while Grad-CAM visualizations provided inter-
pretable explanations of model predictions. Ablation studies confirmed the contributions
of negation handling (4+3.6 AUC points), patient-level splitting (—3.3 AUC points under
image-level leakage), and oversampling (4-4.6 AUC points for rare classes). Collectively, the
curated dataset, automated labeling framework, benchmark results, and accompanying pre-
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processing pipeline establish a reusable resource for future research in multi-label thoracic
disease classification, explainable medical Al, and clinical decision-support systems.

While we addressed external validation, calibration, localization, and threshold opti-
mization in this work, several specific technical challenges remain for future investigation
on the MultiCaRe-Thorax benchmark. First, developing uncertainty-aware frameworks
(e.g., MC-Dropout or Deep Ensembles) tailored to extreme class imbalance-particularly for
pathologies with <10 test positives such as Congenital Heart Disease (AUC CI spanning 0.25
AUC points) is critical for reliable deployment. Second, leveraging the inherent multimodal
nature of MultiCaRe by fusing the chest radiographs with the raw case-report narratives via
cross-attention or late-fusion mechanisms could improve rare-class discrimination. Third,
our fairness protocol (Section 2.16) should be extended with demographic metadata (age,
sex, race/ethnicity) once such annotations are integrated into the public repository. Fourth,
larger-scale external validation across multiple hospital systems, beyond the ChestX-ray14
extension provided here, would further strengthen generalizability claims.

Author Contributions: Conceptualization, N.J.A.J., LT.A.,, M.EA.-H. and A.A.B.; Methodology,
N.J.AJ.; Software, N.J.AJ.; Validation, N.J.A.J., LT.A.,, M.FA.-H. and A.A.B.; Formal Analysis, N.J.A.J.;
Investigation, N.J.A.J.; Resources, LT.A. and A.A.B.; Data Curation, N.J.A.].; Writing — Original
Draft Preparation, N.J.A.J.; Writing — Review & Editing, N.J.A.J.,, LT. A, MFA.-H,, TO. and A.A.B;;
Visualization, N.J.A.J.; Supervision, I.T.A. and M.F.A.-H. All authors have read and agreed to the
published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The curated MultiCaRe-Thorax benchmark dataset presented in
this study, including dataset metadata, label annotations, preprocessing artifacts, and supporting
resources, is publicly available at: https://doi.org/10.5281/zenodo.20548927. Source code, pre-
processing scripts, automated label-generation procedures, and benchmarking utilities are publicly
available through the project GitHub repository: https:/ /github.com /NOUR-ABU-JASSAR/thoracic-
multilabel-multicare (accessed on 27 September 2026).

Acknowledgments: The author, N.J.A ., gratefully acknowledges the unwavering encouragement of
her family throughout this work. Behind every page of this work stands a family that never stopped
believing. I, Nour Jamal Abu Jassar, dedicate this achievement to my wonderful family, and above all,
to my parents, whose unconditional love turned every difficult moment into a reason to keep going.
This work is as much yours as it is mine.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

CXR Chest X-ray

Al Artificial Intelligence

CNN Convolutional Neural Network

NLP Natural Language Processing

AUC Area Under the Curve

AUC-ROC  Area Under the Receiver Operating Characteristic Curve
BCE Binary Cross-Entropy

Grad-CAM  Gradient-weighted Class Activation Map

GAP Global Average Pooling

TB Tuberculosis
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PE Pleural Effusion

ILD Interstitial Lung Disease

LMC Lung Mass/Cancer

TPR True Positive Rate

FPR False Positive Rate

TP True Positive

TN True Negative

FP False Positive

FN False Negative

FDA U.S. Food and Drug Administration

EMA European Medicines Agency

UMLS Unified Medical Language System

BiLSTM Bidirectional Long Short-Term Memory
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