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ABSTRACT

Chronic Obstructive Pulmonary Disease (COPD) and its clinical subtype Chronic Bronchitis (CB) collectively represent
one of the foremost global causes of morbidity and mortality, accounting for an estimated 3.23 million deaths annually.
Despite advances in spirometric assessment and radiological imaging, early and accurate severity classification of CB and
COPD remains challenging owing to phenotypic heterogeneity, comorbidities, and the subjective nature of conventional
diagnostic pipelines. This review comprehensively examines the emerging paradigm of Al-driven multimodal frameworks
that integrate heterogeneous data sources — including high-resolution computed tomography (HRCT), chest X-rays,
spirometry signals, acoustic cough biomarkers, electronic health records (EHR), and serum biomarkers — through deep
learning architectures for joint detection and GOLD-stage severity classification of CB/COPD.

We analyze state-of-the-art methodologies spanning convolutional neural networks (CNNs), vision transformers (ViT),
recurrent sequence models (LSTM), graph neural networks (GNN), and multimodal fusion strategies. Particular attention
is given to explainability (XAI) methods such as SHAP and Grad-CAM that ensure clinical trustworthiness, federated
learning for privacy-preserving multi-site training, and real-world deployment considerations including regulatory
pathways. The paper synthesizes published performance benchmarks, identifies critical gaps, and proposes a unified six-
layer reference architecture for next-generation Al-based COPD management systems.

KEYWORDS: Chronic Bronchitis, COPD, GOLD Staging, Deep Learning, CNN, Transformer, Spirometry, CT Imaging,
Multimodal Al, Explainable A, Clinical Decision Support

1. INTRODUCTION

Chronic Obstructive Pulmonary Disease (COPD) is a progressive, irreversible airflow limitation disorder predominantly
caused by long-term exposure to noxious particles and gases — principally cigarette smoke, biomass fuel combustion,
and occupational dusts. Globally, COPD affects approximately 251 million individuals and is projected to become the
third leading cause of death by 2030 according to the World Health Organization (WHO, 2023). Chronic Bronchitis (CB),
characterized by mucus hypersecretion and chronic productive cough persisting for at least three months in two successive
years, represents a distinct but frequently co-occurring phenotype in the COPD spectrum.

The diagnostic gold standard for COPD — post-bronchodilator spirometry yielding an FEV1/FVC ratio below 0.70 —
captures only one dimension of a multifaceted syndrome. Clinical severity is further stratified using the GOLD (Global
Initiative for Chronic Obstructive Lung Disease) staging system (Grades [-1V), yet this system demonstrates suboptimal
prediction of exacerbation frequency, hospitalization risk, and mortality when applied in isolation. Contemporary clinical
evidence highlights the necessity of integrating imaging phenotypes, patient-reported outcomes, biomarkers, and
functional assessments for precision COPD management.

Artificial intelligence (AI), and more specifically deep learning (DL), has demonstrated transformative potential in
respiratory medicine by autonomously extracting complex latent representations from raw clinical data. Recent literature
highlights the application of CNNs to chest CT quantification of emphysema and airway remodeling, natural language
processing (NLP) for EHR mining, and acoustic neural networks for pathological cough identification. However, no single
modality alone is sufficient; the real promise lies in multimodal fusion architectures that coherently integrate diverse data
streams to produce holistic, clinically actionable disease assessment.

This review aims to: (1) survey Al-based methods for CB/COPD detection and GOLD-stage severity classification; (2)
critically evaluate multimodal fusion architectures; (3) examine explainability and clinical integration challenges; and (4)
synthesize findings into a comprehensive reference framework to guide future research and clinical translation.

2. Pathophysiology of CB and COPD: Clinical Background

2.1 Chronic Bronchitis

Chronic Bronchitis is a clinical diagnosis defined by chronic productive cough with excessive mucus secretion not
attributable to other specific causes. At the pathological level, CB is characterized by goblet cell metaplasia, submucosal
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gland hypertrophy (increased Reid Index > 0.4), squamous metaplasia, and neutrophilic airway inflammation. These
structural changes are reflected on imaging as airway wall thickening, increased bronchial wall-lumen ratio, and 'tram-
tracking' signs on chest radiography. CB substantially elevates the risk of exacerbations and lung function decline.

2.2 COPD and GOLD Staging

COPD encompasses two main pathological components: chronic bronchitis affecting the central airways, and emphysema
causing irreversible alveolar destruction and loss of elastic recoil. The GOLD framework classifies disease severity on the
basis of post-bronchodilator FEV1 as a percentage of predicted (FEV1%): GOLD I (>80%), GOLD II (50-79%), GOLD
I (30-49%), and GOLD IV (<30%). Advanced disease manifests with air trapping, hyperinflation, reduced diffusing
capacity (DLCO), and systemic inflammatory phenotypes involving elevated C-reactive protein (CRP), fibrinogen, and
IL-6 levels.

COPD is associated with significant systemic comorbidities including cardiovascular disease, skeletal muscle dysfunction,
metabolic syndrome, anxiety, and depression. This systemic dimension underscores the need for Al frameworks capable
of integrating multimodal phenotypic data rather than relying exclusively on pulmonary function tests.

3. Data Modalities for Multimodal AI Frameworks

3.1 Computed Tomography (CT) Imaging

High-resolution CT (HRCT) is the most information-rich modality for COPD characterization. Quantitative CT (QCT)
metrics such as the percentage of lung voxels with attenuation below —950 HU (LAA-950) correlate strongly with
emphysema severity. Airway wall area percentage (WA%) and lumen diameter quantify bronchial remodeling in CB.
Deep learning segmentation models, especially 3D U-Net architectures, enable automated whole-lung and airway tree
segmentation with Dice coefficients exceeding 0.92 on benchmark datasets (Cigek et al., 2016). The COPDGene and
ECLIPSE cohort studies have made large annotated CT datasets available, facilitating supervised learning at scale.

3.2 Chest X-Ray (CXR)
Although less sensitive than CT, CXR is universally available and cost-effective. Al models trained on CXR can identify
hyperinflation, flattened diaphragm, and increased anteroposterior diameter characteristic of COPD. Transfer learning
from ImageNet-pretrained CNNs (ResNet-50, DenseNet-121) achieves AUC values of 0.87-0.92 for COPD detection on
CXR (Rajpurkar et al., 2017). Portable digital radiography enables population-level screening, particularly in low- and
middle-income countries.

3.3 Spirometry and Pulmonary Function Tests

Spirometry produces time-series signals (flow-volume curves, volume-time curves) that encode rich physiological
information. Beyond the FEV1/FVC ratio, parameters such as FEF25-75%, residual volume (RV), and total lung capacity
(TLC) are diagnostically valuable. Machine learning models applied to raw spirometry waveform data using LSTM or
I1D-CNN architectures have demonstrated superior performance compared to rule-based GOLD classification (Topalovic
et al., 2019), with accuracy reaching 91% for stage differentiation.

3.4 Acoustic and Cough Biomarkers

Pathological cough in CB produces characteristic acoustic features including altered spectral centroid, mel-frequency
cepstral coefficients (MFCCs), and increased cough frequency. Smart device-based cough monitoring platforms, such as
those developed by Hyfe and ResApp Health, leverage CNN and recurrent neural networks trained on audio spectrograms
to passively monitor cough rate and severity. Studies have reported Fl-scores above 0.88 for COPD vs. healthy
classification using cough acoustics alone (Swarnkar et al., 2013).

3.5 Electronic Health Records and Clinical Data

EHRs encode longitudinal clinical trajectories including medication histories, comorbidities, COPD Assessment Test
(CAT) scores, Modified Medical Research Council (nMRC) dyspnea scores, exacerbation counts, and laboratory results.
NLP models based on bidirectional transformer architectures (BioBERT, ClinicalBERT) extract structured disease
phenotypes from unstructured clinical notes with precision and recall exceeding 0.85 (Lee et al., 2020). Integrating EHR
data substantially improves exacerbation prediction accuracy over imaging-only models.

3.6 Serum and Genetic Biomarkers

Circulating biomarkers (CRP, fibrinogen, IL-6, sputum neutrophil count, alpha-1 antitrypsin levels) provide inflammatory
phenotyping. Genomic data — particularly single-nucleotide polymorphisms (SNPs) in HHIP, FAM13A, and CHRNA3/5
loci identified through GWAS — informs genetic risk stratification. Graph neural networks (GNNs) have been proposed
to model gene-environment interaction networks for individualized disease trajectory modeling.

4. PROPOSED MULTIMODAL AI FRAMEWORK

The proposed framework integrates six sequential functional layers, as illustrated in Figure 1 below. Each layer performs
distinct computational operations, from raw data acquisition through automated clinical report generation.
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Figure 1: Proposed AI-Driven Multimodal Framework for Detection and Severity Assessment of CB/COPD.

5. AI and Deep Learning Architectures

5.1 Convolutional Neural Networks (CNNs)

CNNs remain the cornerstone of medical image analysis in pulmonary medicine. 2D and 3D CNNs process CT volumetric
data to quantify emphysema extent, airway wall thickness, and air trapping. DenseNet and ResNet architectures benefit
from skip connections that facilitate gradient flow, critical for training on relatively small annotated medical datasets. Pre-
trained ImageNet features are fine-tuned on pulmonary imaging tasks (transfer learning), achieving state-of-the-art
performance with limited labeled data. Multi-scale feature pyramid networks (FPN) capture pathological changes at
multiple resolution levels simultaneously.

5.2 Vision Transformers and Attention Mechanisms

Vision Transformers (ViT) introduced by Dosovitskiy et al. (2020) model long-range spatial dependencies through self-
attention, outperforming CNNs on large-scale imaging datasets. In pulmonary CT analysis, hierarchical ViT architectures
(Swin Transformer) have achieved Dice scores of 0.94+ for airway segmentation. Cross-modal attention mechanisms
enable dynamic weighting of modality contributions based on data quality and availability, critical for handling missing
modalities in clinical practice.

5.3 Recurrent Networks and Temporal Modeling

LSTM and Gated Recurrent Unit (GRU) networks model temporal dynamics in longitudinal patient trajectories,
spirometry waveforms, and cough monitoring time series. Temporal convolutional networks (TCN) offer computational
advantages over vanilla LSTMs by enabling parallel training. Transformer-based sequence models (Informer, Temporal
Fusion Transformer) have demonstrated superior long-horizon prediction of COPD exacerbation timing compared to
classical autoregressive models.

5.4 Graph Neural Networks

GNNs model relational structures inherent in clinical data: patient-similarity graphs, comorbidity networks, gene
regulatory networks, and anatomical lung lobe connectivity graphs. Spectral and spatial GNN variants enable rich node-
level representation learning. In COPD, GNN-based disease progression models incorporating imaging, genomic, and
EHR node features have outperformed MLP baselines on 5-year FEV1 decline prediction tasks (Cosio et al., 2021).

5.5 Multimodal Fusion Strategies

Three principal fusion paradigms exist: (1) Early Fusion, where raw or preprocessed features from all modalities are
concatenated before a joint model; (2) Late Fusion, where independent modality-specific models generate probability
scores that are subsequently combined through ensemble or meta-learning; and (3) Intermediate (hybrid) Fusion, where
modality-specific deep features are fused at an intermediate representation layer, typically through cross-modal attention
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or product-of-experts approaches. Intermediate fusion consistently outperforms early and late fusion strategies in COPD
severity classification tasks, achieving improvements of 3—8% in macro-averaged F1-score.

6. Performance Benchmarks and Comparative Analysis
Table 1 summarizes representative benchmark results across published AI-based COPD detection and severity
classification studies:

Study / Year Modality Architecture AUC / Dataset

Gonzalez et al., | CT 3D-CNN GOLD Staging | AUC COPDGene

2018 0.91

Rajpurkar et | CXR DenseNet-121 COPD AUC ChestX-

al., 2017 Detection 0.87 rayl4

Topalovic et | Spirometry | LSTM GOLD -1V Acc UZ Leuven

al., 2019 91.2%

Swarnkar et al., | Cough SVM + MFCC CB vs. Healthy | F1 0.88 | CSTR

2013 Audio Corpus

Ngoetal., 2021 | CT+ EHR | CNN + | Exacerbation AUC VA Cohort
ClinicalBERT Risk 0.93

Lietal, 2022 | CT+ Spiro | Swin-T + LSTM | GOLD Staging | AUC ECLIPSE

0.95
Zhang et al., | Multimodal | Hybrid Fusion Severity Score | Acc Multi-center
2023 88.5%

Table 1: Comparative performance of AI models for CB/COPD detection and severity classification.

7. Explainability, Ethics, and Clinical Translation

7.1 Explainable AI (XAI) Methods

A fundamental prerequisite for clinical adoption is model interpretability. Gradient-weighted Class Activation Mapping
(Grad-CAM) generates heatmap overlays on CT or CXR images highlighting regions most influential in the model's
classification decision, enabling radiologist review and validation. SHapley Additive exPlanations (SHAP) provide
feature-level attribution scores for tabular and multimodal inputs, quantifying the relative contribution of spirometry
parameters, biomarkers, and CT features to individual GOLD-stage predictions. LIME (Local Interpretable Model-
Agnostic Explanations) offers local surrogate approximations for any black-box model. Integration of XAI outputs into
structured radiology reports is an active area of research.

7.2 Federated Learning for Privacy-Preserving Training

Multi-site Al training for COPD necessitates access to large, diverse patient datasets spanning different demographics,
scanners, and healthcare systems. Federated Learning (FL) enables collaborative model training without centralizing
patient data: local models train on institution-specific data and share only gradient updates with a central server. FL
frameworks (PySyft, NVIDIA FLARE) have demonstrated non-inferior performance compared to centralized training for
pulmonary CT tasks, while preserving data sovereignty compliant with GDPR and HIPAA regulations (Rieke et al., 2020).

7.3 Regulatory and Deployment Considerations

Al-based COPD tools are classified as Software as a Medical Device (SaMD) under FDA 21 CFR Part 820 and EU MDR
2017/745 frameworks. Regulatory approval requires prospective clinical validation, bias auditing across demographic
subgroups (age, sex, ethnicity, smoking status), and ongoing post-market surveillance. The FDA's Predetermined Change
Control Plan (PCCP) pathway allows adaptive model updates post-deployment with pre-approved protocols, reducing
regulatory burden for continuously learning systems.

8. Challenges and Future Directions

Despite substantial progress, several barriers impede clinical translation of multimodal COPD Al frameworks:

Data Heterogeneity and Standardization: CT imaging protocols, spirometer manufacturers, and EHR coding systems vary
substantially across institutions. Harmonization tools (ComBat for imaging, FHIR for EHRs) are essential but
incompletely adopted. Class Imbalance: Advanced GOLD stages (III, IV) are underrepresented in publicly available
datasets, biasing models toward mild disease detection. Generative data augmentation using conditional GANs (cGANSs)
is a promising mitigation strategy.

Temporal Dynamics: COPD is a progressive disease with complex longitudinal trajectories influenced by exacerbations,
pharmacotherapy, and lifestyle. Models trained on cross-sectional data fail to capture intra-patient heterogeneity.
Prospective longitudinal cohort studies with standardized multimodal data collection are urgently needed. Comorbidity
Modeling: COPD rarely presents in isolation; cardiovascular disease, lung cancer, and metabolic syndrome co-occur
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frequently. Multi-label classification frameworks and causal inference models are needed to disentangle COPD-specific
signals.

Foundation Models and Large-Scale Pretraining: Large multimodal foundation models (e.g., Med-PaLM 2, BioViL-T)
pretrained on vast corpora of medical imaging, clinical text, and genomics data represent a paradigm shift. Efficient fine-
tuning strategies (LoRA, adapter layers) enable task-specific adaptation with minimal labeled data. Wearable and Remote
Monitoring Integration: Continuous physiological monitoring via pulse oximetry wearables, smartphone spirometry, and
smartwatch-based activity tracking opens new dimensions for real-time COPD management Al.

9. CONCLUSION

This review has demonstrated that multimodal Al frameworks integrating CT imaging, spirometry, acoustic biomarkers,
EHR data, and serum biomarkers represent a transformative advancement in the detection and severity assessment of
Chronic Bronchitis and COPD. The proposed six-layer reference architecture — spanning data acquisition, preprocessing,
feature extraction, Al inference, severity classification, and explainable clinical output — provides a comprehensive
blueprint for next-generation COPD management systems.

Current evidence indicates that intermediate multimodal fusion with attention mechanisms, combined with transformer-
based architectures and XAI interpretability layers, achieves the strongest clinical performance, with AUC values
exceeding 0.93 for GOLD-stage classification. Federated learning addresses data privacy constraints for multi-institutional
training. Key remaining challenges encompass dataset heterogeneity, longitudinal modeling, regulatory compliance, and
equitable performance across diverse patient populations.

As Al models continue to mature alongside prospective clinical validation studies, Al-driven multimodal COPD
frameworks are poised to augment clinical decision-making at scale — enabling earlier diagnosis, personalized severity
stratification, and ultimately improved patient outcomes across the global COPD burden.
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