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to correctly classify both normal and lung cancer cases, with minimal false positives and false 
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Abstract  

Respiratory disorders such as COPD, ILD, CPFE, and lung cancer are primarily lung diseases, yet 
they do not operate within isolated physiological boundaries. These conditions share a deeply 
interconnected inflammatory landscape, where chronic immune activation, oxidative stress, 
epithelial injury, and aberrant tissue repair collectively drive both disease progression and 
coexistence. This interconnectedness is evident in clinical practice, where patients frequently 
present with overlapping respiratory conditions such as COPD coexisting with ILD or lung cancer 
because they are shaped by the same underlying molecular and inflammatory pathways. The 
presence of such overlap points to a broader biological principle that chronic inflammation exists 
along a continuum across the body rather than remaining confined to a single organ. As a result, it 
emerges as a systemic process capable of linking diseases that traditionally appear unrelated. This 
becomes clearer when considering how circulating inflammatory mediators, dysregulated immune 
cells, and miRNA-driven signaling can influence tissues beyond the lungs. Within this continuum, 
some immune-mediated conditions for example, Multiple Sclerosis (MS) further demonstrate how 
shared inflammatory and immune-regulatory disturbances can bridge organ systems, reinforcing 
the idea that complex diseases are often unified by common immunological mechanisms rather 
than separated by anatomical boundaries. 

Traditional diagnostic tools including imaging, pulmonary function tests, and histopathology 
frequently detect disease only at advanced stages. In parallel, although omics technologies have 
generated large-scale genomic and transcriptomic datasets, their clinical translation is hindered by 
the complexity of multi-omics signals and by the “black-box’’ nature of most machine learning 
approaches. The present research addresses these gaps by integrating multi-omics analysis, 
machine learning, explainable artificial intelligence (XAI), miRNA–mRNA regulatory network 
exploration, and large language model (LLM)-based interpretability to uncover shared biomarkers, 
elucidate mechanistic relationships across diseases, and develop an accessible, clinically 
interpretable decision-support system for lung disease indication. 

The first component of the study investigates coexistence among COPD, ILD, and CPFE through 
integrative transcriptomic and regulatory network analyses. Using the GSE47460 microarray 
dataset (582 lung tissue samples), rigorous preprocessing, quantile normalization, and class-
balancing with SMOTE were applied, followed by a Random Forest classifier to distinguish 
COPD, ILD, and control samples. Explainable AI using SHAP revealed 20 key genes including 
OCIAD2, IRS2, TRIM2, MUC20, and CCDC109B—that consistently contributed to model 
performance across all classes. Functional enrichment analysis demonstrated that these genes 
participate in oxidative stress, immune activation, epithelial repair, extracellular matrix 
remodeling, and calcium signaling pathways, all of which underpin the shared pathogenesis of 
COPD, ILD, and CPFE. Subsequent validation via heatmaps, gene co-expression networks, single-
cell expression analysis, and miRNA–mRNA regulatory mapping confirmed the biological 
relevance of these markers and identified their involvement in fibroblast activation, inflammatory 
fibroblast signatures, and altered epithelial homeostasis. Collectively, these findings provide 
strong evidence of convergent mechanisms underlying respiratory disease coexistence and 
highlight candidate biomarkers with diagnostic and therapeutic utility. 

The second component explores systemic inflammatory connections among COPD, lung cancer, 
and MS using the GSE61741 peripheral blood miRNA dataset (237 samples) along with an 
independent validation dataset. Machine learning models, supported by SMOTE-based class 
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balancing and 5-fold cross-validation, achieved high predictive accuracy for all four classes. SHAP 
interpretability revealed 20 core miRNAs including hsa-let-7c, hsa-miR-223, hsa-miR-92a, and 
hsa-miR-454 that serve as central regulators across these diseases. These miRNAs converged on 
six shared inflammatory genes (IL6, IL10, CCL2, CCL5, MYC, and ITGB3), forming a cross-
disease regulatory axis linking neuroinflammation, chronic respiratory inflammation, fibrosis, and 
oncogenesis. Downstream enrichment analyses identified common signaling pathways such as 
NF-κB, JAK-STAT, PI3K-Akt, cytokine–cytokine receptor interactions, and immune cell 
activation cascades. Single-cell expression mapping further demonstrated that these genes and 
miRNAs are enriched in inflammatory fibroblasts, macrophages, T cells, and epithelial 
populations, suggesting a shared pathological microenvironment across lung and neurological 
diseases. This objective provides a unified molecular explanation for the epidemiologically 
observed association between MS and COPD and for the heightened risk of lung cancer in COPD 
patients. It also identifies cross-disease miRNA signatures that hold promise as non-invasive 
biomarkers for early detection, risk stratification, and therapeutic targeting. 

The third component translates these findings into a practical, interactive clinical tool through the 
development of a SHAP–LLM powered chatbot for lung disease indication. Using a structured 
dataset of 5,000 individuals with 17 clinical and behavioral features, an XGBoost classifier with 
monotonic constraints was trained to ensure biologically consistent predictions. The model 
achieved high accuracy, cross-validation stability, and strong performance on independent 
validation sets. SHAP-based interpretations were integrated into a conversational interface 
powered by an LLM, enabling users to query risk predictions, feature contributions, and disease 
mechanisms in natural language. The system automatically contextualizes SHAP explanations, 
interprets biomarker relevance, and supports free-text clinical queries, thereby bridging the gap 
between computational prediction and clinician/patient comprehension. This represents a novel 
fusion of clinical feature–based risk prediction, XAI-driven transparency, and LLM-powered 
interpretability, enabling real-time, user-friendly insights from questionnaire and physiological 
data. By integrating SHAP explanations with a conversational interface, the system transforms 
conventional tabular risk scores into intuitive, clinically meaningful guidance, with potential 
applications in telemedicine, early screening, patient counseling, and front-line clinical decision 
support. 

Taken together, this thesis advances three major contributions: (i) the identification of shared 
multi-omics biomarkers and regulatory programs underlying the coexistence of COPD, ILD, 
CPFE, and related conditions; (ii) the discovery of cross-disease miRNA signatures and 
inflammatory axes connecting respiratory and neuroinflammatory disorders; and (iii) the 
development of an interpretable, LLM-augmented clinical decision-support system based on 
questionnaire-derived features rather than molecular biomarkers.. The findings offer a foundation 
for integrated biomarker panels for early diagnosis, unified therapeutic strategies targeting shared 
pathways, and AI-driven decision-support tools capable of enhancing clinical workflows. Future 
research can expand these models to include proteomics, metabolomics, longitudinal patient 
monitoring, and real-time wearable sensor integration. Further refinement of the chatbot into a 
clinically validated decision-support system may facilitate adoption in primary care and 
personalized respiratory healthcare. Ultimately, the study demonstrates how multi-omics analytics, 
explainable machine learning, and advanced language models can be combined to address long-
standing challenges in understanding and managing complex respiratory disorders. 
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Chapter 1  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

1.1 Introduction 

1.1.1 Burden of Respiratory Disorders 
Respiratory disorders are among the leading global causes of morbidity and mortality, imposing a 
major health, social, and economic burden. Conditions such as Chronic Obstructive Pulmonary 
Disease (COPD), interstitial lung disease (ILD), combined pulmonary fibrosis and emphysema 
(CPFE), and lung cancer collectively account for millions of deaths annually [1]. According to the 
World Health Organization, chronic respiratory diseases are projected to cause over five million 
deaths per year by 2060. The progressive and often irreversible nature of these conditions, coupled 
with frequent comorbidities and late diagnoses, underscores the urgent need for improved 
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diagnostic tools and therapeutic strategies. 
 
Chronic respiratory diseases (CRDs) such as COPD and lung cancer are among the most prevalent 
non-communicable diseases, collectively ranking as the third leading cause of death worldwide. 
Beyond mortality, these conditions lead to years of disability, diminished quality of life, and a 
growing financial strain on health systems. Monitoring the global burden of respiratory disorders 
is therefore central to designing targeted prevention and management strategies, and to achieving 
international goals such as the Sustainable Development Goal of reducing premature mortality 
from non-communicable diseases by one-third by 2030[2–4]. 
 
Among the various risk factors, tobacco use is one of the most prominent drivers of respiratory 
morbidity and mortality. Evidence from the Global Burden of Disease (GBD) (fig.1.1) study 
demonstrates that tobacco-related respiratory disease deaths and disability-adjusted life years 
(DALYs) have risen substantially over the past three decades, even as age-standardized mortality 
and DALY rates show a gradual decline. This apparent paradox reflects population growth and 
aging, which amplify the absolute burden despite relative improvements in disease control. Men 
and elderly individuals remain disproportionately affected, with the highest burdens concentrated 
in South Asia, East Asia, and Oceania. Such findings point to significant regional and 
socioeconomic disparities in the impact of respiratory disorders[4]. 

 
Figure 0.1.1  Global burden of chronic respiratory diseases (CRDs): age-standardized mortality 

rates (left) and disability-adjusted life years [DALYs] (right) per 100,000 population 

. 

 
 
Looking ahead, forecasts suggest a continued decline in age-standardized rates of mortality and 
disability from tobacco-related respiratory disorders up to 2036[2], indicating the positive effects 
of tobacco control policies and improved clinical management. However, the absolute number of 
cases and deaths will likely remain high, particularly in countries with medium levels of 
socioeconomic development where healthcare access is limited and tobacco use is widespread. 
These trends highlight the urgent need for robust, country-specific interventions that combine 
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prevention, early diagnosis, and effective treatment. By prioritizing high-risk populations and 
strengthening public health infrastructure, it is possible to reduce the overall burden of respiratory 
disorders and move closer to global targets for non-communicable disease control. 
 
 

1.2 Research Rationale and Problem Identification 
Respiratory diseases such as COPD, ILD, CPFE, and lung cancer contribute substantially to global 
morbidity and mortality, yet their diagnosis and prognosis remain challenging. Although imaging, 
pulmonary function tests, and histopathology are standard diagnostic modalities, they often detect 
disease only at advanced stages, limiting therapeutic options and survival outcomes. Hence, there 
is an urgent need for novel biomarkers and integrative frameworks that can provide early, accurate, 
and clinically interpretable insights into disease onset, coexistence, and progression.  
In recent years, molecular regulators, particularly non-coding RNAs such as microRNAs 
(miRNAs), have emerged as promising candidates for biomarker discovery. Dysregulated 
miRNA–mRNA networks play crucial roles in inflammation, fibrosis, apoptosis, and oncogenesis. 
Circulating miRNAs, owing to their stability in body fluids, present themselves as non-invasive 
diagnostic and prognostic tools. However, despite compelling evidence, their clinical translation 
remains incomplete, with limited integration into routine patient care. 
Further complexity arises from the coexistence of respiratory diseases with systemic or 
overlapping conditions. A well-established example is the frequent concurrence of COPD with 
lung cancer or ILD, which reflects shared molecular pathways such as oxidative stress, telomere 
attrition, and mitochondrial dysfunction. Additionally, systemic autoimmune disorders like 
Multiple Sclerosis (MS) are increasingly recognized to have inflammatory and molecular crosstalk 
with respiratory diseases. Recent meta-analyses show that people with MS have a significantly 
higher prevalence of COPD compared to healthy controls, indicating that MS-driven systemic 
inflammation and immune dysregulation may predispose to chronic lung pathology. These 
overlapping disease patterns remain insufficiently characterized in terms of their molecular 
networks, shared biomarkers, and clinical implications. 
The rapid growth of multi-omics datasets (genomics, transcriptomics, proteomics, clinical data) 
provides unprecedented opportunities to unravel these complex disease mechanisms. Traditional 
machine learning (ML) and deep learning (DL) models have demonstrated success in biomarker 
identification, disease classification, and outcome prediction. However, their “black-box” nature 
significantly hampers trust, adoption, and clinical translation. Clinicians demand not only accurate 
predictions but also transparent, biologically interpretable explanations of why specific predictions 
are made. 
This necessitates the integration of Explainable Artificial Intelligence (XAI). Methods such as 
SHapley Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations 
(LIME) allow researchers to quantify the contribution of individual molecular features (e.g., 
miRNAs, mutations, proteins) to model outputs. When coupled with Large Language Models 
(LLMs), these tools open new avenues for clinical translation by transforming complex results into 
human-readable, interactive insights. 
In this context, a SHAP-LLM powered chatbot for lung disease indication offers a transformative 
solution. Such a system would integrate miRNA biomarkers, multi-omics datasets, and XAI-
driven outputs into an LLM interface, enabling clinicians, researchers, and patients to query 
disease risks, mechanisms, and treatment implications in a conversational manner. This approach 
addresses both the scientific need for transparent biomarker discovery and the practical need for 
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accessible, interpretable decision-support tools in respiratory healthcare. 
 
 
Based on these identified gaps and opportunities, the present study has been designed with the 
following objectives. 
 

1.3 Objectives 

1.3.1 To investigate the coexistence and shared molecular mechanisms among 
respiratory diseases through integrative multi-omics and regulatory network 
analyses. 

1.3.2 To explore systemic inflammatory crosstalk between neuro-inflammatory 
disorders and respiratory diseases.  

1.3.3 To develop a SHAP-LLM powered chatbot for lung disease indication, which 
leverages explainable machine learning models and large language models. 

1.4 Literature Review  

1.4.1 Chronic Obstructive Pulmonary Disease (COPD) 
 COPD, according to (Global Initiative for Chronic Obstructive Lung Disease) GOLD 2023, is a 
broad lung disorder that comprises severe respiratory problems (dyspnea, cough, expectoration) 
triggered by bronchitis, bronchiolitis, and the alveolar malformations (emphysema) that produce 
chronic and frequently progressive airflow obstruction [16]. This condition is an inflammatory 
condition involving the airways, lung parenchyma, and pulmonary vasculature. The process is 
thought to involve oxidative stress and protease-antiprotease imbalances. Emphysema describes 
one of the structural changes seen in COPD where there is destruction of the alveolar air sacs (gas-
exchanging surfaces of the lungs) leading to obstructive physiology. In emphysema, an irritant 
(e.g., smoking) causes an inflammatory response. Neutrophils and macrophages are recruited and 
release multiple inflammatory mediators. Oxidants and excess proteases leading to the destruction 
of the air sacs. The protease-mediated destruction of elastin leads to a loss of elastic recoil and 
results in airway collapse during exhalation[17].  
 

1.4.2 COPD and Lung Cancer 
Lung cancer is a leading cause of death in people with COPD [18] and National Lung Screening 
Trial found that the probability of acquiring lung cancer was 2.15 times higher in those with COPD 
than in those without COPD [19,20]. Both lung cancer and COPD have smoking as a common risk 
factor, which is why they frequently occur together. Since lung cancer is so fatal, it is rational to 
assume that the percentage of COPD patients with lung cancer-related death is indicative of the 
prevalence of lung cancer among COPD patients[21].  
Lung cancer and COPD share several risk factors, including genetic predisposition, telomere 
shortening, mitochondrial dysfunction, and accelerated aging, suggesting that they may be 
different manifestations of the same disease. Antioxidants such anti-proteases, DNA repair 
mechanisms etc., may be able to handle the damage caused by smoking in most smokers. However, 
these fail in both cancer and COPD, leading, respectively, to mutations and cancer or to cell and 
protein damage that is too extensive to repair[22].  
 

1.4.3 Non-coding RNAs and miRNA–mRNA Regulatory Networks 
MicroRNAs (miRNAs) noncoding RNA molecules with 18 to 25 nucleotides. By either inhibiting 
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the production of proteins or speeding up the breakdown of mRNAs, both of which affect gene 
expression [23,24]and hence take part in a cell division, differentiation, apoptosis, disease onset 
and progression, and many other biological processes. According to various studies, multiple 
disorders, including COPD, have been linked to miRNA dysregulation. miRNAs (particularly 
circulating miRNAs) may become an integral part of the COPD assessment programs during future 
preventive treatment because they can also be articulated persistently in body fluids[23]. 
Numerous research analyzing tissue-derived miRNA profiles have demonstrated that abnormal 
miRNA profiles are linked to a wide variety of human disease disorders. (e.g., lung and breast 
cancer[25,26], or glioblastoma (GBM)[27]). Due to their exceptional stability, these small nucleic 
acids are being considered as potential diagnostic markers. Serum miRNA patterns have been 
studied extensively for many diseases, (TB, breast, prostate, and ovarian cancer[28]). 
 
The Dicer process produces a pair of RNA that is approximately 21 nucleotides in length. When 
the miRNA has reached maturity, one of its two strands is placed in RISC. The "star" thread (the 
other strand) frequently breaks. miR-145* is appended with an asterisk (*) to indicate that it is the 
star strand. However, for some miRNAs, both strands may reach RISC at roughly the same rate. 
The "5p" strand originates from the 5' end of the stem-loop, while the "3p" strand originates from 
the 3' end. RISC loading may in fact strongly support the incorporation of a single strand. However, 
recent research utilizing next-generation sequencing (NGS) has revealed that for nearly all miRNA 
families, only a limited number of star strands are loaded. Even more complicated, the names of 
some miRNAs vary based on the cell type or biological state. Because of these factors, the use of 
random mature/star names is diminishing, and the use of 5p/3p name methods is increasing [29] . 
 
Non-coding RNAs (ncRNAs) play crucial roles in regulating gene expression, among which 
microRNAs (miRNAs) are one of the most extensively studied classes. miRNAs are short non-
coding RNAs (18–25 nucleotides) that regulate post-transcriptional gene expression by binding to 
complementary messenger RNAs (mRNAs), leading to mRNA degradation or translational 
repression. Through these interactions, miRNA–mRNA regulatory networks orchestrate essential 
biological processes including cell proliferation, differentiation, apoptosis, immune regulation, 
and inflammatory signaling. 
 
Aberrant miRNA–mRNA interactions have been implicated in the pathogenesis of COPD, lung 
cancer, and other chronic diseases. For instance, integrative analyses have revealed dysregulated 
miRNA–mRNA networks associated with COPD phenotypes and disease 
progression[30].Similarly, combined transcriptomic and miRNA analyses in lung tissue have 
identified cross-disease regulatory signatures in COPD and ILD[31]. Beyond respiratory 
conditions, comparative studies have shown that COPD and non-small cell lung cancer share 
common miRNAs and target mRNAs in oncogenic and inflammatory pathways[32]. 
Recent multi-omics studies have even integrated miRNA–mRNA–protein networks, providing 
comprehensive insights into COPD pathogenesis [33]. These findings underscore the potential of 
miRNA–mRNA networks not only as mechanistic insights but also as clinically actionable 
biomarkers when coupled with explainable machine learning approaches. 
 

1.4.4 Interstitial Lung Disease and CPFE 
People with connective tissue disease associated with interstitial lung disease (CTD-ILD) were 
more likely to get lung cancer than people with ILD alone; the rates were 27% for men and 28% 
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for women. Lung cancer was 3.2 times more likely in men aged 40 to 49 who had both CTD and 
ILD than in men aged 40 to 49 who only had ILD[34].  It is known that people with combined 
pulmonary fibrosis and emphysema (CPFE) have a higher risk of death than people with COPD 
alone, but it is not clear what the risk is for people with idiopathic pulmonary fibrosis (IPF). 
Exacerbation, lung cancer, and pulmonary hypertension are all signs that a person with CPFE is 
not likely to get better. People with COPD often have interstitial lung abnormalities, which could 
be an early or mild form of ILD. These abnormalities are a sign of a bad outlook. Different ideas 
have been put forward about how CPFE affects the body. Biomarker studies suggest that this 
process may be more closely linked to the development of IPF than to COPD or emphysema. 
People who have CPFE should be told to stop smoking and get regular lung function tests and 
pulmonary therapy may also help. CPFE patients may benefit from several medications and 
surgery methods, but more research is needed[35].  
 

1.4.5 Multiple Sclerosis and Systemic Inflammatory Crosstalk 
 
Although primarily a neurological disorder, Multiple Sclerosis (MS) provides an important 
perspective on systemic inflammation relevant to respiratory health. MS is a chronic autoimmune 
disease of the central nervous system (CNS), characterized by demyelination, axonal degeneration, 
and persistent neuroinflammation ([36];[37]). The disease is driven by aberrant immune responses, 
including infiltration of autoreactive T cells, activation of B cells, and inflammatory signaling 
cascades that damage myelin and neuronal structures ([38];[39]).  
In recent years, miRNA dysregulation has been recognized as a central feature of MS pathology. 
Specific miRNAs regulate T-cell differentiation, Th17 responses, and signaling pathways such as 
NF-kB, JAK/STAT, and PI3K-Akt, which are also implicated in COPD and lung cancer [40]. For 
example: 

 miR-155 and miR-326 are overexpressed in MS and promote pro-inflammatory T-cell 
responses[41]. 

 miR-146a acts as a negative regulator of inflammation but is often dysregulated across 
autoimmune and respiratory disorders[42]. 

Recent evidence suggests that MS is associated with an elevated risk of developing chronic lung 
diseases, particularly COPD. A 2024 systematic review and meta-analysis of 40 studies involving 
287,702 people with MS (pwMS) found pooled prevalences of asthma and COPD at 5.97% and 
3.03%, respectively. Importantly, while asthma did not show a significant association with MS 
(OR 1.14; 95% CI 0.76–1.71), COPD was significantly more common in pwMS, with an odds 
ratio of 1.28 (95% CI 1.11–1.47, p < 0.01) compared to healthy controls[43]. These findings 
highlight that pwMS are more susceptible to COPD, whereas asthma prevalence appears 
coincidental rather than causally linked. The coexistence of COPD and MS may therefore reflect 
both shared systemic inflammatory pathways and neurogenic contributions to respiratory 
compromise(Tabel.1). 
 

Table1.0.1. Overlap between MS, COPD, Lung Cancer and ILD 

Disease / 
Condition 

Global 
Burden & 
Mortality 

Key Risk 
Factors 

Molecular / 
Pathophysiological 
Features 

Diagnostic 
Challenges 

Overlap / 
Crosstalk 

COPD 3.2 million 
deaths 

Tobacco 
smoking, air 

Oxidative stress, 
protease–

Often detected 
late; spirometry 

Shares risk and 
molecular 
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annually; 
major 
contributor 
to CRDs [5] 

pollution, 
occupational 
exposure[6] 

antiprotease 
imbalance, alveolar 
destruction [7] 

underused in low-
resource 
settings[7] 

pathways with 
lung cancer, 
ILD; linked 
with systemic 
inflammation[8] 

Lung 
Cancer 

Leading 
cause of 
cancer 
death 
worldwide; 
2.1× risk in 
COPD 
patients [9] 

Smoking, 
aging, genetic 
predisposition  

Telomere 
shortening, 
mitochondrial 
dysfunction, DNA 
repair failure → 
mutations 

Late-stage 
detection; poor 
survival outcomes 
despite screening 
[9] 

Frequently co-
occurs with 
COPD; shares 
inflammatory 
and molecular 
pathways 

ILD (incl. 
CTD-
ILD) 

Variable 
prevalence; 
higher 
mortality 
when 
combined 
with lung 
cancer [10] 

Autoimmunity, 
smoking, 
environmental 
exposures  

Fibrosis pathways: 
TGF-β, ECM 
remodeling [11]  

Often diagnosed 
late; overlap with 
COPD hampers 
clarity [12] 

ILD patients 
have ↑ risk of 
lung cancer; 
overlaps with 
CPFE [12] 

CPFE High 
mortality; 
worse 
prognosis 
than COPD 
or IPF alone  

Smoking, 
aging  

Mixed features of 
fibrosis + 
emphysema; 
vascular remodeling 
[12] 

Difficult to 
classify; limited 
targeted therapies  

Biomarker 
signatures 
closer to IPF; 
high risk of lung 
cancer [12] 

Multiple 
Sclerosis 
(MS) 

2.8M 
people 
worldwide; 
COPD 
prevalence 
~3% in 
pwMS [13] 

Autoimmunity, 
systemic 
inflammation  

Neuroinflammation, 
demyelination, 
dysregulated 
miRNAs (miR-155, 
miR-326, miR-
146a) [13,14] 

Primarily 
neurological focus 
→ respiratory 
links 
underexplored[13]  

Systemic 
inflammatory 
crosstalk 
predisposes 
pwMS to 
COPD[13]  

Shared 
Pathways 

Collectively 
>5M CRD 
deaths 
projected 
annually by 
2060 [15] 

Smoking, 
pollution, 
genetic 
susceptibility, 
aging  

Dysregulated 
miRNA–mRNA 
networks; oxidative 
stress; apoptosis; 
fibrosis; immune 
dysregulation [12–
14] 

Conventional tests 
(PFTs, imaging, 
histopathology) 
lack early 
detection power  

Common 
miRNA 
signatures 
across COPD, 
lung cancer, 
ILD, and MS; 
highlight 
biomarker 
discovery need 
[12–14] 
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Figure 1.0.2 Integrated overview of shared neuroinflammatory and respiratory pathogenic 

mechanisms across Multiple Sclerosis, COPD, ILD, and related disorders, highlighting immune 
dysregulation, environmental triggers, and common miRNA-mediated inflammatory pathways. 

 
 

1.4.6 Artificial Intelligence and Explainable Models in Respiratory Research 
 
The growing complexity of multi-omics data in COPD, ILD, lung cancer, and MS necessitates 
advanced computational approaches capable of managing high-dimensional datasets and 
uncovering hidden regulatory signatures. In recent years, bioinformatics integration with 
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healthcare has generated vast amounts of biological and clinical data. These large-scale datasets 
serve as the foundation for artificial intelligence (AI) approaches, where machine learning (ML) 
and deep learning (DL) algorithms can systematically extract patterns, identify biomarkers, and 
predict disease trajectories with greater accuracy and efficiency.ML has come to be as a valuable 
resource for detecting and forecasting chronic illnesses such as diabetes[44],hypertension[45], 
cholesterol[46], sleep disorders[47], CVDs[48], stroke[49], COVID-19[50] etc. In this research, 
COPD is of particular interest. Many investigations into this disease have been carried out with 
the use of supervised ML models[51]. In a study to determine which traits are crucial for case 
identification, the authors utilized Random Forest[52]. In [53] individuals admitted to the ED for 
asthma or COPD exacerbation were studied, and the authors assessed the accuracy of multiple ML 
methods for predicting two clinical outcomes. In a study[54] researchers systematically investigate 
the feasibility of using deep and non-deep ML models to forecast the readmission probability of 
COPD patients. In study [55], to improve the accuracy of COPD predictions, the authors examined 
three popular ML techniques (decision tree, naive Bayes, and Bayesian network) using the receiver 
operating characteristic (ROC) measure. 
 
However, a critical limitation of conventional ML and deep learning approaches lies in their 
“black-box” nature, which restricts clinical adoption due to a lack of interpretability. Explainable 
Artificial Intelligence (XAI) methods, such as SHapley Additive exPlanations (SHAP) and Local 
Interpretable Model-agnostic Explanations (LIME), have been developed to overcome this barrier. 
These methods not only improve trust in model predictions but also provide biologically 
meaningful insights by quantifying the contribution of individual features (e.g., genes, miRNAs, 
proteins) to outcomes[56]. 
 
More recently, Large Language Models (LLMs) have emerged as powerful tools capable of 
contextualizing complex biomedical knowledge and enabling natural language interactions with 
high-dimensional data. When combined with XAI techniques like SHAP, LLMs can translate 
computationally intensive results into clinically interpretable, conversational insights. Such 
integration holds the potential to revolutionize biomarker discovery, patient stratification, and 
clinical decision support in respiratory research. Thus, the convergence of multi-omics data, XAI, 
and LLM-driven interpretability lays the foundation for the present study. 
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2 Chapter 2 
 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

 
 
 

2.1 Objective 1: To investigate the coexistence and Shared molecular mechanisms among 
major respiratory diseases through integrative multi-omics and regulatory network 
analyses. 

 

2.1.1 Problem Statement and Rationale:  
 
Respiratory diseases rarely occur in isolation. Increasing evidence suggests that coexistence of 
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multiple respiratory conditions such as COPD, ILD, lung cancer, and CPFE is not merely 
coincidental but reflects shared risk factors, overlapping molecular pathways, and convergent 
pathological processes. Epidemiological studies have shown that patients with COPD have a 
significantly higher risk of developing lung cancer, while those with ILD, particularly idiopathic 
pulmonary fibrosis (IPF) or connective tissue disease-related ILD (CTD-ILD), demonstrate 
elevated incidences of emphysema and malignancy. Similarly, CPFE represents a distinct clinical 
entity that merges features of both emphysema and fibrosis, with worse outcomes compared to 
either disease alone. 
 
The coexistence of these diseases poses unique diagnostic and therapeutic challenges. For instance, 
airflow obstruction in COPD may mask fibrotic changes of ILD on spirometry, while emphysema 
may complicate radiological interpretation in IPF or CPFE. Co-morbid lung cancer in COPD 
patients often leads to delayed detection, reduced treatment options, and poorer survival outcomes. 
From a mechanistic perspective, these diseases share common pathological hallmarks, including 
chronic inflammation, oxidative stress, epithelial injury, aberrant repair, extracellular matrix 
remodeling, and dysregulated immune responses. At the molecular level, evidence points to 
overlapping gene expression patterns and regulatory networks, suggesting that coexistent 
respiratory diseases may represent different manifestations of interconnected biological processes 
rather than entirely separate entities. 
 
Understanding these interrelations is clinically significant. Patients with coexistent respiratory 
diseases generally have poorer prognoses, higher hospitalization rates, and reduced quality of life 
compared to those with single conditions. Moreover, the identification of shared biomarkers and 
pathways could facilitate earlier diagnosis, risk stratification, and the development of integrated 
therapeutic strategies targeting common mechanisms. 
 
Therefore, the investigation of coexistence among respiratory diseases is not only relevant for 
advancing mechanistic insights but also holds direct translational value for personalized medicine. 
By adopting integrative approaches including transcriptomics, bioinformatics, and explainable 
machine learning frameworks this objective aims to systematically unravel the complex interplay 
between these diseases and to inform the design of more effective diagnostic and therapeutic 
interventions. 
 

2.1.2 Background  
COPD and ILD are clinically distinct conditions, yet they may coexist in some individuals[57]. 
This overlap is often attributed to common risk factors such as tobacco use. This specific 
coexistence is known as CPFE, characterized by the presence of emphysema, a form of COPD, 
primarily in the upper lung fields, along with the widespread presence of ILD[57]. In patients with 
COPD, interstitial lung abnormalities (ILA) are frequently observed, which might indicate an early 
or mild stage of ILD. ILAs are characterized by increased lung densities found in chest computed 
tomography (CT) scans of patients without a previous ILD diagnosis. Although the clinical 
features of these lung changes resemble those of ILD, they are generally less severe. This similarity 
suggests that ILAs could represent initial or mild forms of ILD. Approximately 13.5% of 
individuals with COPD exhibit these changes [58] . 
 
The interplay between inflammation and the pathogenesis of chronic pulmonary diseases such as 
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CPFE, COPD, and ILD underscores a complex web of biological mechanisms. In CPFE, the 
uncertain pathogenesis is thought to involve various cytokines and signaling pathways, with 
overexpression of inflammatory mediators like PDGF, TNF-α, and TGF-β being linked to 
emphysema and fibrosis lesions [59]. Similarly, in COPD, epithelial cells play a crucial role in 
mediating inflammation triggered by inhaled toxins and microorganisms, leading to the production 
of cytokines, chemokines, and reactive oxygen species (ROS). Notably, smoking has been shown 
to induce CXCL14 expression by human epithelial cells, correlating with lung cancer 
development, as elaborated in another study[60]. ILD and lung fibrosis, characterized by varying 
fibrosis and inflammation degrees, highlight the importance of persistent low-grade inflammation. 
This persistent inflammation leads to cytokine, growth factor, and tissue proteinase imbalances, 
crucial for understanding these diseases' pathogenesis [61]. Collectively, these insights reveal the 
intricate role of inflammation in the progression of these pulmonary diseases and highlight 
potential areas for further investigation. 
 
Discovering biomarkers for COPD and ILD can serve dual purposes: it aids in diagnosing these 
diseases and uncovers diagnostic markers for CPFE. This knowledge is crucial for developing 
innovative treatments that can improve patient survival. Microarray technology, known for its 
ability to simultaneously assess the expression levels of thousands of genes, has established itself 
as a valuable resource in the identification of biomarkers [62] 
 
The complex interaction between ILD, COPD , and lung cancer poses considerable clinical 
difficulty due to their common risk factors and overlapping pathophysiologies. Smoking is a 
significant risk factor that not only makes individuals more likely to develop COPD and lung 
cancer, but also raises the risk of lung cancer in patients with ILD. The intricate pathways 
connecting fibrogenesis ILD to the development of lung cancer, in addition to the aggravating 
impact of COPD-induced oxidative stress and persistent inflammation [63,64], highlight a critical 
area of study. A study that investigated people with ILD, COPD, and metastatic cancer in the ICU 
gave us important information about their palliative care needs and results. The study showed that 
patients with COPD or ILD were less likely to get complete palliative care than those with 
metastatic cancer, even though they stayed in the ICU and hospital longer. This includes important 
things like figuring out how much pain someone is having, which shows a big difference in care 
and preparation for making end-of-life choices [65]. These results shed light on the bigger problem 
of how to care for people who have these two conditions at the same time, especially the need for 
better hospice care plans that consider how chronic lung diseases and cancer develop in different 
ways [65]. 
 
ML has come to be a valuable resource for detecting and forecasting chronic illnesses such as 
diabetes, hypertension, cholesterol, sleep disorders, CVDs, stroke, COVID-19 etc. In this research, 
COPD and ILD are of particular interest. Many investigations into this disease have been carried 
out with the use of supervised ML models. A study done gene expression biomarkers for COPD 
and ILD comprises mRMR (minimal Redundancy Maximal Relevance) and incremental feature 
selection (IFS) technique to highlight 38 gene biomarker that were fed to a SVM classifier [62]The 
fact that these techniques can be used to highlight gene in progression of condition, but these 
techniques lacks when it comes to explaining the ML classifiers. 
 
To fill this gap, we analyzed expression dataset of 220 COPD, 254 ILD and 108 control with 
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accession GSE47460 and built an RF classier model for multiclass classification for classes 
Control, COPD and ILD. As the data is imbalanced, we applied SMOTE to avoid any bias towards 
majority class and achieved 88.1% accuracy. Following that, we implemented SHAP (python base 
library) to visualize the features (genes) that have impacted the model’ performance. A total of 20 
common genes were found to have contributed to models’ performance and in progression of 
COPD and ILD. These genes can assist not only in understanding the molecular mechanisms of 
both the conditions but also can act as novel biomarkers for CPFE. 
 

2.1.3 Methodology 

2.1.3.1 Data collection:  
The focus of this research is to investigate DEGs to support the coexistence of COPD and ILD and 
identify significant biomarkers through and machine learning approaches that can assist in treating 
the conditions and understanding their interrelated molecular mechanisms to get the insights of 
CPFE. To make our study more clinically significant, we have taken several measures: 
Considering the significant influence of inflammation on both disorders, inflammation was 
incorporated as a crucial aspect of our data mining step. Making sure that the COPD samples we 
used for our study have their relevant GOLD staging ("0-At Risk", “1-Mild”, “2-Moderate”, “3-
moderate” and "4-Very Severe COPD") details was a major focus of our dataset curation. To 
ensure that our findings are applicable in the clinic, gold staging must be included since it provides 
a commonly accepted way to evaluate the severity of COPD using spirometric measurements. 
Microarray data has been acquired from the publicly available database Gene Expression Omnibus 
(GSE47460) [66] and with a pair of groups analyzed using distinct microarray platforms 
(GPL6480 and GPL14550). The dataset has been searched using the keywords ‘COPD’ and ‘ILD’. 
The total RNA extracted from the whole lung homogenates of subjects undergoing thoracic 
surgery. These subjects were diagnosed as being controls or having ILD or COPD. The total 
sample consisted of 582 subjects, of whom 254 were ILD patients, 220 had COPD, and 108 were 
healthy controls. 
 

2.1.3.2 Data preprocessing: 
The raw data has been acquired from the GEO database, which needs to be normalized for ML to 
perform well. We decided to do quantile normalization for our dataset. We conducted a log2-
transformation and quantile normalization on the expression data to generate boxplots and 
expression density plots for both the normalized and non-normalized datasets. The resulting 
dataset includes 15,261 genes. The dataset includes samples of COPD, ILD, and CONTROL, 
which were further used for the multi-class classification. 
 

2.1.3.3 Machine learning: 
Recent advances in computing capacity (such as massive parallel computing and GPUs) and data 
analytics and AI techniques (such as ML and DL) have created new opportunities in biomedicine 
and other sectors of data science. So, we chose to implement machine learning on our dataset. As 
our data is imbalanced, we chose to use the synthetic minority oversampling technique 
(SMOTE)[67] . Many machine learning algorithms have been shown to struggle with classification 
due to the class-imbalance problem. Utilizing this imbalance data can lead to biasness of model 
towards the majority class. To avoid that we have performed SMOTE technique. After that, we 
also performed cross validation using Stratified Fold (splits=5) step for model validation. 
Furthermore, the data is randomly split into a 90:10 ratio (90% training and 10% testing). 1
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The random forest classifier (RF) combines the results of multiple classification trees into a single 
result. As the classifier can operate on classification as well as regression tasks, we chose a random 
forest classifier for our model, which was trained on a training dataset for multi-class classification 
between COPD, ILD, and CONTROL. The RF algorithms are available for numerous languages, 
and Python was the most used language for RF classifiers, due to which we chose Python to build 
the model. The performance of the model is judged on the bases of accuracy, confusion matrix, 
and classification report. 
 

2.1.3.4 Explaining the trained model using SHAP: 
To explain the trained RF classifier, we utilized the XAI algorithm SHAP, which is a library 
developed in Python. XAI provides a lens for the RF classifier to make the model more transparent 
and explain the model’s performance. This is accomplished by emphasizing the features (genes) 
that have impacted the model's ability to classify between the classes COPD, ILD, and CONTROL. 
To provide a further explanation of the function that genes play in predicting all three classes, a 
SHAP bar plot was constructed. Following that, a SHAP-based local summary plot was developed 
to facilitate further interaction for each individual class, namely COPD, ILD, and CONTROL. 
 

2.1.3.5 Relevance of identified genes: 
To gain a more comprehensive understanding of the identified genes, we have employed a 
multifaceted approach. SRplot [68]is being incorporated for enrichment analysis of identified 
genes.  After that the, focus was on evaluating the impact of these genes on model performance 
and their differential expression patterns. For this purpose, we employed IDEP 1.0 [69]for 
generating heatmaps of the top genes identified through SHAP analysis. These visual 
representations were crucial in elucidating the distinct expression profiles of these genes. 
Furthering our analysis, we reintroduced these top-performing genes into our model. This step was 
pivotal in assessing their influence on the model’s accuracy and in generating a detailed confusion 
matrix.  
To predict the functions of these genes, we turned to GeneMANIA[70]. This tool allowed us to 
explore the relationships and networks between the genes and their targets, facilitating the 
identification of gene clusters with similar characteristics or functions. Additionally, to delve into 
the role of these top genes at the single-cell level, we utilized the Single Cell Portal[71]. This 
analysis was complemented by comprehensive enrichment analyses, including gene ontology and 
pathway analysis. Lastly, we have incorporated miRNet 2.0 online tool [72] to create and assess 
the networks of interactions between miRNA and their targets(fig.2.1). 
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Figure 2.1Representation of proposed Model 
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2.2 Objective 2:  To explore systemic inflammatory crosstalk between neuro-
inflammatory disorders and respiratory diseases.  

 

2.2.1 Problem Statement and Rationale 
Although COPD, lung cancer, and MS are clinically distinct, there is growing evidence that they share 
common inflammatory and molecular pathways. Epidemiological studies highlight a higher prevalence of 
COPD among MS patients, and COPD itself is strongly associated with the development of lung cancer. 
Smoking, a common environmental trigger, further strengthens this triad of disease interactions. Despite 
this, the precise mechanisms of molecular convergence remain poorly characterized. 
 
Current research has identified miRNAs as key regulators of inflammatory processes, capable of 
modulating immune cascades and maintaining homeostasis. Dysregulation of these miRNAs contributes to 
immune dysfunction, epithelial damage, fibrosis, and carcinogenesis. However, the role of miRNA-
mediated regulation in linking neurological and respiratory disorders is still inadequately explored. 
Clinically, the coexistence of these disorders poses challenges for early diagnosis, risk stratification, and 
therapeutic decision-making. Patients often present with overlapping symptoms and poorer prognoses, and 
the absence of shared biomarker panels limits precision medicine strategies. 
 
Thus, the problem lies in the insufficient integration of omics data across neuro-inflammatory and 
respiratory diseases, and the lack of interpretable computational models to identify common biomarkers 
and pathways. 
 
The rationale for this objective is that by applying machine learning and explainable AI to cross-disease 
miRNA expression datasets, it becomes possible to uncover regulatory networks that drive multiple 
diseases simultaneously. This integrative approach not only improves our understanding of inflammatory 
crosstalk but also opens avenues for diagnostic markers and therapeutic targets applicable across conditions 
like COPD, lung cancer, and MS. 
 

2.2.2 Background 
Lung cancer, Multiple sclerosis (MS), and chronic obstructive pulmonary disease (COPD) all have 
distinct clinical presentations, yet they are all related by persistent inflammation. Due to the 
weakening of respiratory muscles, neurogenic pulmonary edema, and decreased coughing 
efficiency, MS, a neuroinflammatory disorder, increases the risk and of aspiration lung infections, 
which raises morbidity and mortality [73]. Parallel to MS, COPD is characterized by persistent 
airway inflammation and has been associated with an increased risk of developing MS, especially 
in younger individuals diagnosed before to the age of 60 [74]. Studies have shown a dose-
dependent association between smoking exposure and MS risk [75]. Smoking is a common 
environmental trigger for MS and also plays a significant role in the development of COPD and 
lung cancer. According to recent research, there may be a causal relationship between MS and 
lung cancer due to similar molecular mechanisms between the two ailments [76]. This suggests 
that these inflammatory pathways interact beyond the scope of individual diseases. This mutual 
dependence of diseases on immune system dysregulation points to shared pathways that may 
facilitate the development of these diseases. 
 
Building on these common pathways, it becomes evident that immunological dysfunction and 
chronic inflammation are the governing factors for lung cancer, MS, and COPD, despite their 
targeting of distinct physiological systems. According to[77], the processes of demyelination, 
neuro-axonal damage, and gliosis in MS are driven by interactions among T cells, B cells, and 
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myeloid cells. This highlights the significance of therapies that modify immune responses from a 
pro-inflammatory to an anti-inflammatory state. Similarly, there is a pathological overlap between 
lung cancer and COPD, two diseases that are strongly associated with smoking, which further 
establishes their link. Not only is COPD common in lung cancer patients, it also acts as a risk 
factor for the illness. In both cases, there is a breakdown of the extracellular matrix, NF-κB 
activation, epithelial-to-mesenchymal transition, and immunological dysfunction. Smoking 
aggravates these processes further by promoting the development of the disease through 
angiogenesis, autophagy disturbances, and epigenetic alterations [78]. 
 
MicroRNAs, or miRNAs, regulate immune responses and modify inflammation at several levels, 
and this is at the core of these interrelated disorders. Through feedback loops, miRNAs adjust the 
inflammatory cascade, controlling the phases of inflammation that precede, intensify, and resolve. 
According to[79],  the biogenesis of miRNAs is closely controlled during inflammatory processes, 
altering their synthesis, processing, and stabilization to maintain immunological homeostasis. This 
miRNA-mediated regulation offers a promising framework for identifying common biomarkers 
and formulating integrated therapeutic strategies that target the shared molecular mechanisms 
underlying MS, COPD, and lung cancer. Although these diseases impact distinct organ systems—
neurological, respiratory, respectively they are all fundamentally shaped by chronic inflammation 
and immune dysregulation. We intentionally selected MS, COPD, and lung cancer to explore how 
systemic inflammatory processes manifest across different physiological contexts, with the 
hypothesis that a unified omics-based and XAI-driven analytical approach could reveal converging 
regulatory miRNA signatures. 
By adopting this broader systems-level perspective, our goal was to move beyond disease-specific 
analyses and uncover shared molecular pathways that are often obscured in conventional studies. 
This cross-disease integration not only deepens our understanding of disease intersectionality but 
also expands the potential for biomarker discovery and the development of therapies that can target 
multiple inflammatory conditions simultaneously. 
 
Building on this rationale, we recognize that the early diagnosis and effective treatment of chronic 
diseases such as MS, COPD, and lung cancer remain particularly challenging due to their complex 
and often overlapping molecular mechanisms. Although chronic inflammation is a well-
established hallmark across these conditions, the precise role of miRNAs in modulating disease 
onset and progression remains only partially understood. Our study seeks to bridge this gap by 
systematically exploring miRNA-mediated regulatory networks across these diseases, with the 
goal of uncovering shared molecular signatures that may serve as clinically actionable biomarkers 
or therapeutic targets. 
This need becomes even more urgent in light of growing evidence linking MS, COPD, and lung 
cancer to shared environmental triggers, immune dysregulation, and convergent inflammatory 
pathways. Identifying common biomarkers across these diseases could facilitate the development 
of integrated diagnostic tools and unified therapeutic strategies—an essential step toward 
personalized, cross-disease clinical management. To advance this goal, we turned to machine 
learning (ML) techniques, which are well-suited to uncovering complex, nonlinear patterns within 
high-dimensional biomedical datasets.  To advance this goal, we turned to machine learning (ML) 
techniques, which are well-suited to uncovering complex, nonlinear patterns within high-
dimensional biomedical datasets.  
However, traditional ML models, though powerful in detecting complex patterns within high-
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dimensional biomedical data, often lack transparency and biological interpretability. To overcome 
this limitation, we implemented explainable artificial intelligence (XAI) methodologies, enabling 
us to disentangle the model’s decision-making process and extract biologically meaningful 
insights. This interpretability not only strengthens the clinical relevance of our findings but also 
enhances confidence in the translational potential of computational predictions. 
To investigate shared molecular signatures across COPD, lung cancer, and MS, we utilized 
publicly available peripheral blood miRNA expression data from the Gene Expression Omnibus 
(GEO) database (GSE61741)[80] . This dataset includes 1,049 samples out of which 237 samples 
consisting 47 from COPD patients, 73 from individuals with lung cancer, 23 with MS, and 94 
healthy controls. 
The research identified 20 important miRNAs, such as hsa-let-7c and miR-223, that modulate 
relevant to inflammation, immunology, and disease development. These miRNAs revealed similar 
biological pathways and identified prospective biomarkers for diagnostic and therapeutic 
techniques in MS, COPD, and lung cancer. Furthermore, these miRNAs serve as key regulators 
for the six inflammatory genes: CCL2, CCL5, IL10, IL6, ITGB3, and MYC. Our study integrates 
ML with XAI techniques, specifically SHapley Additive exPlanations (SHAP), to bridge data-
driven predictions and biological interpretability. This approach provides a novel framework for 
identifying cross-disease biomarkers, with particular emphasis on the immune dysregulation 
linking neurological and respiratory conditions. A comprehensive list of abbreviations used in this 
study is provided in Supplementary Table S1. 
 

2.2.3 Methodology 
2.2.3.1 Data Collection: 

The miRNA profile array data has been acquired from NCBI’s GEO database with the accession 
number GSE61741[80]. The data consists of peripheral blood profiles of individuals with a range 
of disorders, and those with healthy people. The overall design of the dataset comprises 1049 
samples, of which 94 are controls, 15 are long-lived individuals, and 940 patients have been 
checked for the full set of miRNAs with respect to miRNAs V12–14. COPD, lung cancer, MS and 
healthy controls patients were chosen, and the rest were discarded, leaving 237 samples (Control 
= 94, COPD = 47, Lung Cancer = 73, MS= 23). Further, a independent dataset was chosen to 
validation purpose with GSE31568 [81] Table 2.1.  
 

Tabel.2.1Summarized Data 

Accession 
No. 

Platform Microarray 
Technology 

Sample 
Breakdown 

Total 
Samples 

Normalization Missing 
Values 

Batch 
Effect 
Correction 

GSE61741 GPL9040 febit Homo 
sapiens 
miRBase 
13.0 

MS: 23, 
COPD: 47, 
Control: 94, 
Lung 
Cancer: 74 

238 Log2 + 
Quantile 
normalization 

None 
(preprocessed, 
median of 7 
replicates) 

Not 
performed 
(same 
platform) 

GSE31568 
(Independent 
Validation 
Dataset) 

GPL9040 febit Homo 
sapiens 
miRBase 
13.0 

MS: 24, 
COPD: 25, 
Control: 71, 
Lung 

150 Log2 + 
Quantile 
normalization 

None Not 
performed 
(analyzed 
separately) 

Page 39 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592

Page 39 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592



31 | P a g e  
 

Cancer: 33 
 
 .   

2.2.3.2 Data Preprocessing: 
Normalizing the raw data acquired from the GEO database is essential for the efficient functioning 
of ML. We have opted to do quantile normalization for our dataset. We generated boxplots and 
expression density plots for both the normalized and non-normalized datasets by implementing a 
log2 transformation and quantile normalization on the expression data (fig.2.2). A total of 849 
miRNAs were incorporated into the dataset. Further samples for the multi-class classification were 
extracted from the dataset, encompassing COPD, lung cancer, MS, and CONTROL. No additional 
filtering was applied to the 849 miRNAs, in order to preserve even low-abundance signals that 
may have functional relevance in disease-specific inflammatory processes. The dataset was 
obtained as a preprocessed matrix from GEO (GSE61741), where each miRNA was measured in 
at least seven replicates, and the median value was computed by the original authors. As a result, 
no missing values were present, and no imputation methods were required. 
Furthermore, batch effect correction was not performed, since all samples originated from the same 
platform (GPL9040 – Agilent Human miRNA Microarray) and were processed under a consistent 
protocol. Importantly, the training and external validation datasets (GSE61741 and GSE31568) 
were analyzed independently to avoid any potential confounding due to dataset merging. This 
ensures the integrity of cross-dataset model evaluation without the need for cross-batch 
harmonization. 
 
 
A) Non-normalized Expression vs Density plot       B) Normalized Expression vs Density plot 

 
Figure 2.2Expression value for raw and normalized data with log2 transformation and quantile 

normalization. 

 
2.2.3.3 Machine Learning: 

Biomedicine and other fields of data science have recently benefited from new opportunities made 
possible by advances in computer power, data analytics, and artificial intelligence techniques, such 
as deep learning (DL) and ML. Considering these facts, we decided to incorporate ML. As our 
data is imbalanced, we chose to use the synthetic minority oversampling technique (SMOTE)[67]. 
To mitigate potential overfitting issues that may arise from SMOTE, we implemented several 
strategies. We optimized model parameters using hyperparameter tuning to avoid overfitting 
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owing to SMOTE and model complexity. We used Grid Search Cross-Validation to assess all 
critical hyperparameter combinations within a range. To find the optimal configuration, the mean 
cross-validation score was calculated for each set of parameters. For further validation, we then 
used Stratified Fold cross-validation (splits=5). 90% of the data are randomly assigned for training 
and 10% are assigned for testing in a 90:10 ratio. After that to make the model more robust and 
more reliable we conducted a model validation using independent validation dataset 
(GSE31568)[81] 
Various classifiers including Random Forrest (RF), XGBoost (XGB), Linear Regression(LR) and 
Support vector machine (SVM) were compared on the bases of accuracy before further analysis. 
All ML, visualization, and interpretability tasks were performed using Python (v3.10) with the 
following libraries: scikit-learn (v1.2.2), imbalanced-learn (v0.11.0), shap (v0.42.1), matplotlib 
(v3.7.1), seaborn (v0.12.2), pandas (v1.5.3), and numpy (v1.24.2) (See Supplementary Table S2 
for tool versions, links, and usage details). 
 

2.2.3.4 A SHAP-based explanation of the trained model: 
Shapley Additive Explanation can shed light on complicated models like DL and ML techniques, 
tree-based models, LR, and more. SHAP is based on Shapley's contribution to game theory , which 
outlines the mechanisms by which output can be modified through the application of different 
features and connects credit allotments to regional simplification. How much loss there is for all 
feature splits across all trees can help determine how essential features are in a tree ensemble 
model. This is inconsistent since it doesn't consider how essential feature order is in trees. This 
causes feature contributions to be unequal. Popular but unreliable approaches to gauge importance 
include the number of times each feature is split. Instead, SHAP values can attain consistency. 
When 'x' is a vector containing all the model's feature values, ‘∅s’ can be computed using a linear 
corporative model. The following is the rationale given by SHAP: 

ǧ(ź) = ∅଴ +෍∅௜
௜ୀଵ

Ź௜ 

The explanation in the model is represented by ǧ; in game theory, the coalition vector and its size 
are shown by ź = [〖0,1〗^Μ], ‘M’ respectively. The feature ‘i’ is denoted by ∅_i. Shapley's 
values are additive, efficient, symmetric, and fictitious. Since SHAP determines Shapley values, 
it satisfies both requirements. Several SHAP publications discuss inconsistencies between SHAP 
and Shapley traits. SHAP identified three desirable qualities: local accuracy, absence, and 
consistency[82] . 
We employed the Python-based XAI technique SHAP to elucidate the foremost trained classifier. 
XAI provides the classifier with an enhanced understanding that elucidates the model's internal 
mechanisms and efficacy. The model's ability to differentiate among COPD, lung cancer, MS, and 
control is augmented by emphasizing the traits (miRNAs) that influence this knowledge. A SHAP 
bar plot was generated to provide a more detailed elucidation of the function miRNAs play in 
predicting all four classes. The subsequent phase involved generating a SHAP-based local 
summary plot for each class—COPD, lung cancer, MS, and control—to facilitate further 
interaction. 
 

2.2.3.5 Profiling of identified miRNAs: 
To visualize the impact of these SHAP identified miRNAs on model performance and their 
differential expression patterns, we decided to generate a heatmap of top identified miRNAs using 
iDEP[69]. The distinct expression characteristics of each miRNA were significantly elucidated 
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using these visual representations[12]. Following that, SHAP individual violin plots emphasize 
the most significant miRNAs across several classes. Common miRNAs for each category are 
selected from these summary plots. The prevalent miRNAs are inputted into MIENTURNET 
[83]to identify their target genes.  
 Further pathway enrichment and gene ontology were caried out using SRPlots[68]. At last single 
cell analysis was performed to visualize the expression of gene at single cell level using single cell 
portal[71]. This systematically offers insights into shared molecular mechanisms driving these 
conditions (Fig.2.3).  
 

 
Figure 2.3Systematic representation of workflow 
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2.3 Objective 3: To develop a SHAP-LLM powered chatbot for lung disease indication, 
which leverages explainable machine learning models and large language models. 

 

2.3.1 Problem Statement and Rationale 
 
The rapid expansion of high-throughput omics technologies and clinical data has enabled the application 
of advanced computational models in respiratory research. While machine learning and explainable AI 
frameworks such as SHAP can highlight the contribution of molecular features to disease risk and 
progression, the communication of these outputs remains highly technical and inaccessible to non-
computational experts. Clinicians, researchers, and patients require insights that are not only accurate but 
also interpretable, contextualized, and easily communicated. This lack of accessibility has limited the real-
world integration of computational models into clinical decision-making. 
 
Large Language Models (LLMs) provide a unique opportunity to address this challenge. Unlike static 
reporting systems, LLMs are capable of interpreting complex outputs, generating human-readable 
narratives, and facilitating dynamic, conversational interaction with biomedical data. When combined with 
SHAP, which provides the foundation for transparent feature attribution, LLMs can transform these outputs 
into clinically meaningful explanations that situate biomarkers within biological and pathological contexts. 
This integration allows predictions such as the contribution of a specific miRNA or gene to be explained in 
natural language, thereby bridging the gap between computational rigor and clinical usability. 
 
The problem, therefore, lies not only in the interpretability of predictive models but in the absence of a 
platform that can communicate these insights in a form that directly supports real-time decision-making 
and patient engagement. The rationale for this objective is to design a SHAP-LLM powered chatbot that 
integrates biomarker discovery with conversational explainability, thereby creating an intelligent interface 
between complex datasets and their end-users. Such a system has the potential to enhance transparency, 
improve the accessibility of computational predictions, and promote the adoption of AI-driven insights in 
respiratory disease management. 
 
 

2.3.2 Introduction 
Pulmonary diseases such as chronic obstructive pulmonary disease (COPD), asthma, and lung cancer are among the 
leading causes of morbidity and mortality worldwide, posing a significant burden on healthcare systems and society 
at large[84][85][86]. Early and accurate identification of individuals at risk for these conditions is critical for 
improving patient outcomes, enabling timely intervention, and reducing long-term healthcare costs[84][87]. However, 
traditional diagnostic pathways often rely on subjective symptom reporting, clinician expertise, and resource-intensive 
procedures like spirometry or imaging, which can lead to variability in diagnosis and delayed treatment, particularly 
in resource-constrained settings[84] [87]. 
In recent years, artificial intelligence (AI) and machine learning (ML) have emerged as transformative tools in 
pulmonary medicine, offering the potential to enhance diagnostic accuracy, risk stratification, and personalized 
care[88][89]. AI-driven models have demonstrated superior performance compared to traditional clinical assessments 
in interpreting pulmonary function tests, analyzing imaging data, and predicting disease progression. For instance, 
studies have shown that AI-based software can outperform pulmonologists in the interpretation of pulmonary function 
tests and risk classification, while deep learning (DL) algorithms have achieved high accuracy in detecting 
undiagnosed cases of COPD from low-dose CT scans[84]. Furthermore, the integration of AI into telemedicine and 
remote monitoring platforms has enabled more dynamic, real-time management of chronic respiratory diseases, 
supporting both clinicians and patients in making informed decisions[89]. 
 
Despite these advances, the adoption of AI in clinical practice faces two major challenges: a lack of transparency in 
decision-making often referred to as the "black box" problem and limited accessibility of AI-generated insights for 
non-expert users. Explainable AI (XAI) frameworks, such as SHAP (SHapley Additive exPlanations), have been 
developed to address the first challenge by providing interpretable, instance-level explanations of model 
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predictions[56]. However, bridging the gap between technical outputs and actionable clinical or patient guidance 
remains a pressing need. . 
Recent systematic reviews have underscored the untapped potential of AI-powered chatbots in chronic disease 
management, including respiratory conditions like COPD and asthma [90,91]. Despite the increasing prevalence of 
chronic diseases globally, only a limited number of studies have rigorously evaluated conversational agents tailored 
to these conditions, with most remaining at the prototype stage and lacking standardized development. These agents 
typically rely on natural language processing (NLP) and ML to provide functionalities such as symptom monitoring, 
patient education, medication reminders, and behavior modification [91,92]. Studies reviewed demonstrated 
promising outcomes such as improved treatment adherence, symptom recognition, and user engagement yet also 
highlighted persistent challenges related to transparency, clinical trustworthiness, and generalizability across diverse 
populations [92]. Our chatbot addresses these gaps by integrating XAI (via SHAP) with a LLM to generate both 
personalized risk predictions and conversational explanations, advancing the field from passive risk scoring tools 
toward dynamic, patient-facing decision support systems specifically built for pulmonary disease contexts.  
We employed a publicly available Kaggle dataset due to its large sample size and diverse feature representation, which 
supports the development of robust machine learning models. Notably, recent peer-reviewed studies have also used 
Kaggle datasets for medical AI research, validating its suitability for scientific investigation[93]. By leveraging a 
dataset from Kaggle [94]of 5,000 clinical and behavioral records, the model employs domain-informed monotonic 
constraints to ensure biologically plausible outputs and uses SHAP for feature attribution, enhancing trust and 
interpretability. The dataset includes 17 features per patient, capturing demographic information, lifestyle habits, 
medical history, and symptomatology associated with lung cancer risk and pulmonary disease. The addition of LLM 
enables the translation of technical explanations into accessible narratives and supports natural language queries, 
making the tool both informative and user-friendly. To complement these capabilities with methodological rigor, we 
employed stratified data splitting into training, validation, and test sets, applied the Synthetic Minority Over-sampling 
Technique (SMOTE)[67] to mitigate class imbalance in the training data, and performed five-fold cross-validation to 
evaluate model generalizability. Additionally, SHAP-based feature attribution was used on the unseen test set to 
validate interpretability and ensure biologically consistent explanations for key predictors. 

2.3.3 Methodology 
2.3.3.1 Dataset and Preprocessing 

The dataset used in this study was obtained from Kaggle and includes 5000 instances[94] (2,038 lung cancer cases  &  
2,964 normal cases) with 17 clinical and behavioral features relevant to pulmonary disease classification. Categorical 
string features were transformed using LabelEncoder[95], the target variable is binary, indicating the presence (1) or 
absence (0) of lung cancer, while continuous variables such as Oxygen Saturation were normalized using 
StandardScaler[96]. Additionally, the Energy Level feature was discretized into clinically meaningful categories: high 
(≥60), moderate (50–59), and low (<50), to reflect real-world fatigue levels relevant to pulmonary risk stratification. 
To address class imbalance, the SMOTE[67] was applied only to the training set, ensuring improved sensitivity 
without introducing information leakage into validation or test sets. 

2.3.3.2 Data Splitting and Cross-Validation 
The dataset was stratified and divided into three parts: 60% for training, 20% for validation, and 20% for testing. To 
ensure robustness and prevent overfitting, 5-fold stratified cross-validation was conducted on the training set. Cross-
validation folds were implemented using a pipeline that integrated SMOTE and classifier training to maintain balanced 
classes across splits. 

2.3.3.3 Model Development 
An XGBoost classifier [97]was selected due to its strong performance in tabular classification tasks and support for 
monotonic constraints. The model was configured with logloss as the objective function and trained using the training 
set, with hyperparameter tuning performed through cross-validation. 
To improve clinical trust and consistency, monotonic constraints were explicitly applied to key features: 

 Positive monotonicity: Increasing features like age, alcohol consumption, are expected to increase disease 
risk. 

 Negative monotonicity: Increasing Oxygen Saturation and Energy Level are expected to reduce disease risk. 

These constraints ensured that model predictions aligned with established medical knowledge and reduced the risk of 
biologically implausible outputs. 
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2.3.3.4 Model Interpretability 
Model explainability was achieved using SHAP [82]. A SHAP explainer was initialized using a representative 100-
sample subset of the training data. For each prediction, SHAP values were computed to estimate the marginal 
contribution of each feature to the final output. These values were visualized in ranked bar charts [12,98]within the 
user interface, providing transparent insight into the model’s decision-making. 

2.3.3.5 Web Application Architecture 
A web-based application was developed using the Dash framework[99]. The platform allows clinicians and users to: 

 Enter feature values via interactive widgets 

 Receive real-time predictions with accompanying probability scores 

 View SHAP-based visual explanations for transparency 

The app is structured with tabs for prediction, automated explanation, and custom query support, enhancing usability 
in clinical or educational settings. 

2.3.3.6 Natural Language Explanation Assistant 
To facilitate interpretability for non-expert users, the platform integrates a conversational AI module using LangChain 
and the Ollama LLM (Mistral). For each prediction, an automated query template is filled with the SHAP summary 
and submitted to the LLM. This produces a clinically grounded, human-readable explanation. Additionally, users can 
pose free-text questions about their prediction or risk factors and receive interactive, context-aware responses. This 
enhances the tool's accessibility and supports patient education[100]. 
To enhance interpretability, SHAP values were computed using the SHAP package and visualized with Plotly. A local 
LLM powered by Ollama was integrated for automatic explanation and user query response. All components were run 
within a Conda-managed environment(fig.2.4). The full list of package versions is provided in Table 2.2. 

Table 2.2Summary of packages utilized 

Component Version Source / Notes 

Python 3.11 Conda environment 

Dash 2.16.1 Interactive UI framework 

Plotly 5.22.0 For SHAP bar plot rendering 

Pandas 2.2.2 Data handling 

NumPy 1.26.4 Numerical operations 

Scikit-learn 1.4.2 Preprocessing, train-test split 

XGBoost 2.0.3 Classification with monotonic constraints 

SHAP 0.45.1 Feature contribution explanation 

Imbalanced-learn (SMOTE) 0.12.2 Synthetic oversampling 

Joblib 1.4.2 Model persistence 

LangChain 0.1.17 LLM pipeline construction 

LangChain Community 0.0.34 Ollama interface wrapper 

Ollama 0.1.29 (CLI) Local LLM runner (https://ollama.com) 

LLM Model mistral Automatically pulled via ollama run mistral 
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Figure 2.4Systematic Workflow 
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This chapter presents the findings of the study in accordance with the objectives defined in Chapter 
II. The results are organized objective-wise, beginning with the identification of candidate 
biomarkers , followed by the investigation of coexistence among respiratory diseases, and 
subsequently the exploration of systemic inflammatory crosstalk between neuro-inflammatory and 
respiratory disorders. The final section demonstrates the translational application of these findings 
through the development of a SHAP-LLM powered chatbot for lung disease indication. 
 

 
3.1  Results for Objective 1: To investigate the coexistence and shared molecular 

mechanisms among major respiratory diseases through integrative multi-omics and 
regulatory network analyses. 

 
The microarray data was acquired in its raw form from NCBI’s Gene expression. Following that, 
Supplementary file 1 depicts the GOLD characterization of COPD samples for both the platforms 
i.e. GPL6480 (Table.1) and GPL14550(Table.3.1 ). Tabel.3.2 summarizes the data including GEO 
accession number, platform number ID and no. of sample. 
 
 

Table3.1GOLD Characterization of COPD 

GSE47460 - GPL6480 

Accession Title 
Source 
name 

Disease 
state 

Characteristics 
Gold 
stage 

GSM1149949 LT001098RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 41.5 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 24 
%predicted fvc (pre-bd): 73 %predicted fev1 
(post-bd): 26 %predicted fvc (post-bd): 78 
%predicted dlco: 34 

4-Very 
Severe 
COPD 

GSM1149953 LT007392RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 71.6 (PTX) smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 46 
%predicted fvc (pre-bd): 76 %predicted fev1 
(post-bd): 51 %predicted fvc (post-bd): 90 
%predicted dlco: 45 

2-
Moderate 
COPD 

GSM1149954 LT009099RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.121 smoker?: 3-Never 
%predicted fev1 (pre-bd): 88 %predicted fvc 
(pre-bd): 79 %predicted fev1 (post-bd): 91 
%predicted fvc (post-bd): 79 %predicted dlco: 
102 

0-At 
Risk 

GSM1149956 LT010491LL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 3.767 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 73 
%predicted fvc (pre-bd): 82 %predicted fev1 
(post-bd): 78 %predicted fvc (post-bd): 83 
%predicted dlco: 66 

2-
Moderate 
COPD 

GSM1149960 LT024952RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 
%emphysema (f-950): 41.9 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 16 
%predicted fvc (pre-bd): 47 

4-Very 
Severe 
COPD 

66
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GSM1149961 LT026458RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%predicted fev1 (pre-bd): 54 %predicted fvc 
(pre-bd): 63 %predicted fev1 (post-bd): 67 
%predicted fvc (post-bd): 77 %predicted dlco: 
69 

2-
Moderate 
COPD 

GSM1149964 LT032411RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 5.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 102 
%predicted fvc (pre-bd): 111 %predicted fev1 
(post-bd): 106 %predicted fvc (post-bd): 115 
%predicted dlco: 76 

1-Mild 
COPD 

GSM1149965 LT032775RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 29.5 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 33 
%predicted fvc (pre-bd): 62 %predicted fev1 
(post-bd): 40 %predicted fvc (post-bd): 89 
%predicted dlco: 46 

3-Severe 
COPD 

GSM1149967 LT038075LL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 8.16 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 108 
%predicted fvc (pre-bd): 108 %predicted fev1 
(post-bd): 107 %predicted fvc (post-bd): 108 
%predicted dlco: 103 

0-At 
Risk 

GSM1149968 LT038591LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 
%emphysema (f-950): 44.8 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 22 
%predicted fvc (pre-bd): 62 

4-Very 
Severe 
COPD 

GSM1149969 LT042988LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 
%emphysema (f-950): 59.8 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 16 
%predicted fvc (pre-bd): 23 

4-Very 
Severe 
COPD 

GSM1149972 LT046103LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 10.5 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 73 
%predicted fvc (pre-bd): 85 %predicted fev1 
(post-bd): 80 %predicted fvc (post-bd): 86 
%predicted dlco: 74 

0-At 
Risk 

GSM1149973 LT046180RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 14.2 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 25 
%predicted fvc (pre-bd): 59 %predicted fev1 
(post-bd): 28 %predicted fvc (post-bd): 66 
%predicted dlco: 14 

4-Very 
Severe 
COPD 

GSM1149978 LT050246RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 41.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 18 
%predicted fvc (pre-bd): 49 %predicted dlco: 
27 

4-Very 
Severe 
COPD 

GSM1149979 LT051568RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.8 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 44 
%predicted fvc (pre-bd): 55 %predicted fev1 
(post-bd): 54 %predicted fvc (post-bd): 65 
%predicted dlco: 103 

2-
Moderate 
COPD 

GSM1149980 LT051993RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 27.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 28 
%predicted fvc (pre-bd): 79 %predicted fev1 
(post-bd): 32 %predicted fvc (post-bd): 86 
%predicted dlco: 41 

3-Severe 
COPD 
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GSM1149986 LT056627RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 2.6 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 25 
%predicted fvc (pre-bd): 51 %predicted fev1 
(post-bd): 47 %predicted fvc (post-bd): 89 
%predicted dlco: 56 

3-Severe 
COPD 

GSM1149989 LT059224RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.9 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 113 
%predicted fvc (pre-bd): 98 %predicted fev1 
(post-bd): 123 %predicted fvc (post-bd): 105 
%predicted dlco: 73 

0-At 
Risk 

GSM1149990 LT059865RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 30.1 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 35 
%predicted fvc (pre-bd): 77 %predicted fev1 
(post-bd): 37 %predicted fvc (post-bd): 84 
%predicted dlco: 30 

3-Severe 
COPD 

GSM1149991 LT060406RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 11.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 60 
%predicted fvc (pre-bd): 81 %predicted dlco: 
62 

2-
Moderate 
COPD 

GSM1149995 LT070021RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 2 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 49 
%predicted fvc (pre-bd): 69 %predicted fev1 
(post-bd): 63 %predicted fvc (post-bd): 81 
%predicted dlco: 68 

2-
Moderate 
COPD 

GSM1150000 LT075917RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 48.8 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 24 
%predicted fvc (pre-bd): 37 %predicted fev1 
(post-bd): 25 %predicted fvc (post-bd): 42 
%predicted dlco: 31 

4-Very 
Severe 
COPD 

GSM1150002 LT079013RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 10.72 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 23 
%predicted fvc (pre-bd): 43 %predicted dlco: 
34 

4-Very 
Severe 
COPD 

GSM1150003 LT081077RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 3.6 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 67 
%predicted fvc (pre-bd): 93 %predicted fev1 
(post-bd): 74 %predicted fvc (post-bd): 100 
%predicted dlco: 96 

2-
Moderate 
COPD 

GSM1150005 LT084831RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.03 smoker?: 2-Ever (>100) 
%predicted fev1 (pre-bd): 57 %predicted fvc (pre-bd): 69 
%predicted fev1 (post-bd): 62 %predicted fvc (post-bd): 66 
%predicted dlco: 49 

GSM1150006 LT085240RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 24.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 22 
%predicted fvc (pre-bd): 48 %predicted dlco: 
26 

4-Very 
Severe 
COPD 

GSM1150007 LT086542RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.3 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 70 
%predicted fvc (pre-bd): 82 %predicted fev1 
(post-bd): 81 %predicted fvc (post-bd): 90 
%predicted dlco: 88 

1-Mild 
COPD 

44
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GSM1150013 LT096554LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 
%predicted fev1 (pre-bd): 76 %predicted fvc 
(pre-bd): 91 %predicted fev1 (post-bd): 87 
%predicted fvc (post-bd): 98 

1-Mild 
COPD 

GSM1150016 LT100984RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.1 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 34 
%predicted fvc (pre-bd): 43 %predicted fev1 
(post-bd): 34 %predicted fvc (post-bd): 44 
%predicted dlco: 86 

3-Severe 
COPD 

GSM1150020 LT106557LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 26.9 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 26 
%predicted fvc (pre-bd): 68 %predicted dlco: 
32 

4-Very 
Severe 
COPD 

GSM1150025 LT110408RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 44.4 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 21 
%predicted fvc (pre-bd): 70 %predicted fev1 
(post-bd): 22 %predicted fvc (post-bd): 75 
%predicted dlco: 31 

4-Very 
Severe 
COPD 

GSM1150027 LT112339LI_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 3.5 smoker?: 1-Current 
%predicted fev1 (pre-bd): 74 %predicted fvc 
(pre-bd): 90 %predicted fev1 (post-bd): 78 
%predicted fvc (post-bd): 91 %predicted dlco: 
79 

2-
Moderate 
COPD 

GSM1150029 LT113077LL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 2.1 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 64 
%predicted fvc (pre-bd): 74 %predicted fev1 
(post-bd): 71 %predicted fvc (post-bd): 78 
%predicted dlco: 68 

2-
Moderate 
COPD 

GSM1150038 LT121841RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 8.8 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 76 
%predicted fvc (pre-bd): 119 %predicted fev1 
(post-bd): 85 %predicted fvc (post-bd): 120 
%predicted dlco: 98 

1-Mild 
COPD 

GSM1150043 LT123457RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 1.4 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 93 
%predicted fvc (pre-bd): 104 %predicted fev1 
(post-bd): 101 %predicted fvc (post-bd): 108 
%predicted dlco: 74 

0-At 
Risk 

GSM1150044 LT125775RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.4 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 73 
%predicted fvc (pre-bd): 85 %predicted fev1 
(post-bd): 74 %predicted fvc (post-bd): 84 
%predicted dlco: 57 

2-
Moderate 
COPD 

GSM1150045 LT126293RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.4 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 84 
%predicted fvc (pre-bd): 100 %predicted fev1 
(post-bd): 93 %predicted fvc (post-bd): 106 
%predicted dlco: 72 

1-Mild 
COPD 

GSM1150046 LT126571RU_COPD 
Flash 
frozen 

COPD 
%emphysema (f-950): 41.796 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 40 
%predicted fvc (pre-bd): 13 %predicted fev1 

4-Very 
Severe 
COPD 

10
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whole 
lung 

(post-bd): 18 %predicted fvc (post-bd): 36 
%predicted dlco: 52 

GSM1150047 LT127070RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 1.1 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 52 
%predicted fvc (pre-bd): 64 %predicted fev1 
(post-bd): 54 %predicted fvc (post-bd): 68 
%predicted dlco: 67 

2-
Moderate 
COPD 

GSM1150049 LT130350RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 43.768 smoker?: 3-
Never %predicted fev1 (pre-bd): 20 %predicted 
fvc (pre-bd): 44 %predicted fev1 (post-bd): 25 
%predicted fvc (post-bd): 51 %predicted dlco: 
43 

4-Very 
Severe 
COPD 

GSM1150050 LT131432RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 70 
%predicted fvc (pre-bd): 81 %predicted fev1 
(post-bd): 74 %predicted fvc (post-bd): 96 
%predicted dlco: 61 

2-
Moderate 
COPD 

GSM1150052 LT132625RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 51.431 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 24 
%predicted fvc (pre-bd): 64 %predicted fev1 
(post-bd): 23 %predicted fvc (post-bd): 64 
%predicted dlco: 17 

4-Very 
Severe 
COPD 

GSM1150059 LT144462RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 7.241 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 69 
%predicted fvc (pre-bd): 87 %predicted fev1 
(post-bd): 74 %predicted fvc (post-bd): 94 
%predicted dlco: 64 

2-
Moderate 
COPD 

GSM1150060 LT145086RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 
%emphysema (f-950): 43.3 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 21 
%predicted fvc (pre-bd): 52 

4-Very 
Severe 
COPD 

GSM1150061 LT145162RM_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 7.3 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 55 
%predicted fvc (pre-bd): 77 %predicted fev1 
(post-bd): 66 %predicted fvc (post-bd): 102 
%predicted dlco: 52 

2-
Moderate 
COPD 

GSM1150062 LT147658RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 33.5 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 24 
%predicted fvc (pre-bd): 61 %predicted fev1 
(post-bd): 26 %predicted fvc (post-bd): 68 
%predicted dlco: 36 

4-Very 
Severe 
COPD 

GSM1150063 LT150340LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

smoker?: 1-Current %predicted fev1 (pre-bd): 
51 %predicted fvc (pre-bd): 76 %predicted fev1 
(post-bd): 60 %predicted fvc (post-bd): 87 
%predicted dlco: 35 

2-
Moderate 
COPD 

GSM1150064 LT150981RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.469 smoker?: 2-Ever (>100) 
%predicted fev1 (pre-bd): 62 %predicted fvc (pre-bd): 70 
%predicted fev1 (post-bd): 66 %predicted fvc (post-bd): 73 
%predicted dlco: 69 

10
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GSM1150065 LT152979LL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 17.813 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 51 
%predicted fvc (pre-bd): 98 %predicted fev1 
(post-bd): 60 %predicted fvc (post-bd): 105 
%predicted dlco: 47 

2-
Moderate 
COPD 

GSM1150069 LT160089RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 1.82 smoker?: 3-Never 
%predicted fev1 (pre-bd): 85 %predicted fvc 
(pre-bd): 102 %predicted fev1 (post-bd): 93 
%predicted fvc (post-bd): 110 %predicted dlco: 
71 

1-Mild 
COPD 

GSM1150071 LT161707RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 21.1 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 26 
%predicted fvc (pre-bd): 64 %predicted fev1 
(post-bd): 29 %predicted fvc (post-bd): 68 
%predicted dlco: 34 

4-Very 
Severe 
COPD 

GSM1150074 LT166565RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 36.6 smoker?: 2-Ever (>100) 
%predicted fev1 (pre-bd): 19 %predicted fvc (pre-bd): 45 
%predicted fev1 (post-bd): 50 %predicted fvc (post-bd): 53 
%predicted dlco: 22 

GSM1150077 LT169564RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.5 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 92 
%predicted fvc (pre-bd): 101 %predicted fev1 
(post-bd): 91 %predicted fvc (post-bd): 99 
%predicted dlco: 112 

1-Mild 
COPD 

GSM1150082 LT174536LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 18 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 53 
%predicted fvc (pre-bd): 75 %predicted fev1 
(post-bd): 58 %predicted fvc (post-bd): 77 
%predicted dlco: 64 

2-
Moderate 
COPD 

GSM1150086 LT184347RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 6.5 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 57 
%predicted fvc (pre-bd): 90 %predicted fev1 
(post-bd): 64 %predicted fvc (post-bd): 92 
%predicted dlco: 61 

2-
Moderate 
COPD 

GSM1150093 LT193936RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%predicted fev1 (pre-bd): 40 %predicted fvc 
(pre-bd): 78 %predicted fev1 (post-bd): 61 
%predicted fvc (post-bd): 94 %predicted dlco: 
86 

2-
Moderate 
COPD 

GSM1150099 LT204017RL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.9 smoker?: 1-Current 
%predicted fev1 (pre-bd): 36 %predicted fvc 
(pre-bd): 48 %predicted fev1 (post-bd): 37 
%predicted fvc (post-bd): 51 %predicted dlco: 
45 

3-Severe 
COPD 

GSM1150102 LT206010LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 0.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 63 
%predicted fvc (pre-bd): 65 %predicted fev1 
(post-bd): 66 %predicted fvc (post-bd): 73 
%predicted dlco: 67 

2-
Moderate 
COPD 

GSM1150105 LT211728RU_COPD 
Flash 
frozen 

COPD 
%emphysema (f-950): 0.974 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 69 

2-
Moderate 
COPD 

10
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whole 
lung 

%predicted fvc (pre-bd): 83 %predicted fev1 
(post-bd): 79 %predicted fvc (post-bd): 88 

GSM1150112 LT230267RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

smoker?: 2-Ever (>100) %predicted fev1 (pre-
bd): 13 %predicted fvc (pre-bd): 53 %predicted 
fev1 (post-bd): 14 %predicted fvc (post-bd): 56 
%predicted dlco: 25 

4-Very 
Severe 
COPD 

GSM1150116 LT235584RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 61.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 19 
%predicted fvc (pre-bd): 63 %predicted fev1 
(post-bd): 21 %predicted fvc (post-bd): 82 
%predicted dlco: 35 

4-Very 
Severe 
COPD 

GSM1150117 LT242420LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 58.6 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 14 
%predicted fvc (pre-bd): 59 %predicted fev1 
(post-bd): 14 %predicted fvc (post-bd): 62 
%predicted dlco: 24 

4-Very 
Severe 
COPD 

GSM1150120 LT262496LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 
%emphysema (f-950): 45.3 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 16 
%predicted fvc (pre-bd): 35 

4-Very 
Severe 
COPD 

GSM1150123 LT265199LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 4.2 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 44 
%predicted fvc (pre-bd): 71 %predicted fev1 
(post-bd): 56 %predicted fvc (post-bd): 83 
%predicted dlco: 75 

2-
Moderate 
COPD 

GSM1150126 LT271679LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 3.197 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 35 
%predicted fvc (pre-bd): 39 %predicted fev1 
(post-bd): 41 %predicted fvc (post-bd): 46 
%predicted dlco: 44 

3-Severe 
COPD 

GSM1150127 LT271851LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 9.3 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 68 
%predicted fvc (pre-bd): 106 %predicted fev1 
(post-bd): 76 %predicted fvc (post-bd): 106 
%predicted dlco: 58 

2-
Moderate 
COPD 

GSM1150129 LT274443LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 29.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 36 
%predicted fvc (pre-bd): 71 %predicted fev1 
(post-bd): 35 %predicted fvc (post-bd): 83 
%predicted dlco: 27 

3-Severe 
COPD 

GSM1150131 LT277036RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 2.1 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 17 
%predicted fvc (pre-bd): 51 %predicted fev1 
(post-bd): 23 %predicted fvc (post-bd): 66 
%predicted dlco: 57 

4-Very 
Severe 
COPD 

GSM1150133 LT282031RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 35.6 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 32 
%predicted fvc (pre-bd): 80 %predicted fev1 
(post-bd): 44 %predicted fvc (post-bd): 99 
%predicted dlco: 42 

3-Severe 
COPD 
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GSM1150134 LT282467LL_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 5.6 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 36 
%predicted fvc (pre-bd): 71 %predicted fev1 
(post-bd): 50 %predicted fvc (post-bd): 81 
%predicted dlco: 78 

3-Severe 
COPD 

GSM1150136 LT284144LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 27.5 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 58 
%predicted fvc (pre-bd): 114 %predicted dlco: 
13 

2-
Moderate 
COPD 

GSM1150138 LT291578RU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 62 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 19 
%predicted fvc (pre-bd): 78 %predicted dlco: 
16 

4-Very 
Severe 
COPD 

GSM1150139 LT291673RM_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 1 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 42 
%predicted fvc (pre-bd): 49 %predicted fev1 
(post-bd): 55 %predicted fvc (post-bd): 63 
%predicted dlco: 95 

2-
Moderate 
COPD 

GSM1150140 LT294945LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 

%emphysema (f-950): 4.7 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 15 
%predicted fvc (pre-bd): 21 %predicted fev1 
(post-bd): 19 %predicted fvc (post-bd): 26 

4-Very 
Severe 
COPD 

GSM1150141 LT295167LU_COPD 

Flash 
frozen 
whole 
lung 

COPD 
%emphysema (f-950): 41.9 smoker?: 2-Ever 
(>100) %predicted fev1 (pre-bd): 27 
%predicted fvc (pre-bd): 77 

4-Very 
Severe 
COPD 

 
 
 
 
 
 
 
 
 
 
 
 

GSE47460 - GPL14550 

Accession Title Disease state 
Gold 
stage Characteristics 

GSM1150145 LT012861RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 6.3 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
22 %predicted fvc (pre-bd): 52 
%predicted dlco: 33 

GSM1150147 LT030041RU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 0.1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
77 %predicted fvc (pre-bd): 105 
%predicted fev1 (post-bd): 80 
%predicted fvc (post-bd): 90 
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%predicted dlco: 77 

GSM1150162 LT155982RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 46.559 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 20 %predicted fvc (pre-
bd): 32 %predicted fev1 (post-bd): 23 
%predicted fvc (post-bd): 36 
%predicted dlco: 31 

GSM1150164 LT159988RL_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 45 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
16 %predicted fvc (pre-bd): 58 
%predicted dlco: 26 

GSM1150166 LT168204LL_COPD COPD 
0-At 
Risk 

smoker?: 3-Never %predicted fev1 
(pre-bd): 118 %predicted fvc (pre-bd): 
92 %predicted fev1 (post-bd): 121 
%predicted fvc (post-bd): 92 
%predicted dlco: 54 

GSM1150170 LT194990RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 59.7 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 16 %predicted fvc (pre-bd): 50 
%predicted fev1 (post-bd): 16 
%predicted fvc (post-bd): 56 

GSM1150178 LT002501RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 6.168 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 46 %predicted fvc (pre-bd): 74 
%predicted fev1 (post-bd): 52 
%predicted fvc (post-bd): 81 
%predicted dlco: 36 

GSM1150182 LT017275LL_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 15.9 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 31 %predicted fvc (pre-bd): 67 
%predicted fev1 (post-bd): 32 
%predicted fvc (post-bd): 66 
%predicted dlco: 50 

GSM1150184 LT020426LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.4 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
46 %predicted fvc (pre-bd): 56 
%predicted fev1 (post-bd): 55 
%predicted fvc (post-bd): 64 
%predicted dlco: 82 

GSM1150185 LT024106RU_COPD COPD 

%emphysema (f-950): 0.4 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
67 %predicted fvc (pre-bd): 68 
%predicted fev1 (post-bd): 69 
%predicted fvc (post-bd): 72 

GSM1150186 LT024460RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.8 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
73 %predicted fvc (pre-bd): 88 
%predicted fev1 (post-bd): 77 
%predicted fvc (post-bd): 91 
%predicted dlco: 77 
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GSM1150187 LT025997RU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 40.046 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 76 %predicted fvc (pre-
bd): 88 %predicted fev1 (post-bd): 80 
%predicted fvc (post-bd): 90 
%predicted dlco: 20 

GSM1150188 LT028044RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 13.886 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 35 %predicted fvc (pre-
bd): 73 %predicted fev1 (post-bd): 35 
%predicted fvc (post-bd): 76 

GSM1150189 LT028427LU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 42.5 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 27 %predicted fvc (pre-bd): 73 
%predicted fev1 (post-bd): 32 
%predicted fvc (post-bd): 71 
%predicted dlco: 31 

GSM1150190 LT030151RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 11.616 
smoker?: 1-Current %predicted fev1 
(pre-bd): 60 %predicted fvc (pre-bd): 
98 %predicted fev1 (post-bd): 65 
%predicted fvc (post-bd): 116 
%predicted dlco: 48 

GSM1150192 LT034070LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 16.4 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 53 %predicted fvc (pre-bd): 86 
%predicted fev1 (post-bd): 60 
%predicted fvc (post-bd): 87 
%predicted dlco: 48 

GSM1150193 LT034821RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 8.555 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 33 %predicted fvc (pre-bd): 72 
%predicted fev1 (post-bd): 44 
%predicted fvc (post-bd): 91 
%predicted dlco: 35 

GSM1150199 LT042552RL_ILD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 16.3 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 60 %predicted fvc (pre-bd): 70 
%predicted fev1 (post-bd): 60 
%predicted fvc (post-bd): 80 
%predicted dlco: 43 

GSM1150200 LT043343LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1.216 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 75 %predicted fvc (pre-bd): 83 
%predicted fev1 (post-bd): 79 
%predicted fvc (post-bd): 85 
%predicted dlco: 82 

GSM1150201 LT043798LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 6.392 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 61 %predicted fvc (pre-bd): 76 
%predicted fev1 (post-bd): 66 
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%predicted fvc (post-bd): 77 
%predicted dlco: 61 

GSM1150203 LT057972LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 2.3 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
59 %predicted fvc (pre-bd): 86 
%predicted dlco: 38 

GSM1150204 LT058691LU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 23.6 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 22 %predicted fvc (pre-bd): 50 
%predicted fev1 (post-bd): 25 
%predicted fvc (post-bd): 54 
%predicted dlco: 22 

GSM1150206 LT059975LU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 14.325 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 43 %predicted fvc (pre-
bd): 78 %predicted fev1 (post-bd): 41 
%predicted fvc (post-bd): 78 

GSM1150210 LT070403LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 2.5 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
48 %predicted fvc (pre-bd): 79 
%predicted fev1 (post-bd): 56 
%predicted fvc (post-bd): 85 
%predicted dlco: 66 

GSM1150211 LT072387LU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 46 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
25 %predicted fvc (pre-bd): 50 
%predicted fev1 (post-bd): 25 
%predicted fvc (post-bd): 49 
%predicted dlco: 39 

GSM1150212 LT072808RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 6.664 smoker?: 
1-Current %predicted fev1 (pre-bd): 52 
%predicted fvc (pre-bd): 65 
%predicted fev1 (post-bd): 57 
%predicted fvc (post-bd): 75 
%predicted dlco: 48 

GSM1150213 LT075462RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 20.1 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 37 %predicted fvc (pre-bd): 59 
%predicted fev1 (post-bd): 46 
%predicted fvc (post-bd): 72 
%predicted dlco: 57 

GSM1150214 LT076181LI_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1.5 smoker?: 2-
Ever (>100) %predicted fev1 (post-
bd): 55 %predicted fvc (post-bd): 63 
%predicted dlco: 86 

GSM1150215 LT076617LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.308 smoker?: 
3-Never %predicted fev1 (pre-bd): 78 
%predicted fvc (pre-bd): 91 
%predicted dlco: 108 

GSM1150220 LT080176RU_COPD COPD 
2-
Moderate 

%emphysema (f-950): 1.704 smoker?: 
3-Never %predicted fev1 (pre-bd): 55 
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COPD %predicted fvc (pre-bd): 76 
%predicted fev1 (post-bd): 52 
%predicted fvc (post-bd): 69 
%predicted dlco: 58 

GSM1150223 LT083706RL_COPD COPD 
0-At 
Risk 

%emphysema (f-950): 0.307 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 92 %predicted fvc (pre-bd): 90 
%predicted dlco: 77 

GSM1150224 LT083759RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1.5 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
69 %predicted fvc (pre-bd): 100 
%predicted fev1 (post-bd): 74 
%predicted fvc (post-bd): 103 
%predicted dlco: 53 

GSM1150225 LT084406RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.012 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 49 %predicted fvc (pre-bd): 61 
%predicted fev1 (post-bd): 53 
%predicted fvc (post-bd): 64 
%predicted dlco: 71 

GSM1150226 LT084808LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 9.647 smoker?: 
1-Current %predicted fev1 (pre-bd): 63 
%predicted fvc (pre-bd): 94 
%predicted fev1 (post-bd): 63 
%predicted fvc (post-bd): 95 
%predicted dlco: 54 

GSM1150228 LT089723LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.173 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 51 %predicted fvc (pre-bd): 64 
%predicted dlco: 55 

GSM1150234 LT109231RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.634 smoker?: 
3-Never %predicted fev1 (pre-bd): 66 
%predicted fvc (pre-bd): 81 
%predicted fev1 (post-bd): 72 
%predicted fvc (post-bd): 91 
%predicted dlco: 77 

GSM1150235 LT111643RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 8.162 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 34 %predicted fvc (pre-bd): 80 

GSM1150236 LT112563LL_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 0.2 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
82 %predicted fvc (pre-bd): 95 
%predicted fev1 (post-bd): 85 
%predicted fvc (post-bd): 96 
%predicted dlco: 91 

GSM1150237 LT112597RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 11.4 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 62 %predicted fvc (pre-bd): 72 
%predicted fev1 (post-bd): 73 
%predicted fvc (post-bd): 85 
%predicted dlco: 70 

6
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GSM1150238 LT113005RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 14 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
66 %predicted fvc (pre-bd): 81 
%predicted fev1 (post-bd): 67 
%predicted fvc (post-bd): 80 
%predicted dlco: 30 

GSM1150239 LT115251RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
60 %predicted fvc (pre-bd): 70 
%predicted fev1 (post-bd): 67 
%predicted fvc (post-bd): 80 
%predicted dlco: 80 

GSM1150240 LT118064RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.777 smoker?: 
1-Current %predicted fev1 (pre-bd): 59 
%predicted fvc (pre-bd): 78 
%predicted fev1 (post-bd): 60 
%predicted fvc (post-bd): 78 
%predicted dlco: 55 

GSM1150242 LT122336LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 8.7 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
50 %predicted fvc (pre-bd): 69 
%predicted fev1 (post-bd): 54 
%predicted fvc (post-bd): 76 
%predicted dlco: 77 

GSM1150243 LT126327LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 14.5 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 73 %predicted fvc (pre-bd): 121 
%predicted fev1 (post-bd): 80 
%predicted fvc (post-bd): 128 
%predicted dlco: 91 

GSM1150246 LT134719RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 6.406 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 75 %predicted fvc (pre-bd): 89 
%predicted fev1 (post-bd): 76 
%predicted fvc (post-bd): 91 
%predicted dlco: 45 

GSM1150248 LT136415RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 31.7 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 16 %predicted fvc (pre-bd): 50 
%predicted fev1 (post-bd): 26 
%predicted fvc (post-bd): 74 
%predicted dlco: 30 

GSM1150249 LT137832LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 9.018 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 51 %predicted fvc (pre-bd): 79 
%predicted fev1 (post-bd): 52 
%predicted fvc (post-bd): 82 
%predicted dlco: 64 

GSM1150250 LT138418LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.031 smoker?: 
3-Never %predicted fev1 (pre-bd): 70 
%predicted fvc (pre-bd): 83 

6
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%predicted fev1 (post-bd): 69 
%predicted fvc (post-bd): 82 
%predicted dlco: 104 

GSM1150251 LT139051LU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 7.7 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
99 %predicted fvc (pre-bd): 111 
%predicted fev1 (post-bd): 97 
%predicted fvc (post-bd): 109 
%predicted dlco: 34 

GSM1150253 LT140046RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 14.493 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 34 %predicted fvc (pre-
bd): 60 %predicted dlco: 47 

GSM1150254 LT140471RU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 3.7 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
83 %predicted fvc (pre-bd): 96 
%predicted fev1 (post-bd): 85 
%predicted fvc (post-bd): 98 
%predicted dlco: 81 

GSM1150255 LT148377LU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 39.5 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 41 %predicted fvc (pre-bd): 67 
%predicted dlco: 49 

GSM1150258 LT151920RL_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 4.232 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 69 %predicted fvc (pre-bd): 89 
%predicted fev1 (post-bd): 82 
%predicted fvc (post-bd): 91 
%predicted dlco: 62 

GSM1150261 LT152653LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 2.3 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
47 %predicted fvc (pre-bd): 66 
%predicted fev1 (post-bd): 51 
%predicted fvc (post-bd): 75 
%predicted dlco: 70 

GSM1150262 LT154785RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 28.9 smoker?: 
2-Ever (>100) %predicted fev1 (post-
bd): 16 %predicted fvc (post-bd): 57 
%predicted dlco: 34 

GSM1150263 LT156041LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 6.021 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 67 %predicted fvc (pre-bd): 89 
%predicted fev1 (post-bd): 74 
%predicted fvc (post-bd): 95 
%predicted dlco: 67 

GSM1150265 LT157177RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.478 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 60 %predicted fvc (pre-bd): 69 
%predicted fev1 (post-bd): 62 
%predicted fvc (post-bd): 68 

GSM1150266 LT158647RU_COPD COPD 4-Very %emphysema (f-950): 56.335 
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Severe 
COPD 

smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 23 %predicted fvc (pre-
bd): 41 %predicted fev1 (post-bd): 21 
%predicted fvc (post-bd): 42 

GSM1150268 LT162479RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 31.664 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 33 %predicted fvc (pre-
bd): 51 %predicted fev1 (post-bd): 37 
%predicted fvc (post-bd): 59 
%predicted dlco: 22 

GSM1150269 LT163771RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 29.4 smoker?: 
1-Current %predicted fev1 (pre-bd): 29 
%predicted fvc (pre-bd): 52 
%predicted fev1 (post-bd): 35 
%predicted fvc (post-bd): 66 
%predicted dlco: 38 

GSM1150272 LT168128RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.173 smoker?: 
1-Current %predicted fev1 (pre-bd): 61 
%predicted fvc (pre-bd): 72 
%predicted fev1 (post-bd): 67 
%predicted fvc (post-bd): 76 
%predicted dlco: 87 

GSM1150274 LT175949LL_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 6 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
79 %predicted fvc (pre-bd): 104 
%predicted fev1 (post-bd): 92 
%predicted fvc (post-bd): 118 
%predicted dlco: 91 

GSM1150275 LT176562LL_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 5.6 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
105 %predicted fvc (pre-bd): 112 
%predicted dlco: 76 

GSM1150276 LT177956LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1.8 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
62 %predicted fvc (pre-bd): 69 
%predicted fev1 (post-bd): 70 
%predicted fvc (post-bd): 75 
%predicted dlco: 68 

GSM1150278 LT178929RL_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
93 %predicted fvc (pre-bd): 95 
%predicted dlco: 72 

GSM1150279 LT178967RL_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 11.759 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 72 %predicted fvc (pre-
bd): 87 %predicted fev1 (post-bd): 83 
%predicted fvc (post-bd): 98 
%predicted dlco: 52 

GSM1150283 LT184772RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.4 smoker?: 1-
Current %predicted fev1 (pre-bd): 78 
%predicted fvc (pre-bd): 82 
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%predicted dlco: 60 

GSM1150284 LT185970RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1.1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
63 %predicted fvc (pre-bd): 92 
%predicted fev1 (post-bd): 77 
%predicted fvc (post-bd): 106 
%predicted dlco: 96 

GSM1150285 LT186521RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.4 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
58 %predicted fvc (pre-bd): 68 
%predicted fev1 (post-bd): 65 
%predicted fvc (post-bd): 71 
%predicted dlco: 39 

GSM1150288 LT190004RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 4.4 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
61 %predicted fvc (pre-bd): 85 
%predicted fev1 (post-bd): 59 
%predicted fvc (post-bd): 89 
%predicted dlco: 43 

GSM1150290 LT192758RU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 1.7 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
87 %predicted fvc (pre-bd): 100 
%predicted dlco: 92 

GSM1150291 LT194473RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 1.3 smoker?: 3-
Never %predicted fev1 (pre-bd): 37 
%predicted fvc (pre-bd): 47 
%predicted dlco: 72 

GSM1150293 LT195871RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 16.906 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 66 %predicted fvc (pre-
bd): 90 %predicted fev1 (post-bd): 68 
%predicted fvc (post-bd): 97 
%predicted dlco: 42 

GSM1150294 LT197511LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 31.3 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 58 %predicted fvc (pre-bd): 100 
%predicted fev1 (post-bd): 71 
%predicted fvc (post-bd): 126 
%predicted dlco: 28 

GSM1150295 LT198062LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 11.725 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 51 %predicted fvc (pre-
bd): 79 %predicted fev1 (post-bd): 57 
%predicted fvc (post-bd): 81 
%predicted dlco: 55 

GSM1150296 LT198134LU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 37.954 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 22 %predicted fvc (pre-
bd): 67 %predicted fev1 (post-bd): 23 
%predicted fvc (post-bd): 72 
%predicted dlco: 47 

6
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GSM1150297 LT198612RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1.512 smoker?: 
1-Current %predicted fev1 (pre-bd): 55 
%predicted fvc (pre-bd): 77 
%predicted fev1 (post-bd): 59 
%predicted fvc (post-bd): 79 
%predicted dlco: 66 

GSM1150298 LT199384RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1.523 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 54 %predicted fvc (pre-bd): 64 
%predicted fev1 (post-bd): 57 
%predicted fvc (post-bd): 69 
%predicted dlco: 59 

GSM1150300 LT203231RM_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 4.959 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 66 %predicted fvc (pre-bd): 88 
%predicted fev1 (post-bd): 66 
%predicted fvc (post-bd): 90 
%predicted dlco: 48 

GSM1150301 LT203541RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.8 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
59 %predicted fvc (pre-bd): 91 
%predicted fev1 (post-bd): 69 
%predicted fvc (post-bd): 96 
%predicted dlco: 70 

GSM1150303 LT208505LU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 0.5 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
84 %predicted fvc (pre-bd): 84 
%predicted fev1 (post-bd): 92 
%predicted fvc (post-bd): 97 
%predicted dlco: 74 

GSM1150304 LT208778RU_COPD COPD 

4-Very 
Severe 
COPD 

smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 24 %predicted fvc (pre-
bd): 78 %predicted fev1 (post-bd): 26 
%predicted fvc (post-bd): 90 

GSM1150305 LT210463LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.8 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
65 %predicted fvc (pre-bd): 79 
%predicted fev1 (post-bd): 74 
%predicted fvc (post-bd): 84 
%predicted dlco: 34 

GSM1150307 LT212777RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 37.8 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 18 %predicted fvc (pre-bd): 58 
%predicted fev1 (post-bd): 25 
%predicted fvc (post-bd): 76 
%predicted dlco: 30 

GSM1150308 LT213352LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.5 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
70 %predicted fvc (pre-bd): 75 
%predicted dlco: 101 

GSM1150309 LT213735RU_COPD COPD 2- %emphysema (f-950): 10.7 smoker?: 
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Moderate 
COPD 

2-Ever (>100) %predicted fev1 (pre-
bd): 63 %predicted fvc (pre-bd): 92 
%predicted fev1 (post-bd): 69 
%predicted fvc (post-bd): 100 
%predicted dlco: 51 

GSM1150311 LT216419RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
59 %predicted fvc (pre-bd): 63 
%predicted fev1 (post-bd): 56 
%predicted fvc (post-bd): 72 
%predicted dlco: 48 

GSM1150312 LT220968RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
65 %predicted fvc (pre-bd): 84 
%predicted fev1 (post-bd): 74 
%predicted fvc (post-bd): 87 
%predicted dlco: 94 

GSM1150315 LT230415RU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 20.4 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 81 %predicted fvc (pre-bd): 100 
%predicted fev1 (post-bd): 83 
%predicted fvc (post-bd): 98 
%predicted dlco: 42 

GSM1150316 LT233620RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 48.9 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 45 %predicted fvc (pre-bd): 91 
%predicted fev1 (post-bd): 47 
%predicted fvc (post-bd): 92 
%predicted dlco: 39 

GSM1150318 LT238531RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 26.7 smoker?: 
1-Current %predicted fev1 (pre-bd): 79 
%predicted fvc (pre-bd): 96 
%predicted fev1 (post-bd): 78 
%predicted fvc (post-bd): 95 
%predicted dlco: 66 

GSM1150321 LT242119LU_COPD COPD 
0-At 
Risk 

%emphysema (f-950): 0.004 smoker?: 
3-Never %predicted fev1 (pre-bd): 87 
%predicted fvc (pre-bd): 89 
%predicted fev1 (post-bd): 91 
%predicted fvc (post-bd): 90 
%predicted dlco: 92 

GSM1150331 LT242530RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 11.563 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 59 %predicted fvc (pre-
bd): 76 %predicted fev1 (post-bd): 59 
%predicted fvc (post-bd): 88 

GSM1150332 LT243058RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 17 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
24 %predicted fvc (pre-bd): 42 
%predicted fev1 (post-bd): 27 
%predicted fvc (post-bd): 47 
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%predicted dlco: 33 

GSM1150334 LT244480LU_COPD COPD 

4-Very 
Severe 
COPD 

smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 28 %predicted fvc (pre-
bd): 69 %predicted fev1 (post-bd): 29 
%predicted fvc (post-bd): 70 
%predicted dlco: 50 

GSM1150336 LT245031LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 2.6 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
61 %predicted fvc (pre-bd): 85 
%predicted fev1 (post-bd): 71 
%predicted fvc (post-bd): 104 
%predicted dlco: 56 

GSM1150338 LT245084RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.5 smoker?: 1-
Current %predicted fev1 (pre-bd): 48 
%predicted fvc (pre-bd): 79 
%predicted fev1 (post-bd): 58 
%predicted fvc (post-bd): 82 
%predicted dlco: 45 

GSM1150339 LT245840RL_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 0.126 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 74 %predicted fvc (pre-bd): 103 
%predicted fev1 (post-bd): 90 
%predicted fvc (post-bd): 108 
%predicted dlco: 105 

GSM1150341 LT246702RU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 0.419 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 89 %predicted fvc (pre-bd): 100 
%predicted dlco: 66 

GSM1150343 LT249917LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.083 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 77 %predicted fvc (pre-bd): 85 
%predicted dlco: 83 

GSM1150344 LT255244RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.2 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
62 %predicted fvc (pre-bd): 73 
%predicted fev1 (post-bd): 66 
%predicted fvc (post-bd): 73 
%predicted dlco: 48 

GSM1150346 LT255718RU_COPD COPD 

4-Very 
Severe 
COPD 

smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 23 %predicted fvc (pre-
bd): 49 %predicted dlco: 27 

GSM1150349 LT257433RU_COPD COPD 
0-At 
Risk 

%emphysema (f-950): 0.146 smoker?: 
3-Never %predicted fev1 (pre-bd): 101 
%predicted fvc (pre-bd): 96 
%predicted dlco: 85 

GSM1150351 LT261141RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 21.6 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 46 %predicted fvc (pre-bd): 75 
%predicted fev1 (post-bd): 58 
%predicted fvc (post-bd): 94 
%predicted dlco: 69 

6

Page 66 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592

Page 66 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592



58 | P a g e  
 

GSM1150352 LT262371RM_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 4.1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
48 %predicted fvc (pre-bd): 84 
%predicted fev1 (post-bd): 51 
%predicted fvc (post-bd): 94 
%predicted dlco: 58 

GSM1150353 LT263636RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 14.9 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 26 %predicted fvc (pre-bd): 71 
%predicted fev1 (post-bd): 32 
%predicted fvc (post-bd): 81 
%predicted dlco: 48 

GSM1150357 LT270247RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 38.5 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 25 %predicted fvc (pre-bd): 63 
%predicted fev1 (post-bd): 27 
%predicted fvc (post-bd): 60 
%predicted dlco: 44 

GSM1150358 LT271100LU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 13.525 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 86 %predicted fvc (pre-
bd): 104 %predicted fev1 (post-bd): 91 
%predicted fvc (post-bd): 106 
%predicted dlco: 47 

GSM1150359 LT273284LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 2.5 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
60 %predicted fvc (pre-bd): 90 
%predicted fev1 (post-bd): 70 
%predicted fvc (post-bd): 94 
%predicted dlco: 71 

GSM1150362 LT286056RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 25.5 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 19 %predicted fvc (pre-bd): 44 
%predicted fev1 (post-bd): 20 
%predicted fvc (post-bd): 56 
%predicted dlco: 41 

GSM1150364 LT298520RU_COPD COPD 
1-Mild 
COPD 

%emphysema (f-950): 2.291 smoker?: 
3-Never %predicted fev1 (pre-bd): 93 
%predicted fvc (pre-bd): 106 
%predicted fev1 (post-bd): 97 
%predicted fvc (post-bd): 107 
%predicted dlco: 99 

GSM1150369 LT005419RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 4.6 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
78 %predicted fvc (pre-bd): 101 
%predicted fev1 (post-bd): 74 
%predicted fvc (post-bd): 98 

GSM1150383 LT024967LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.5 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
64 %predicted fvc (pre-bd): 83 
%predicted fev1 (post-bd): 72 
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%predicted fvc (post-bd): 83 
%predicted dlco: 82 

GSM1150388 LT037710RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 43.7 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 28 %predicted fvc (pre-bd): 80 
%predicted fev1 (post-bd): 35 
%predicted fvc (post-bd): 99 
%predicted dlco: 35 

GSM1150389 LT041389RL_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 50.1 smoker?: 
1-Current %predicted fev1 (pre-bd): 35 
%predicted fvc (pre-bd): 42 
%predicted fev1 (post-bd): 40 
%predicted fvc (post-bd): 48 
%predicted dlco: 43 

GSM1150393 LT053283RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 28.2 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 28 %predicted fvc (pre-bd): 73 
%predicted fev1 (post-bd): 31 
%predicted fvc (post-bd): 84 
%predicted dlco: 41 

GSM1150396 LT060717LU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 33 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
22 %predicted fvc (pre-bd): 62 
%predicted fev1 (post-bd): 26 
%predicted fvc (post-bd): 59 
%predicted dlco: 26 

GSM1150406 LT081498RL_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 25.8 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 43 %predicted fvc (pre-bd): 75 
%predicted fev1 (post-bd): 44 
%predicted fvc (post-bd): 84 
%predicted dlco: 25 

GSM1150408 LT083950RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 31.9 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 22 %predicted fvc (pre-bd): 51 
%predicted fev1 (post-bd): 30 
%predicted fvc (post-bd): 71 
%predicted dlco: 18 

GSM1150409 LT084038RM_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 1 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
59 %predicted fvc (pre-bd): 81 
%predicted fev1 (post-bd): 59 
%predicted fvc (post-bd): 82 
%predicted dlco: 67 

GSM1150414 LT095342LU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 0.3 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
42 %predicted fvc (pre-bd): 62 
%predicted fev1 (post-bd): 45 
%predicted fvc (post-bd): 64 

GSM1150419 LT108067RU_COPD COPD 
4-Very 
Severe 

%emphysema (f-950): 30.3 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
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COPD bd): 17 %predicted fvc (pre-bd): 58 
%predicted fev1 (post-bd): 17 
%predicted fvc (post-bd): 56 
%predicted dlco: 31 

GSM1150430 LT134121RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 26.3 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 28 %predicted fvc (pre-bd): 73 
%predicted fev1 (post-bd): 27 
%predicted fvc (post-bd): 69 
%predicted dlco: 36 

GSM1150434 LT139691RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 53.4 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 17 %predicted fvc (pre-bd): 58 
%predicted fev1 (post-bd): 19 
%predicted fvc (post-bd): 65 

GSM1150437 LT144769RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 0.3 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
72 %predicted fvc (pre-bd): 85 
%predicted fev1 (post-bd): 75 
%predicted fvc (post-bd): 85 
%predicted dlco: 115 

GSM1150450 LT165114RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 1.9 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
24 %predicted fvc (pre-bd): 46 
%predicted fev1 (post-bd): 32 
%predicted fvc (post-bd): 55 
%predicted dlco: 48 

GSM1150458 LT172093RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 2.2 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
50 %predicted fvc (pre-bd): 77 
%predicted fev1 (post-bd): 54 
%predicted fvc (post-bd): 87 
%predicted dlco: 49 

GSM1150462 LT176510LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 4.3 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
74 %predicted fvc (pre-bd): 90 
%predicted dlco: 64 

GSM1150464 LT184423LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 2.2 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
59 %predicted fvc (pre-bd): 76 
%predicted fev1 (post-bd): 67 
%predicted fvc (post-bd): 97 
%predicted dlco: 87 

GSM1150465 LT184901RL_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 26.1 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 22 %predicted fvc (pre-bd): 59 
%predicted fev1 (post-bd): 21 
%predicted fvc (post-bd): 61 
%predicted dlco: 70 

GSM1150476 LT196677RU_COPD COPD 
4-Very 
Severe 

%emphysema (f-950): 25.4 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
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COPD bd): 16 %predicted fvc (pre-bd): 38 
%predicted fev1 (post-bd): 24 
%predicted fvc (post-bd): 55 
%predicted dlco: 32 

GSM1150479 LT200930RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 20.3 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 52 %predicted fvc (pre-bd): 75 

GSM1150486 LT215341RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 23.3 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 11 %predicted fvc (pre-bd): 33 

GSM1150492 LT223106RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 48.5 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 14 %predicted fvc (pre-bd): 49 
%predicted fev1 (post-bd): 15 
%predicted fvc (post-bd): 55 
%predicted dlco: 37 

GSM1150496 LT229669RU_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 23.7 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 22 %predicted fvc (pre-bd): 62 
%predicted dlco: 21 

GSM1150499 LT233821RL_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 38 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
40 %predicted fvc (pre-bd): 70 
%predicted fev1 (post-bd): 48 
%predicted fvc (post-bd): 82 
%predicted dlco: 41 

GSM1150502 LT234774LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 71.6 (PTX) 
smoker?: 2-Ever (>100) %predicted 
fev1 (pre-bd): 46 %predicted fvc (pre-
bd): 76 %predicted fev1 (post-bd): 51 
%predicted fvc (post-bd): 90 
%predicted dlco: 42 

GSM1150507 LT237439RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 35.1 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 54 %predicted fvc (pre-bd): 70 
%predicted fev1 (post-bd): 58 
%predicted fvc (post-bd): 78 
%predicted dlco: 87 

GSM1150508 LT238765RL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 6.2 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
50 %predicted fvc (pre-bd): 85 
%predicted fev1 (post-bd): 62 
%predicted fvc (post-bd): 86 
%predicted dlco: 48 

GSM1150512 LT244399LU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 7.8 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
63 %predicted fvc (pre-bd): 88 
%predicted fev1 (post-bd): 70 
%predicted fvc (post-bd): 95 
%predicted dlco: 59 

GSM1150514 LT245983LU_COPD COPD 4-Very %emphysema (f-950): 46.3 smoker?: 
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Severe 
COPD 

2-Ever (>100) %predicted fev1 (pre-
bd): 23 %predicted fvc (pre-bd): 72 
%predicted fev1 (post-bd): 29 
%predicted fvc (post-bd): 85 
%predicted dlco: 30 

GSM1150520 LT249811RU_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 4.6 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
53 %predicted fvc (pre-bd): 69 
%predicted fev1 (post-bd): 55 
%predicted fvc (post-bd): 78 
%predicted dlco: 54 

GSM1150523 LT253131RU_COPD COPD 
3-Severe 
COPD 

%emphysema (f-950): 7 smoker?: 2-
Ever (>100) %predicted fev1 (pre-bd): 
44 %predicted fvc (pre-bd): 62 
%predicted fev1 (post-bd): 50 
%predicted fvc (post-bd): 76 
%predicted dlco: 46 

GSM1150539 LT285906LL_COPD COPD 

2-
Moderate 
COPD 

%emphysema (f-950): 12.6 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 45 %predicted fvc (pre-bd): 76 
%predicted fev1 (post-bd): 54 
%predicted fvc (post-bd): 85 
%predicted dlco: 54 

GSM1150544 LT291449RL_COPD COPD 

4-Very 
Severe 
COPD 

%emphysema (f-950): 21.7 smoker?: 
2-Ever (>100) %predicted fev1 (pre-
bd): 15 %predicted fvc (pre-bd): 33 
%predicted fev1 (post-bd): 17 
%predicted fvc (post-bd): 37 
%predicted dlco: 28 

 
 
 

Tabel.3.2Summarizes the Data 

Accession No. Platform No. Of Sample 
 
GSE47460 

 
GPL6480 
GPL14550 

ILD: 254 
COPD: 220 
CONTROL: 108 
TOTAL= 582 

 
3.1.1 Data preprocessing: 

The raw data has been normalized using quantile normalization, both normalized and non-
normalized expression data were log2-transformed and quantile-normalized before being used to 
create box plots and expression density plots (Fig.3.1).  
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A) Non-normalized Expression vs Density plot       B) Non-normalized Expression vs Density plot 

 
Figure 3.1Expression value for raw and normalized data with quantile normalization technique 

 
3.1.2 Machine learning: 

The dataset acquired from GEO (GSE47460) was imbalanced (Fig.3.2(A)). SMOTE technique 
was used to avoid the biasness caused by majority class. After that, the data is randomly split into 
90:10 ratio (90% training and 10% testing). Once the classifier is trained on training data, it is 
evaluated based on test data and attains the accuracy of 88.1 %. Pre- and post-resampling accuracy 
of 79.6 Fig.3.2(B) and 88.1Fig.3.2(D) percent respectively have been attained by the model. After 
that, we also generated the classification report including Precision, Recall and F1 Score for each 
class (fig.3.2(C)(E)). The results demonstrate that SMOTE led to an increase in accuracy as well 
as precision recall, and F1-score for all classes. SMOTE's success in resolving the class imbalance 
problem indicates that the model has become better at classifying the classes namely COPD, ILD 
and CONTROL. Furthermore, we also validated our model with a StratifiedKFold (splits=5) and 
achieved the mean accuracy of 86.48 % with the mean deviation of 0.032 across the splits and the 
metrics are summarized in Fig3.2(F). 
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Figure 3.2In Fig.3.2(A) Sample Distribution across the Dataset. (B) and (D) Confusion matrix 
summarizing the impact of SMOTE resampling technique. In fig (3.2B) the model is biased 

towards the majority class i.e., COPD and ILD (79.6%), while in fig(3.2D) displays the effect of 
SMOTE on classification ability of model with an increase accuracy of 88.1%. Fig(3.2C) and 
3.2(E) Heatmap summarization of effect of SMOTE on the classification report for the model. 

Furthermore, Fig.3.2(F) classification performance of classifier using five-split cross validation. 

 
3.1.3 Integrating SHAP for explaining the model: 

To evaluate the contribution of each gene in classifying the classes, namely: control, COPD, and 
ILD, we integrate the SHAP library to acquire the SHAP values. In classifying the conditions, the 
genes are arranged in descending order (measured by the average effects on model output 
magnitude) (Fig. 3.3). Each bar is split into three colors, blue, pink, and green, that represent the 
three classes to be classified (‘1’ = COPD, ‘0’ = CONTROL, and ‘2 = ILD). Gene involvement in 
class prediction (as indicated by SHAP values) is depicted by the width of each color within a bar 
[98]. The contribution of the gene ADRB2 is found to have a more significant role in classifying 
ILD, followed by control and COPD. Similarly, the CDH3 gene contributes more to predicting 
COPD, ILD, and CONTROL.  Furthermore, SHAP summary plots Figs. 3.3(a), 3.3(b), and 3.3(c) 
were generated to get the insight of positive and negative relation with the genes. The 20 most 
significant genes for ILD, COPD, and the control class, respectively are illustrated on y-axis. The 
genes are arranged in descending order according to their impact on the model. The red and blue 
color represents the level of impact (significant(red) or minimal (blue)) of each gene on the 
model’s classification task. For instance, in Class=1 (COPD), gene ADRB2 has a positive impact 
on the model. The ‘high’ can be observed by ‘red’ color and the positive impact indicated on x-
axis. 
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A) 

                                                                                                              
B)                 B)                                                            C)                                                               D) 

 
 
 
 
. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

CLASS=1 CLASS=2 CLASS=0 

Figure 3.3In Fig.3.3(A)The SHAP bar plot displays the common genes in classifying the conditions COPD 
and ILD (Class = 1, Class =2) including control (Class=0). Fig 3.3( B,C,D). SHAP Summary plot that depicts 

the top 20 genes in predicting each class, where class1 is COPD, 2 is ILD and 0 for control. 
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In fig.3.3, the SHAP bar plot for multiple classes i.e., COPD, ILD and CONTROL, the gene 
ADRB2, is the most relevant gene in classifying all the three classes . Previously done studies, 
suggest that ADRB2 act as regulator for airway smooth muscle tone [101]and responsible for 
elevation of bronchodilation, ventricular function, and vasodilation [101]The high level of ADRB2 
decreases lung function and is associated with COPD and asthma [101]. In another study reveals 
that ADRB2 signaling is crucial for regulating inflammation via the fast activation of IL-10[102]. 
The fact that ILD is characterized by inflammation that makes it difficult for the lungs to take in 
adequate oxygen [103]. Based on its known relationship with COPD and asthma, as well as its 
involvement in regulating inflammation and lung function, we speculate that ADRB2 not only 
involved in both ILD and COPD but also in CPFE. The second ranked gene CDH3 was found to 
be related to lung function and also act as a prognostic factor to evaluate the prognosis and survival 
status of IPF patients [104].The third ranked gene IRS2 was found to be up regulated in patients 
with COPD when compared to healthy patients [105].In another study the same gene IRS2 tends 
to contribute to anti-inflammatory and antiproliferative outcome during hypoxia by inhibiting the 
Akt-FOXO1 activation pathway in lungs[106]. The fourth gene MATN3 was found in a study on 
RNA-seq transcriptome analysis of lung tissues from 68 subjects revealed differential gene 
expression between younger and older groups. Genes such as MATN3, MAP3K15, CHRM2, 
GALNT13, COL17A1, and EDA2R exhibited age-related expression patterns. Multivariate 
analysis identified EDA2R as a significant risk factor for lung aging, providing insights into 
molecular mechanisms contributing to age-associated lung diseases [107].The Sixth ranked gene 
in SHAP bar plot is VEGF-C, one of the member of VEGF (vascular endothelial growth factor) 
family (also includes VEGF-A,B,C,D,E and F)which plays a significant role in physiological as 
well as pathological angiogenesis [108]. In a study, the authors observed the pattern of pulmonary 
VEGF-C and VEGFR-3 protein expression and the consistent presence of VEGF-C protein in 
tracheal aspirate fluid in human premature infants show that VEGF-C is important for the proper 
development of the lymphatic system in the lungs [109]. In other research, the finding suggests 
that the individuals with systemic sclerosis (SSc)-related ILD had lower levels of vascular 
endothelial growth factor A (VEGF-A) in bronchoalveolar lavage fluid (BALF) compared to both 
healthy controls and SSc patients without lung involvement. Blood levels of VEGF-A were 
directly correlated with the severity of ILD on both imaging and lung function tests 
[110].Similarly, a study suggested that VEGF and its corresponding receptors have a significant 
role in various pathophysiological processes associated with COPD, including bronchial wall 
remodeling, emphysema, and pulmonary hypertension [111].  The seventh ranked gene CD38 was 
involved in Enzymes involved in the metabolism of nicotinamide adenine dinucleotide (NAD) are 
increasingly being implicated in chronic airway diseases. One such enzyme, CD38, utilizes NAD 
to produce several metabolites, including cyclic ADP ribose (cADPR), which is involved in 
calcium signaling in airway smooth muscle (ASM) [112]. In another study, the eighth ranked gene 
namely PDIA4 was found to in the stress response within Alveolar Epithelial Type II cells (AECII) 
due to defects in surfactant processing, particularly in the context of lung diseases such as 
Idiopathic Pulmonary Fibrosis (IPF), a form ILD. The upregulation of PDIA4, alongside other 
chaperones, in response to the formation of β-amyloid structures by surfactant proteins SP-B and 
SP-C, highlights its potential role in mitigating protein misfolding and endoplasmic reticulum 
stress [113]. As PDIA4, including protein misfolding and cellular stress responses in lung 
epithelial cells, we can speculate that they are also relevant in the pathophysiology of COPD. 
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3.1.4 Analyzing gene sets and the pathways linked to identified key genes: 
Functional enrichment analysis is a commonly employed approach for identifying commonalities 
in extensive biological datasets. In the realm of biomedicine, the analysis of gene expression data 
using functional enrichment is a prevalent method for unraveling disease mechanisms. Various 
methodologies have been developed to categorize regulated gene expression profiles into distinct 
functional groups. The choice of these functional categories, often derived from literature sources, 
typically reflects signaling or metabolic pathways. SRplot[68] platform is used for enrichment 
analysis on the genes obtained through SHAP values, aiming to comprehend their involvement in 
the disease. Dot plot fig.3.4(A) for pathway analysis and bar plot Gene ontologies including 
biological process (BP), cellular component (CC) and molecular function (MF) fig.3.4(B) are 
being acquired. In the pathway analysis the identified genes are enriched in calcium signaling, 
regulation of lipolysis in adipocytes, and salivary secretion. While in the case of GO BP the genes 
are enriched in smooth muscle contraction, negative regulation of synaptic transmission. The 
pathophysiology of asthma and COPD involves the contribution of airway smooth muscle to both 
contractility and inflammation. While in the case of GO CC the genes are significant in 
endoplasmic reticulum lumen. Exposure to environmental toxins and pathogens, common in 
respiratory diseases, can induce endoplasmic reticulum (ER) stress. The ER, crucial for protein 
synthesis and regulation, faces misfolded protein accumulation during stress, activating the 
unfolded protein response (UPR) [114]. Similarly, for MF the genes are enriched in G-coupled 
amine receptor activity which can enhance which either enhance bronchodilation or prevent 
bronchoconstriction [115].  
              

 
Figure 3.4(A) Pathway enrichment analysis of the identified key genes from SHAP values 

(B)Functional enrichment analysis of the identified key genes from SHAP values (GO ontology) 
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3.1.5 Gene Profiling and Validation: 
In our study, we utilized the idep 1.0 tool to generate heatmaps, as illustrated in Figures 3.5(A) 
and 3.5(B), to showcase the differential expression of the top 20 genes identified from SHAP bar 
plots. These heatmaps effectively demonstrate the segregation of different classes based on 
biomarkers, with CONTROL being represented in red, COPD in green, and ILD in blue. This 
visual representation not only highlights the distinct gene expression profiles among these groups 
but also underscores the potential of these biomarkers in distinguishing between these conditions. 
After that, delving deeper into the implications of these findings, we reanalyzed the top genes, 
including ADRB2, CDH3, IRS2, MATN3, VEGFC, CD38, and PDIA4, by reintroducing them 
into our model. This subsequent analysis, the results of which are depicted in Figure 3.5(C), 
yielded an accuracy of 87.77%. This high accuracy rate ensures the robustness of our model and 
the pivotal role these genes play in its performance. Importantly, this approach not only validates 
the effectiveness of the identified genes in classifying CONTROL, COPD, and ILD cases but also 
opens avenues for further investigation into their biological relevance and potential therapeutic 
targets for CPFE also. We have also incorporated Matthews Correlation Coefficient (MCC) 
[116]for our model. Our model has achieved MCC of approximately 0.8282, demonstrates strong 
performance in multi-class classification tasks for COPD, ILD and CONTROL as depicted in fig 
3.5 (D).’  
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Figure 3.5Heatmap of the identified genes. A) Illustrates all the genes while B) shows top 20 genes. 
Genes with a higher expression than the mean are green and those with lower expression than the 
mean are in red. Genes without any significant expression are black Fig3.5(C) Confusion metrics 
with tops identified genes. Fig 3.5(D) MCC of 0.8282 with class=0 is control, class=1 COPD and 
class=2 is ILD. 

 
Furthermore, we have incorporated GeneMania [70]to understand the interaction of top identified 
gene. Almost all genes were implicated in co-expression (77.7%) fig.3.6(A) and rest implicated 
with physical interaction (22.21%) fig.3.6(B). Next, we have incorporated the Single Cell portal 
to investigate the expression of identified genes at the single-cell level. Dot plots have been created 
for disease ontology and cell-type ontology, demonstrating gene expression patterns using scaled 
mean expression. The scaling is relative to each gene's expression across all cells within the 
selected annotation category. In fig.3.6 (C) the genes namely IRS2 and PDIA4  were the most 
significant in  COPD, pulmonary systematic and pulmonary fibrosis when compared to normal 
and in fig.3.6 (D) the genes were enriched in various cell types including apoptosis fated cells, 
mitotic cell cycle and so on.   
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Figure 3.6GeneMania analysis reveals the interaction network of top identified genes. 3.6(A): 

Co-expression analysis illustrates the involvement of almost all genes (77.7%). 3.6(B): Physical 
interaction network highlights 22.21% of implicated genes. 3.6(C): Single -cell expression 
analysis using the Single Cell portal indicates significant association of genes with COPD, 

pulmonary systematic, and pulmonary fibrosis compared to normal.  3.6(D): Enrichment analysis 
across various cell types of identified genes. 

 
Following this, we utilized the miRNet 2.0 database to construct a comprehensive miRNA-mRNA 
interaction network, essential for understanding the regulation of gene expression variations in 
these diseases. Our in-depth analysis involved mapping 20 crucial genes, identified as significant 
through SHAP analysis, against the human reference database in miRNet 2.0. This approach has 
culminated in the development of a robust network comprising 465 miRNA nodes and 18 gene 
nodes, interconnected through an extensive network of 696 edges (Fig 3.7). 
This network revealed a complex array of miRNA-gene interactions. Prominent among the genes 
were OCIAD2, IRS2, and TRIM2, which demonstrated the highest degrees of connectivity (136, 
97, and 93, respectively) and significant betweenness centrality (44626.78, 32257.86, and 
31009.88, respectively), indicating their pivotal roles in the molecular landscape of COPD and 
ILD. Other genes such as VEGFC, MATN3, and SALL4 also emerged as key genes within this 
network. 
Additionally, our analysis identified miRNAs with notable roles in this intricate network. For 
instance, hsa-mir-101-3p, hsa-mir-1343-3p, and hsa-mir-27a-3p were among those with 
significant interactions and network positions, suggesting their potential regulatory impact on the 
disease process fig3.8(A). The application of a degree cutoff of 5 to the miRNA nodes refined the 
network, highlighting key miRNAs like hsa-mir-101-3p, hsa-mir-1343-3p, and hsa-mir-27a-3p, 
each with significant degrees of interaction and betweenness fig3.8(B). This selective approach 
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enabled us to concentrate on the most influential miRNAs thus providing a focused view on the 
potential molecular biomarkers in COPD and ILD. The resultant network after the cutoff 
maintained a subset of the original nodes and edges, ensuring a targeted analysis while preserving 
the integrity and complexity of the biological interactions pertinent to these lung diseases. 
This comprehensive miRNA-gene network not only sheds light on the complex regulatory 
mechanisms underlying COPD and ILD but also provides a valuable resource for further research 
in CPFE also. The identified genes and miRNAs could serve as potential biomarkers or therapeutic 
targets, offering new insights into the pathophysiology of these challenging lung diseases. 

 
Figure 3.7miRNA-mRNA interaction of top 20 gene altered in COPD and ILD patients. 
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Figure 3.8Interactions between genes and miRNAs. (A) Significant miRNAs after the 

enrichment analysis are represented by a bar plot, displaying the number of its target genes (B) 
This network represents the mRNA-miRNA interaction based on degree cutoff of 5 is visualized 

using Cystoscope. 

 
3.1.6 Key Findings 

 
 Using the GSE47460 dataset (254 ILD, 220 COPD, 108 controls), a Random Forest model 

with SMOTE achieved 88.1% accuracy and an MCC of 0.8282, confirming robust 
classification of COPD, ILD, and controls. 
 

 SHAP analysis highlighted 20 key genes, including ADRB2, CDH3, IRS2, MATN3, 
VEGFC, CD38, and PDIA4, linked to airway tone, fibrosis, angiogenesis, hypoxia, and ER 
stress. Functional enrichment confirmed involvement in cytokine signaling, ECM 
remodeling, calcium signaling, and smooth muscle contraction. 
 
 

 Network and single-cell analyses underscored IRS2, PDIA4, VEGFC, and MATN3 as 
central drivers, while the miRNA–mRNA network identified hsa-miR-101-3p, hsa-miR-
1343-3p, and hsa-miR-27a-3p as major regulators. 
 

 Overall, the findings demonstrate that COPD–ILD coexistence and CPFE are driven by 
shared molecular signatures, with these genes and miRNAs emerging as promising 
biomarkers for early detection and patient stratification. 
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3.2 Results for objective 2 : To explore systemic inflammatory crosstalk between neuro-
inflammatory disorders and respiratory diseases.  

 

3.2.1 Incorporation of Machine Learning: 
The dataset acquired from GEO (GSE61741) was imbalanced (Fig.3.9(A)). We used several ML 
classifiers to examine the unbalanced dataset and optimize model performance while reducing 
overfitting. We used Grid Search Cross-Validation hyperparameter adjustment to fine-tune the RF 
classifier after SMOTE addressed class imbalance. The best hyperparameters were max_depth = 
10, min_samples_leaf = 2, min_samples_split = 10, and n_estimators = 200 (Supplementary Table 
S3). This included max_depth [5, 10, 15], min_samples_leaf [1, 2, 4], min_samples_split [2, 5, 
10], and n_estimators [100, 150, 200, 300]. The optimal values were selected based on mean cross-
validation accuracy. 
As described in the Methods section, stratified K-fold cross-validation was used to ensure the 
dependability of our results. This method robustly assessed the model's generalizability to new 
data. The final model had 81.58% test accuracy and 97.62% AUC, indicating good class 
discrimination. Performance matrixes are summarized in Fig.3 and cross validation in fig.3.9(F). 
We also tested RF, XGB, LR, and SVM classifiers. In accuracy, the RF classifier performed best. 
The RF model has an accuracy of 81.58%, while other classifiers performed poorly, proving its 
efficacy. Comparison are summarized in fig. 3.9(G). 
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Figure 3.9 (A) Displays the distribution of samples across the four classes: Control, COPD, MS, 
and Lung Cancer, highlighting the imbalance present in the dataset. (B) and (C) compare model 

performance before and after applying SMOTE; while (B) shows poor classification with an 
accuracy of 58.33%, (C) reflects the enhanced accuracy of 81.58% after SMOTE. (D) and (E) 

present heatmaps of classification metrics pre- and post-SMOTE, illustrating significant 
improvement in class-wise precision and recall. (F) shows the stratified 5-Fold cross-validation 

results, confirming the robustness of the Random Forest model. (G) compares classifier 
performance across RF, XGBoost, SVM, and LR, establishing RF as the most accurate model. 
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Finally, to further validate the model we have done independent validation with dataset 
(GSE31568) and archived accuracy of 82.55%. Classification report, including class-wise 
precision, recall, and F1-scores alongside AUC values of 0.94 (Control), 0.99 (COPD), 0.93 (Lung 
Cancer), and 1.00 (MS), are summarized in fig.4(A&B). This consistency demonstrates that the 
model generalizes well to unseen data and performs reliably across datasets fig.3.10. 

 
Figure 3.10(A) Presents the classification report of the Random Forest model on the independent 
validation dataset (GSE31568), including class-wise precision, recall, and F1-scores for Control, 

COPD, Lung Cancer, and MS. (B) illustrates the corresponding ROC curves for each class, 
showing high discriminatory power with AUC values of 0.94 (Control), 0.99 (COPD), 0.93 

(Lung Cancer), and 1.00 (MS), confirming the model’s generalizability and robustness. 

 
3.2.2 Incorporation of SHAP for explaining the model: 

We use the SHAP library to calculate SHAP values to assess each miRNA role in classifying 
control, COPD, MS, and lung cancer. The average effects on model output magnitude rank the 
miRNA in ascending order (measured by the average effects on model output magnitude) (Fig. 
3.11). The four classifications that need to be identified are represented by the four colors and that 
each bar is divided into: green, red, purple, and blue ('1' = COPD, '0' = CONTROL, '2' = lung 
cancer, and '3' = MS respectively)[12,98]. The contribution of the miRNA in class prediction is 
measured by the width of the colors within a bar, which is calculated using SHAP values. For 
instance, in fig5 (A) the impact of hsa-let-7c miRNA is significant in classifying MS and lung 
cancer followed by COPD and control. Similarly, miRNA hsa-miR-454 has more impact in 
classifying MS and Lung cancer followed by COPD and control. Subsequently, miRNA hsa-92a 
has a significant role in classifying MS and COPD followed by lung cancer and control.  
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Figure 3.11Shows a SHAP summary bar plot ranking the top 20 miRNAs contributing to 

classification decisions across the four disease groups. The color segmentation within each bar 
(green for MS, red for COPD, purple for Lung Cancer, and blue for Control) represents the 

relative SHAP value contribution of each miRNA to class-specific predictions. The width of 
each color section indicates the strength of that miRNA’s contribution to a given class, with hsa-

let-7c, hsa-miR-454, hsa-miR-92a, and hsa-miR-223 emerging as key discriminators across 
multiple disease contexts. 

 
In the SHAP bar plot, hsa-let-7c, let-7g, and let-7d ranked among the top four miRNAs 
contributing to the classification of all four classes—Control, COPD, Lung Cancer, and MS—
highlighting their central role in shared pathophysiological mechanisms. Members of the let-7 
family, including hsa-let-7c, let-7b, and let-7g, have been widely implicated in inflammation and 
immune regulation across MS, COPD, and lung cancer. Notably, hsa-let-7c-5p has been shown to 
reduce neuroinflammation and preserve neuronal function in MS by suppressing microglia and 
macrophage activation [117]. According to [118], who profiled miRNAs across CD4+ T cell 
subsets and found conserved expression patterns in MS patients, with let-7 family involvement. 
[119] further linked circulating miRNAs, including let-7 members, to MS stage and disability. 
[120] demonstrated that CSF levels of let-7b-5p—a close family member of let-7c—correlated 
with neuroinflammation and MS progression. In COPD, multiple studies reported downregulation 
of let-7c in patient lung tissue and animal models, with functional roles in inhibiting IL-6/STAT3 
signaling, macrophage M2 polarization, and myofibroblast differentiation ([121], [122]). These 
findings reinforce its regulatory role in airway remodeling and emphysema progression. In lung 
cancer, hsa-let-7c acts as a tumor suppressor by inhibiting targets such as ITGB3 and MAP4K3, 
thereby reducing metastasis and epithelial invasion [123]. Low expression of let-7 family miRNAs 
is associated with advanced stage and poor prognosis in NSCLC. Collectively, these studies 
validate the biological importance of hsa-let-7c as a cross-disease miRNA biomarker, targeting 
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inflammatory, oncogenic, and immunoregulatory pathways such as TGF-β, PI3K-Akt, and 
MAPK, linking neurological and respiratory inflammation through shared molecular mechanisms. 
The second list in hsa-miR-454 which was found to be downregulated in peripheral blood of 
patients with all MS subtypes(primary progressive, secondary progressive and relapsing-remitting 
disease) [124]. Further, a bioinformatics and in vitro research have indicated that miR-454 is linked 
to the PI3K-Akt signaling pathway, which affects COPD pathology-related inflammatory and 
cellular processes. Overexpression of miR-454 in lung cancer worsens prognosis by increasing 
tumor proliferation, invasion, and apoptosis, making it a key target for drug treatment[125]. The 
fifth  miRNA from the plot was hsa-miR-223 and the expression of miR-223 in myeloid-derived 
suppressor cells (MDSCs) from patients with multiple sclerosis (pwMS) is responsible for the 
diminished presence of MDSCs in these individuals, and inhibiting miR-223 could enhance 
MDSC-mediated regulation of T cell proliferation through STAT3 activation. The authors 
observed enhanced suppressive activities of MDSCs following GC therapy; however, this impact 
was independent of STAT3[126]. On the other hand, In COPD and lung cancer, miR-223 regulates 
inflammation and immunity. In COPD, miR-223 supports neutrophil recruitment and macrophage 
activation, regulating pro-inflammatory pathways such NF-κB and NLRP3 inflammasome. It 
modulates disease development by affecting airway remodeling and cellular proliferation. MiR-
223 suppresses lung cancer by blocking pathways like TGF-β and p53 that promote cell 
proliferation, apoptosis, and invasion. Thus, miR-223 may be a diagnostic and therapeutic target 
in both disorders [127]. Further, hsa-mir-92a gets sixth position in bar plot and it was found that 
patients with multiple sclerosis had higher levels of miR-92a in their CD4+ T cells, and inhibiting 
this gene in these patients' T cells increased Treg formation but decreased Th17 differentiation 
[128]. Similarly, it was found that miR-92a-3p plays a role in COPD by influencing inflammation 
and immune response. Its elevated levels in blood affect gene regulation related to lung function 
and COPD severity, making it a potential biomarker for disease progression. Efforts aim to 
minimize its interference in detecting COPD-specific biomarkers[129]. 

3.2.3 miRNA profiling and validation: 
In fig.3.12 (D, E, F, G) highlights the top 20 miRNAs for individual class prediction namely, 
Control, COPD, Lung cancer and MS. In these illustrations, each miRNA on the 𝑦-axis is 
accompanied by a horizontal bar that denotes the miRNA's impact on the model's prediction. The 
red and blue colors denote the degree of impact (major in red or minimal in blue) of each miRNA 
on the model's classification task. For example, in Class= ‘1’ which is COPD, the miRNA hsa-
miR-92a has a positive impact. The ‘high’ can be observed by ‘red’ color and the positive impact 
indicated on x-axis([12,98]). 
To display the differential expression of the top 20 miRNAs found in SHAP bar plots, we used the 
idep 1.0 tool to create heatmaps, as shown in Figures 3.12(A) and 6(B). These heatmaps clearly 
show the split of many classes based on biomarkers, with CONTROL in red, COPD in green, MS 
in blue, and lung cancer in cyan. This picture depicts the distinct miRNA expression profiles of 
various groups and demonstrates the potential of these biomarkers in distinguishing between these 
disorders. To further validate, we decided to reintroduce top miRNAs including hsa-let7c, hsa-
miR-454, hsa-let-7g, let-7b, hsa-miR-92a and miR-223 and achieved an accuracy of 
89.47%[12,130]. This increase in accuracy rate ensures the resilience of our model and the critical 
role these miRNAs play in its performance. Furthermore, we found that hsa-let-7c, hsa-let-7g, hsa-
let-7b, and hsa-miR-454 from the SHAP individual violin plots were common contributors across 
all classes (COPD, MS, Lung cancer and control). Selecting common miRNAs from SHAP plots 
can reveal shared biological pathways implicated in disease progression. This method helps us 
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identify miRNAs that are statistically significant in our model and biologically important to cross-
disease interactions, enabling further research into their roles in disease 
interconnection(Fig.3.12.(H)). 
 

 
Figure 3.12(A)displays a heatmap of all 849 miRNAs across four disease groups, showing global 
expression trends. (B) focuses on the top 20 SHAP-identified miRNAs, emphasizing their ability 

to distinguish among the classes. (C) shows the confusion matrix for a refined model trained 
using only the top miRNAs, achieving an improved accuracy of 89.47%. (D), (E), (F), and (G) 

provide SHAP violin plots for each class—Control, COPD, Lung Cancer, and MS—highlighting 
the distribution and influence of each miRNA within specific predictions. (H) presents a Venn 
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diagram identifying four common miRNAs shared across all disease classes, reinforcing their 
biological and diagnostic relevance.  

 
We have employed Mienturnet[83] to create a miRNA-mRNA interaction of four common 
miRNAs. The regulatory linkages between these miRNAs and their target mRNAs are shown by 
the resulting network, which is represented using a Sankey diagram (Fig3.13. (A)). In particular, 
hsa-let-7b-5p associated with 42 different mRNAs, making it the most active of the two, while 
hsa-let-7c-5p connected with 28 mRNAs. The interaction profiles of hsa-let-7g-3p and hsa-miR-
454-3p were far more restricted, with just 2 mRNAs targeted by each (Fig3.13(B)).  

 
Figure 3.13(A) presents a Sankey diagram of miRNA–mRNA interactions for four common 

miRNAs (hsa-let-7c, hsa-let-7g, hsa-let-7b, and hsa-miR-454), visualizing the regulatory 
landscape. (B) quantifies the number of mRNA targets associated with each miRNA, with hsa-

let-7b-5p showing the highest number of interactions. 
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The Molecular Signatures Database (MSigDB)[131], renowned for its extensive gene sets, features 
a particular "hallmark" collection aimed at reducing repetition and enhancing clarity regarding 
specific biological processes. These trademark sets offer more focused and straightforward 
enrichment analysis inputs, hence simplifying complex datasets. 
Six genes—CCL2, CCL5, IL10, IL6, ITGB3, and MYC—were overlapping with the hallmark 
inflammatory gene (Supplementary Table.4) set which may considered as prominent within 
inflammatory pathways in case of COPD, MS and lung cancer. These genes are critical for the 
inflammatory response observed in conditions such as COPD, lung cancer, and MS. CCL2 and 
CCL5 play pivotal roles in lung cancer, COPD, and MS through their regulation of immune 
responses and inflammation. Elevated CCL2 levels in COPD are linked to enhanced macrophage 
recruitment and activation, with CCL2 deletion or CCR2 inhibition offering protection against 
alveolar injury and airway remodeling [132]. In lung cancer, CCL2 promotes tumor growth by 
recruiting immunosuppressive cells and enhancing cancer cell migration via interaction with 
CCR2 [133]. Similarly, CCL5 is implicated in COPD exacerbations, contributing to airway 
inflammation and mucus hypersecretion [134], while in lung cancer, it increases tumor 
invasiveness by recruiting macrophages [135]. In MS, elevated levels of CCL2 and CCL5 correlate 
with disease progression and may play a significant role in pathogenesis [136]. Similarly, IL-6 and 
IL-10 play critical but contrasting roles in MS, COPD, and lung cancer. In MS, IL-10-producing 
cells are protective, whereas IL-6 contributes to inflammation and disease progression [137]. In 
COPD, IL-10 levels are significantly elevated in patients with pulmonary infections, providing 
protective effects, while IL-6 is produced by both inflammatory and lung epithelial cells, 
contributing to disease exacerbations [138]. In lung cancer, reduced IL-6 activity results in 
decreased CD8 T cell activation and impaired tumor suppression, while IL-10 is important for 
activating CD8 T cells, aiding in tumor suppression through the induction of apoptosis in tumor 
cells [139]. 
ITGB3 plays a crucial role in lung cancer and MS by promoting tumor progression and facilitating 
key biological processes. In lung cancer, ITGB3 acts as a membrane receptor that promotes cancer 
through interactions with the tumor microenvironment and plays a pivotal role in tumor 
angiogenesis, which is essential for cancer growth and metastasis [140]. Additionally, ITGB3's 
activation of focal adhesion kinase (FAK) is critical for vesicle endocytosis, contributing to 
intracellular communication, which is vital for metastasis [141]. In MS, ITGB3 is associated with 
immune cell migration and activation, which can contribute to neuroinflammation and disease 
progression. While its specific role in COPD has not been well defined, ITGB3's involvement in 
cellular communication and inflammation suggests its potential participation in the underlying 
inflammatory mechanisms shared between COPD, lung cancer, and MS.  
Further we also performed functional enrichment of these genes. Functional enrichment analysis 
is a popular tool for discovering commonalities across big biological datasets. In biomedicine, 
functional enrichment analysis of gene expression data is a standard method for understanding 
disease processes. Various approaches have been developed to categorize regulated gene 
expression profiles into functional groups. These functional categories are often selected based on 
literature sources and represent signaling or metabolic pathways[12].  
A bar plot for Gene ontologies including biological process (BP), cellular component (CC) and 
molecular function (MF) fig.314(A) are being acquired. In this, the genes are enriched epithelial 
cell proliferation, positive regulation of epithelial cell in case of BP. In a study, In COPD and lung 
cancer, pulmonary epithelial cells regulate inflammation and repair. These diseases produce 
chronic inflammation and abnormal tissue remodeling by harming and killing epithelial cells, 
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which normally trigger immune responses and promote wound healing. DAMPs and epithelial 
signals exacerbate inflammation and fibrosis, progressing disease. Local immunological 
environment and tissue architecture dysregulation promotes lasting tissue damage, worsening 
COPD and lung cancer[142].In case of CC, the targeted genes were significant in plasma 
membrane signaling receptor complex and platelet alpha granule complex. In a study, Platelets are 
significant in MS beyond thrombosis. Prolonged MS activation enhances endothelial cell adhesion 
and neuroinflammation. Pro-inflammatory chemicals from platelet alpha granules cause CNS 
inflammation and damage, connecting neurons and astrocytes early. MS platelets begin 
neuroinflammatory and neurodegenerative processes before immune cell invasion. They are 
crucial disease progression players and therapeutic targets[143]. At last in case of MF, the genes 
were enriched in case of cytokine receptor binding and cytokine activity. Sankey Dot plot 
(fig.3.14(B)) for pathway analysis was done which illustrated the role of targeted genes are 
enriched, human cytomegalovirus infection and viral protein interaction with cytokine and 
cytokine receptor. The pathways emphasize their significance in COPD, lung cancer, and MS 
inflammation. In MS, these cytokines govern neuroinflammation; in lung cancer, they affect tumor 
growth and immune responses . Cytokines cause chronic airway inflammation and tissue damage 
in COPD[144]. This shared participation across all three diseases emphasizes their centrality in 
disease development and treatment potential 
Subsequent to the analysis, we identified two miRNAs (hsa-let-7c-5p and hsa-let-7g-3p) within 
miRNA-mRNA network and made network using Cystoscope. These miRNAs are pivotal 
regulators of the six inflammatory genes: CCL2, CCL5, IL10, IL6, ITGB3, and MYC. These 
miRNAs were discovered to strongly interact with the identified genes involved in the 
inflammatory pathways associated with COPD, lung cancer, and MS. This concentrated 
investigation of miRNA-gene interactions elucidates the potential shared biological underpinnings 
of these disorders at the inflammatory level. By narrowing down these critical interactions, this 
analysis highlights potential points of interest for further therapeutic exploration, particularly in 
targeting shared pathways driving MS, COPD and Lung Cancer. 
To further validate the findings, we utilized the Single Cell Portal[71] to generate heatmaps that 
provide single-cell level insights into the expression patterns of key inflammatory genes (CCL2, 
CCL5, IL10, IL6, ITGB3, and MYC) across various biological contexts. The first heatmap fig.3.14 
(D) highlights their expression across distinct cell types within tissues, with a notable focus on 
inflammatory fibroblasts, which show elevated expression of genes like IL6 and CCL2. This 
underscores the role of fibroblasts not only in sustaining local inflammation but also in driving 
tissue remodeling and repair, linking their activity to both chronic respiratory and systemic 
inflammatory diseases. The second heatmap Fig.3.14(E) explores gene expression across multiple 
disease conditions, including idiopathic pulmonary fibrosis, interstitial lung disease, and Sjogren’s 
syndrome. It highlights shared inflammatory pathways between respiratory and neurological 
diseases, such as elevated expression of CCL2 and CCL5, which are implicated in immune cell 
recruitment in both the central nervous system and lung tissue. 
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Page 90 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592

Page 90 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592



82 | P a g e  
 

 
Figure 3.14(A)GO enrichment of six key inflammatory genes across biological processes, 

cellular components, and molecular functions. (B) Sankey dot plot showing enriched pathways, 
including cytokine signaling and viral interactions. (C) miRNA–mRNA network illustrating 

regulatory links between hsa-let-7c-5p, hsa-let-7g-3p, and target genes. (D) Single-cell heatmap 
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of gene expression across tissue-resident cell types, highlighting inflammatory fibroblasts. (E) 
Gene expression heatmap across disease conditions, showing shared inflammatory signatures. 

 
To provide a consolidated view of our findings, Table.3.3 summarizes the key cytokines, miRNAs, 
and molecular signatures that are commonly dysregulated across COPD, MS, and lung cancer. In 
parallel, Supplementary Table 5 highlights experimentally validated roles of top SHAP-identified 
miRNAs—such as hsa-let-7c, miR-223, and miR-454—across cell and animal models, reinforcing 
the biological relevance of our computational discoveries. 

Tabel.3.3Summary of shared cytokines, miRNAs, and molecular signatures across COPD, 
multiple sclerosis (MS) 

Pathway/Marker COPD MS Lung Cancer 
IL6 (Interleukin-
6) 

↑IL6 linked to 
exacerbation and 
airway inflammation 
[138] 

↑IL6 drives 
neuroinflammation and 
T-cell activation [137] 

↑IL6 promotes tumor 
growth and immune 
suppression [139] 

CCL2 (MCP-1) Recruits macrophages, 
contributes to lung 
remodeling [132] 

Elevated in CSF and 
lesions; facilitates 
immune cell trafficking 
[136] 

Promotes tumor-
associated 
macrophage 
infiltration [133] 

hsa-let-7c Regulates airway 
inflammation, linked 
to PI3K-Akt pathway 
[121] 

Neuroprotective via 
inhibition of microglial 
activation [117] 

Suppresses 
oncogenic targets 
(e.g., MYC); anti-
tumor role [123] 

hsa-miR-223 Controls neutrophil 
activation, NLRP3 
inflammasome [127] 

Regulates MDSCs and 
STAT3 in immune 
suppression [126] 

Suppresses tumor 
progression via TGF-
β and p53 pathways 
[127,145] 

ITGB3 Involved in immune 
cell adhesion, potential 
ECM remodeling 
(Fuentes et al., 2020) 

Facilitates immune cell 
migration into CNS 
[143] 

Promotes 
angiogenesis and 
tumor metastasis (C. 
Zhu et al., 2019; 
Fuentes et al., 2020) 

 
Shared regulatory networks involving miRNAs such as hsa-let-7c, hsa-miR-454, hsa-miR-92a, 
and hsa-miR-223 play key roles in modulating inflammatory mediators like CCL2, IL6, ITGB3, 
and MYC, which are central to cytokine signaling and immune regulation. These interactions 
converge on pivotal inflammatory pathways including PI3K/Akt, NF-κB, and cytokine–cytokine 
receptor interactions, as supported by our enrichment analyses. Recognizing the translational 
importance of these mechanisms, several therapeutic compounds—both natural agents and 
targeted inhibitors—have been identified that modulate these same pathways. For instance, fisetin, 
a dietary flavonoid, has demonstrated neuroprotective and anti-inflammatory properties via 
PI3K/Akt and NF-κB inhibition in preclinical models of inflammation and neurodegeneration 
[146]. Silymarin, validated in cigarette smoke-exposed models, attenuates airway inflammation 
and suppresses ERK/p38 MAPK signaling, suggesting potential utility in respiratory inflammatory 
diseases  [147]. Additionally, repurposed kinase inhibitors such as ibrutinib and ponatinib have 

15

Page 92 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592

Page 92 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592



84 | P a g e  
 

demonstrated anti-inflammatory and anti-tumor activity in preclinical and clinical studies, with 
ibrutinib reducing NF-κB and inflammasome activation  and ponatinib showing promise against 
aggressive, treatment-resistant cancers  [148]. Finally, the PI3K inhibitor alpelisib, approved for 
PIK3CA-mutated cancers, targets the PI3K/AKT/mTOR pathway-a central axis in inflammation 
and cancer progression [149]. By synthesizing these molecular and pharmacological insights, the 
(Fig.3.15) underscores the translational potential of our findings and provides a visual roadmap 
for future therapeutic strategies targeting shared neuro-respiratory inflammatory mechanisms . 

 
Figure 3.15Schematic overview linking shared inflammation in COPD, MS, and lung cancer 

with key miRNAs (hsa-let-7c, hsa-miR-454, hsa-miR-92a) and their targets (CCL2, IL6, MYC). 
These converge on common signaling pathways—PI3K/Akt, NF-kB, and cytokine–cytokine 

receptor interactions—highlighting potential therapeutic  compounds such as fisetin, silymarin, 
alpelisib, ibrutinib, and ponatinib. 
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3.2.4 Key Findings  
 Analysis of GSE61741 (237 samples: 94 controls, 47 COPD, 73 lung cancer, 23 MS) with 

Random Forest achieved 81.6% accuracy (AUC 0.97), validated on GSE31568 with 82.6% 
accuracy, confirming robust generalizability. 
 

 SHAP explainability highlighted hsa-let-7c, hsa-let-7g, hsa-let-7b, hsa-miR-454, hsa-miR-
92a, and hsa-miR-223 as central miRNAs across all classes. These miRNAs regulate key 
inflammatory mediators (CCL2, CCL5, IL6, IL10, ITGB3, MYC), converging on PI3K–
Akt, NF-κB, cytokine–cytokine receptor signaling, and epithelial proliferation pathways. 
 

 Reintroducing top miRNAs improved classification accuracy to 89.5%, validating their 
biomarker potential. Network and single-cell analyses further implicated fibroblasts and 
immune subsets as drivers of shared inflammation. 

 
 Importantly, enrichment analyses identified translational opportunities, with compounds 

such as fisetin (PI3K–Akt/NF-κB inhibitor, neuroprotective), silymarin (anti-
inflammatory, MAPK suppression), alpelisib (PI3K inhibitor), ibrutinib (NF-κB and 
inflammasome suppression), and ponatinib (anti-tumor, kinase inhibitor) showing potential 
for repurposing across COPD, MS, and lung cancer. 

 
 Collectively, these findings confirm that neuro-respiratory inflammatory crosstalk is 

orchestrated by shared miRNA–mRNA networks, with both biomarker and therapeutic 
implications for integrated disease management. 
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3.3 Results for Objective 3 : To develop a SHAP-LLM powered chatbot for lung disease 
indication, which leverages explainable machine learning models and large language 
models. 

 

3.3.1 Performance on the Test and Validation Sets 
To address class imbalance and reduce model bias toward the majority class (i.e., Normal), SMOTE was applied 
during training. The impact of SMOTE on model performance is demonstrated through comparative analyses. 
Confusion matrices and classification reports before and after applying SMOTE are summarized in Figure.3.16. The 
predictive performance of the model was first evaluated on the held-out test set, comprising 20% of the total dataset. 
The confusion matrix (fig.3.16(A)) for the test set showed that the model correctly classified 509 normal cases and 
352 lung cancer cases. Misclassifications included 84 false positives (normal cases predicted as lung cancer) and 55 
false negatives (lung cancer cases misclassified as normal). The corresponding classification report (fig.3.16(B)) 
highlighted the model's strong generalization capability, with the lung cancer class achieving a precision of 0.81, recall 
of 0.86, and F1-score of 0.84. For the normal class, the model recorded a precision of 0.90, recall of 0.86, and F1-
score of 0.88. These results reflect the model's effectiveness in distinguishing between diseased and healthy 
individuals, with particular emphasis on high recall for the lung cancer class, which is critical for minimizing missed 
diagnoses. The overall test accuracy was 0.86, indicating a balanced and clinically acceptable performance on 
previously unseen data. 
 
Evaluation on the validation set, also comprising 20% of the data and used for internal tuning, showed similarly 
consistent results. The confusion matrix (Fig.3.16(C)) indicated 527 true negatives and 343 true positives, alongside 
66 false positives and 64 false negatives. According to the classification report(fig.3.16(D)), the model achieved a 
precision, recall, and F1-score of 0.89 for the normal class. For the lung cancer class, all three metrics were 0.84, 
demonstrating that the model effectively captured disease-positive cases without significantly compromising 
precision. The close alignment between test and validation results reinforces the model's reliability, suggesting that it 
performs consistently across both internal validation and completely unseen samples (Table. 3.4-3.5). 
 

Tabel.3.4Confusion Matrices with Accuracy 

Set True Positives 
(TP) 

True Negatives 
(TN) 

False Positives 
(FP) 

False Negatives 
(FN) 

Accuracy 

Test Set 352 509 84 55 0.86 

Validation 
Set 

343 527 66 64 0.87 

 
 

Tabel3.5Classification Report 

Set Class Precision Recall F1-Score 

Test Set Normal 0.90 0.86 0.88 
 

Lung Cancer 0.81 0.86 0.84 

Validation Set Normal 0.89 0.89 0.89 
 

Lung Cancer 0.84 0.84 0.84 
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3.3.2 Cross-Validation Stability 
To ensure the robustness and reliability of the model, stratified 5-fold cross-validation was performed on the training 
dataset using a pipeline that incorporated SMOTE for class balancing and XGBoost for classification. This approach 
allowed for an unbiased estimation of the model’s stability across different training subsets. The cross-validation 
results, illustrated in the bar plot(fig.3.16(E)), indicate a mean classification accuracy of 0.880 with a low standard 
deviation of 0.004. Each of the five folds achieved accuracy in the range of 0.874 to 0.885, with no significant 
fluctuation observed between folds. The narrow confidence interval around the mean accuracy reinforces the model’s 
reliability and its ability to perform consistently, irrespective of the specific data partition. These results confirm that 
the integration of SMOTE and monotonic constraints within the XGBoost framework leads to a model that is not only 
accurate but also generalizes well across varying subsets of data (Table.3.6). 
 

Tabel.3.6 5-Fold Cross-Validation Results 

Fold Accuracy 

Fold 1 0.874 

Fold 2 0.885 

Fold 3 0.881 

Fold 4 0.879 

Fold 5 0.881 

Mean 0.880 

Std Dev ±0.004 

 
 
To evaluate further how well the model discriminates, a class-wise ROC analysis was performed using the test set 
predicted probabilities. Two-class ROC curves were created for Normal and Lung Cancer respectively, utilizing one-
vs all scoring approaches. The model, as illustrated in Fig.3.16(F), both classed had AUCs of 0.90, which means that 
the classification performance for both Lung Cancer and Normal classes was good and showed balanced 
discrimination ability. There is a sharp inclination in both curves which prove that at low sensitivity settings the model 
achieves a high level of sensitivity and specificity, at a variety of decision thresholds. The equal AUC values in both 
classes suggest that the model is not biased towards one of the two classes, but rather performs consistently well in 
identifying true and false positives. Also, lack of intersection with the 50% chance line confirms that the model is not 
overfitting and, in contrast, generalizes well to unseen data.   
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Figure 3.16This figure presents a comprehensive evaluation of the XGBoost model for 

pulmonary disease classification across test and validation sets. The test set confusion matrix 
(Fig. 3.16A) confirms the model's generalization capacity on unseen data, maintaining strong 
class-wise accuracy. The confusion matrix for the validation set (Fig. 3.16B) demonstrates the 

model's ability to correctly classify both normal and lung cancer cases, with minimal false 
positives and false negatives. Corresponding classification reports for the test sets (Fig. 3.16C) 
and validation (Fig. 3.16D)  reveal balanced performance, with F1-scores exceeding 0.84 for 
both classes and consistently high recall values for the lung cancer class, which is critical in 

minimizing missed diagnoses. The model’s robustness is further supported by the 5-fold cross-
validation results (Fig. 3.16E), where a mean accuracy of 0.880 and a low standard deviation of 

0.004 indicate stable performance across different data splits.  ROC for both classes 
(Fig.3.16(F)) 
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3.3.3 Chatbot Predictions, SHAP Interpretability, and Automated Assistance 
To translate model predictions into a clinically interpretable and interactive format, a web-based chatbot interface was 
developed using Python Dash. This tool allows users to input individual-level health and lifestyle variables relevant 
to pulmonary disease risk and receive real-time predictions, feature attribution scores using SHAP, and automated 
guidance in plain language using LLM. The chatbot was evaluated using two representative cases—one with low 
predicted risk and another with high predicted risk. 
 
For instance, in the low-risk case (Figure.3.17), a 25-year-old non-smoking female with no respiratory symptoms, no 
family history of lung disease, and normal physiological markers (e.g., oxygen saturation at 98%, high energy level) 
was assessed. The model predicted a lung disease probability of only 2% (confidence score: 0.02). The SHAP plot 
(Fig. 3.19(A)) revealed that the most influential factors reducing predicted risk were the absence of smoking, throat 
discomfort, and breathing issues, as well as younger age and normal oxygen saturation. Each of these features had 
strongly negative SHAP values, contributing to the overall low risk estimate. The automated explanation further 
translated these feature effects into clinically meaningful language, highlighting the protective role of non-smoking 
behavior, symptom absence, and overall physiological stability. This explanation was generated using an integrated 
LLM pipeline powered by Mistral via the LangChain framework, which was prompted with SHAP-based inputs and 
contextual feature values to deliver human-readable summaries tailored to each patient profile. This LLM is not merely 
a lifestyle advisor; it serves as a dynamic clinical companion capable of parsing SHAP-based feature importances, 
contextualizing individual predictions, explaining disease mechanisms, interpreting physiological variables, and 
guiding users through potential diagnostic and therapeutic pathways. Unlike static rule-based systems, this architecture 
allows the chatbot to adaptively respond to diverse and nuanced natural language inputs—including questions about 
symptoms, medications, or prognosis—while grounding its responses in the underlying model logic and medical best 
practices. This transforms the tool from a mere prediction interface into a continuously responsive, XAI assistant with 
genuine translational value in clinical and patient-facing environments. 
 

46
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Figure 3.17 Low Risk Case 

 
In contrast, the high-risk case involved a 40-year-old male smoker with moderate energy level, suboptimal oxygen 
saturation (94%), and reported symptoms such as throat discomfort, finger discoloration, and chest tightness. The 
model assigned a high lung disease probability of 98% (confidence score: 0.98), as shown in (Supplementary 
Figure.3.18). The SHAP explanation (Fig. 3.19(B)) identified smoking status, throat discomfort, family history, and 
the presence of breathing issues as the dominant contributors to the elevated risk. These features had strongly positive 
SHAP values, each pushing the prediction closer to the disease class. The generated explanation  contextualized this 
output by suggesting possible diagnoses (e.g., COPD, asthma and lung cancer) and emphasizing the need for clinical 
follow-up, diagnostic imaging, and lifestyle interventions. The chatbot also successfully responded to queries 
regarding lifestyle changes and symptom interpretation, reinforcing its role as a supportive, patient-centric tool. 
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Figure 3.18 High Risk Case 
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Figure 3.19 SHAP bar plot for low(A) and high risk(B) 

 
Together, these results show that the chatbot can deliver accurate predictions, clear explanations, and useful support 
for decision-making. Each prediction is backed by SHAP values, which help explain why the model made that 
decision, making the system transparent and trustworthy. With the assistance of an LLM, users can pose follow-up 
questions to their concerns regarding risks, symptoms and next steps, and get answers in plain language for non-expert 
users. Most importantly, the system complies with clinical reasoning standards: high-risk cases are met with assertive, 
referral-driven support, while low-risk profiles are addressed with preventive health measures, devoid of false 
reassurance or oversimplification. This adaptable and nuanced approach demonstrates the chatbot’s capability as a 
dependable, patient-facing assistant for the preliminary assessment of pulmonary disease risk. 
 
 
 
 
 
 
 
 
 
 
 
 

Page 102 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592

Page 102 of 122 - Integrity Submission Submission ID trn:oid:::27535:122649592



94 | P a g e  
 

3.3.4 Key Findings 
 The XGBoost classifier, trained with SMOTE and optimized through stratified 5-fold cross-validation, 

achieved 86% accuracy on the test set and 87% on the validation set, with balanced performance across 
normal and lung cancer classes (precision/recall ~0.84–0.90). Independent ROC analysis confirmed robust 
discrimination with AUC = 0.90 for both classes, while cross-validation further supported model stability 
(mean accuracy = 0.880, ±0.004). 
 

 Explainability via SHAP revealed class-specific feature contributions: non-smoking status, absence of 
respiratory symptoms, and high oxygen saturation strongly reduced predicted risk, whereas smoking, chest 
tightness, and family history markedly increased it. These feature attributions not only validated biological 
plausibility but also provided clinician-friendly insights into risk drivers. 

 
 To enable real-world translation, predictions were embedded in a Python Dash–based LLM-integrated 

chatbot. The chatbot successfully contextualized SHAP outputs into natural language, explaining low-risk 
cases in terms of protective behaviors and physiological stability, and high-risk cases in terms of smoking, 
symptomatology, and hereditary burden. Importantly, it adapted explanations to user queries, suggesting 
potential diagnoses, lifestyle modifications, and referral needs, all while maintaining transparency and 
alignment with clinical reasoning. 

 
 Collectively, this framework demonstrates that SHAP-guided, LLM-enabled chatbots can bridge AI 

predictions with human-interpretable insights, transforming black-box models into dynamic, patient-facing 
neuro-respiratory assistants that support preliminary risk stratification and clinical decision-making. 
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3.4 Discussion & Implementation 
This study was designed with three interlinked objectives, each addressing a distinct but complementary aspect of 
chronic inflammatory diseases, and each progressively building toward translational implementation. Taken together, 
they illustrate how explainable artificial intelligence (XAI) can move from biomarker discovery to systemic 
integration and finally to patient-centric deployment. 
 
The first objective focused on deciphering the molecular landscape of COPD and ILD, two respiratory diseases that 
frequently overlap to form the clinical entity Combined Pulmonary Fibrosis and Emphysema (CPFE). Our machine 
learning model, refined through SMOTE to counter dataset imbalance, reached an accuracy of 88.1%. More 
importantly, SHAP analysis revealed critical genes including ADRB2, CDH3, IRS2, MATN3, VEGFC, CD38, and 
PDIA4, which regulate pathways such as airway smooth muscle tone, angiogenesis, extracellular matrix remodeling, 
and ER stress. These findings are not only consistent with prior reports of ADRB2 involvement in airway reactivity 
and VEGFC in fibrotic remodeling, but also establish a mechanistic basis for why COPD and ILD converge clinically 
as CPFE. The discussion here marks the foundation of this thesis: gene-level biomarkers interpreted transparently 
through XAI. 
 
Building on this respiratory foundation, the second objective expanded the scope to systemic crosstalk between 
respiratory and neurological disorders. Multiple sclerosis (MS), though classically neuroinflammatory, shares 
common immune dysregulation with COPD and lung cancer. By analyzing peripheral blood miRNA datasets, our 
model identified a panel of cross-disease regulators—hsa-let-7c, hsa-miR-454, hsa-miR-92a, and hsa-miR-223 along 
with key cytokines (IL6, IL10, CCL2, CCL5, and ITGB3). SHAP interpretability revealed that these miRNAs 
differentially influence disease classification across pulmonary and neurological contexts. Literature validation 
confirmed their roles: for instance, let-7c suppresses IL-6 signaling in COPD, preserves neuronal function in MS, and 
inhibits oncogenic ITGB3 in lung cancer, highlighting its position as a unifying molecular thread. This objective 
therefore elevated the thesis from organ-specific biomarker discovery to a systemic understanding of inflammation 
where neuro and respiratory pathways intersect at the level of immune signaling and miRNA regulation. 
 
The third objective represented the translational leap embedding these insights into an interactive SHAP–LLM 
powered chatbot. Whereas Objectives 1 and 2 generated interpretable biomarkers and systemic networks, this final 
step demonstrated how such insights could be implemented in real-world decision support. The chatbot integrated 
SHAP explanations of model predictions with natural-language outputs generated by a large language model. Tested 
on low-risk and high-risk cases, it not only produced accurate predictions (86–89% accuracy across datasets) but also 
explained why those predictions were made, in clinically understandable terms. For example, in a low-risk individual, 
SHAP highlighted protective features (non-smoking, normal oxygen saturation), while the LLM translated these into 
plain-language reassurance and preventive advice. In a high-risk smoker with abnormal oxygen levels, SHAP 
emphasized pro-disease features, and the chatbot guided toward diagnostic follow-up. This combination of 
interpretability and communicability marks a crucial step beyond computational analysis, embedding XAI within 
patient- and clinician-facing workflows. Comparative analysis of proposed SHAP–LLM chatbot with other studies 
summarized in Table.3.7.  

 
Tabel.3.7 Comparative analysis of proposed SHAP–LLM chatbot 

Category Proposed 
Work: LLM-
Augmented 

XAI Chatbot 

XGBoost 
(Pulmonary 

Inflammation 
Mortality 

Risk) 

CNN (Chest 
X-ray 

Diagnosis) 

CNN-XGBoost 
(Pneumonia 

Classification) 

SVM, RF, 
KNN, DT 

(Lung 
Cancer 
Risk) 

Deep Learning 
(InceptionV3, 

VGG16, 
ResNet-50) 

ML Model 
+ XAI 

(Multiple 
Disorders) 

Data & 
Features 

5,000 
instances, 17 
features 
(Kaggle) 

2790 ICU 
patients 

Imaging 
(Chest X-rays) 

Chest X-ray 
images 

Tabular 
(Kaggle and 
Data World 
datasets) 

Chest X-ray 
images 

PFT 
indices, 
multiple 
disorders 

Methods / XGBoost + XGBoost CNN, VGG16 CNN + SVM, RF, InceptionV3, ML + 
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Algorithms SHAP + LLM XGBoost KNN, DT VGG16, etc. Shapley 
values 

Accuracy / F1 / 
AUC 

Accuracy: 0.86 
(test), F1: 0.84–
0.88, AUC: 
0.90 

Accuracy: 
0.889, F1: 
0.891, AUC: 
0.956 

Accuracy: 
95%, AUC: 
0.92–0.97 

Accuracy: 87%, 
Specificity: 
89%, 
Sensitivity: 85% 

Accuracy: 
93–99% 
(varies) 

AUC: 0.90–
0.99 (class-
dependent) 

Accuracy: 
74–82% 
(disease-
dependent) 

Explainability SHAP + LLM-
based case 
explanations 

SHAP-based 
explanations 

Not detailed Not detailed LIME, 
decision 
trees, 
boundary 
plots 

Not detailed Shapley 
values 

Usability / 
Interface 

Web-based 
chatbot, 
interactive 

Interactive web 
page 

Not specified Not specified Not 
specified 

Not specified Not 
specified 

Key 
Advantages / 
Limitations 

Combines high 
accuracy, XAI, 
clinical 
constraints, 
conversational 
LLM, real-time 
interaction 

High accuracy, 
interpretable, 
but mortality-
focused, lacks 
LLM 

High imaging 
accuracy, low 
explainability 

Pneumonia-
specific, limited 
generalization 

High 
accuracy, 
lacks 
patient-
facing 
interactivity 

High accuracy, 
poor 
transparency 

Multi-
disorder, 
but lower 
accuracy, 
no 
interactivity 

References  [150] [151] [152] [153] [154] [155] 

 
As shown in Table.3.7, while deep learning approaches such as CNNs and transfer learning architectures 
(InceptionV3, VGG16, ResNet-50) achieve high accuracy, they are often opaque and lack clinician- or patient-facing 
interpretability. Classical ML models (SVM, RF, KNN, DT) provide transparency but remain limited in scope and 
generalizability. By contrast, our proposed SHAP–LLM chatbot strikes a balance between accuracy, interpretability, 
and usability, embedding AI insights into a conversational interface suitable for real-world deployment. 
 
Taken together, these three objectives form a coherent hierarchical narrative that progressively advances from 
molecular discovery to clinical translation. Objective 1, focused on CPFE biomarkers, provided granular, gene-level 
evidence for overlapping respiratory disease mechanisms, demonstrating how explainable AI can illuminate the 
molecular underpinnings of COPD–ILD overlap. Building on this foundation, Objective 2 extended the scope to 
systemic neuro-respiratory crosstalk, uncovering shared inflammatory regulators and highlighting how common 
pathways connect distinct organ systems such as the lung and the central nervous system. Finally, Objective 3 
transformed these discoveries into practice by developing a SHAP–LLM chatbot, an interactive tool capable of 
translating complex multi-omics and AI-driven insights into accessible explanations for risk assessment and early 
clinical guidance. Together, these objectives illustrate a continuum of discovery, integration, and implementation, 
unified under the framework of explainable AI. 
 This hierarchical progression from discovery to integration to implementation demonstrates how 
explainable AI can act as a bridge between data-driven research and real-world clinical needs. At every 
stage, the incorporation of XAI ensured that findings were not only statistically robust but also biologically 
interpretable and clinically meaningful, directly addressing the long-standing limitations of black-box AI 
in healthcare. This cumulative narrative naturally transitions into the implementation phase, where the 
validated biomarkers, systemic inflammatory signatures, and interpretable AI models are operationalized 
into interactive, patient- and clinician-facing tools, laying the foundation for precision diagnostics and 
translational impact. 
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4.1 Conclusion, Future Scope and Social Impact 

This thesis has traversed the continuum of modern translational research—from molecular 
discovery, through systemic integration, to digital implementation—anchored in the framework of 
explainable artificial intelligence. Beginning with Objective 1, we demonstrated how gene-level 
biomarkers illuminate the overlapping molecular signatures of COPD and ILD, especially within 
the CPFE phenotype. Objective 2 expanded this lens, bridging respiratory and neurological 
disorders to reveal shared inflammatory and immunoregulatory signatures across COPD, lung 
cancer, and MS. Objective 3 carried these findings forward into practice by developing a SHAP–
LLM chatbot, translating complex multi-omics insights into accessible, real-time explanations for 
clinicians, patients, and researchers alike. Collectively, these contributions illustrate not just the 
value of integrative multi-omics and XAI, but also the possibility of reimagining respiratory 
medicine as a field where discovery and clinical utility coexist seamlessly. 

The conclusion that emerges is twofold. First, respiratory diseases do not exist in isolation; they 
are connected to systemic and even neurological disorders via convergent inflammatory and 
regulatory pathways. Second, artificial intelligence—when explainable, interpretable, and 
integrated with domain knowledge—can act as a true bridge between molecular complexity and 
clinical decision-making. This thesis demonstrates that discovery (biomarkers), integration (neuro-
respiratory signatures), and implementation (chatbot) are not sequentially isolated steps but part 
of a unifying continuum where each level strengthens the translational impact of the other. 

Looking toward the future, several avenues unfold. The biomarker signatures identified here can 
be validated in prospective, multi-cohort studies, with an emphasis on stratifying patients not only 
by disease but by overlap syndromes such as CPFE or systemic crosstalk with neuroinflammatory 
disorders. Integration with digital twin technology could allow the construction of patient-specific 
models that simulate disease progression and therapeutic responses, driven by the same 
explainable AI frameworks validated here. The SHAP–LLM chatbot prototype can be expanded 
into a multi-modal platform, incorporating imaging, wearable biosensors, and EHR data, 
ultimately evolving into a clinician-augmented AI companion capable of supporting differential 
diagnosis, therapeutic planning, and patient education. Moreover, integration with federated 
learning could enable this system to learn from global datasets while preserving patient privacy, 
advancing both scalability and ethical responsibility. 

The social impact of this work lies in its potential to democratize precision healthcare. Respiratory 
and neuro-respiratory diseases disproportionately affect populations in low-resource settings 
where access to early diagnostics, trained specialists, and advanced therapeutics is limited. By 
embedding interpretability at every stage, the XAI-driven framework proposed here can generate 
trust not only among clinicians but also among patients, empowering them with transparent 
explanations of their disease risk and therapeutic options. A chatbot that explains why a patient 
might be at higher risk, how biomarkers contribute to disease progression, and what preventive 
steps are actionable, transforms complex computational predictions into meaningful guidance at 
the community level. This democratization of knowledge where molecular discoveries no longer 
remain confined to specialized laboratories but reach the bedside and even the household 
represents the most profound societal contribution of this thesis. 
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In sum, this thesis advances a new paradigm where respiratory and systemic diseases are studied 
not in isolation but as interwoven processes; where artificial intelligence is not a black box but a 
transparent collaborator; and where the end point of research is not merely publication but 
implementation in tools that serve clinicians and patients alike. The integration of XAI and LLM-
driven interfaces provides a blueprint for the future of precision medicine—one that is 
interpretable, equitable, and impactful. By addressing both the scientific complexities and the 
social imperatives of healthcare, this work positions itself at the intersection of discovery and 
responsibility, paving the way for research that not only explains but also transforms. 
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