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Abstract: Smoking is a well known risk factor for coronary artery disease (CAD). However, the
effects of smoking on gene expression in the blood of CAD subjects in Hungary have not been
extensively studied. This study aimed to identify differentially expressed genes (DEGs) associated
with smoking in CAD subjects. Eleven matched samples based on age and gender were selected for
analysis in this study. All subjects were non-obese, non-alcoholic, non-diabetic, and non-hypertensive
and had moderate to severe stenosis of one or more coronary arteries, confirmed by coronary
angiography. Whole blood samples were collected using PAXgene tubes. Next-generation sequencing
was employed using the NextSeq 500 system to generate high-throughput sequencing data for
transcriptome profiling. The differentially expressed genes were analyzed using the R programming
language. Results: The study revealed that smokers exhibited non-significant higher levels of total
cholesterol, low-density lipoprotein-cholesterol, and triglycerides compared to non-smokers (p > 0.05),
although high-density lipoprotein-cholesterol was also elevated. Despite this, the overall lipid profile
of smokers remained less favorable. Non-smokers had a higher BMI (p = 0.02). Differential gene
expression analysis identified 58 DEGs, with 38 upregulated in smokers. The key upregulated genes
included LILRB5 (log2FC = 2.88, p = 1.05 × 10−5) and RELN (log2FC = 3.31, p = 0.024), while RNF5_2
(log2FC = −5.29, p = 0.028) and IGHV7-4-1_1 (log2FC = −2.86, p = 0.020) were notably downregulated.
Heatmap analysis showed a distinct clustering of gene expression profiles between smokers and
non-smokers. However, GO analysis did not identify significant biological pathways associated with
the DEGs. Conclusions: This research illuminates smoking’s biological effects, aiding personalized
medicine for predicting and treating smoking-related diseases.
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1. Introduction

Coronary artery disease (CAD) continues to be a major cause of morbidity and mor-
tality worldwide, driven by a complex interplay of environmental, lifestyle, and genetic
factors [1]. Among these, cigarette smoking is a well established risk factor for CAD,
contributing to both the initiation and progression of the disease through a variety of
mechanisms, including oxidative stress, endothelial dysfunction, inflammation, and lipid
metabolism disturbances [2]. Despite extensive epidemiological evidence linking smok-
ing to elevated cardiovascular risk, the precise molecular mechanisms by which smoking
exacerbates CAD remain not yet fully understood [2,3].
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Cardiovascular diseases (CVDs) remain a significant global health challenge, driving
high rates of morbidity and mortality and underscoring the need for effective prevention
strategies [4]. Traditional prevention relies on lifestyle changes, risk factor management,
and medication, but advanced imaging techniques—such as ultrasound, echocardiography,
cardiac MRI, and coronary CT angiography—enhance early detection, personalized risk
assessment, and tailored prevention [4]. In acute myocardial infarction (AMI), where timely
percutaneous coronary intervention (PCI) is critical, optical coherence tomography (OCT)
optimizes outcomes by identifying lesion types and guiding PCI procedures, supporting
precision medicine in CVD care [5]. Additionally, the “smoker’s paradox” highlights that
smokers with STEMI may experience lower short-term mortality rates than non-smokers,
potentially influenced by factors such as younger age and shorter ischemic times. However,
other factors may also play a role [6].

Gene expression profiling has become a valuable method for elucidating the molecular
underpinnings of complex diseases like CAD [7,8]. By pinpointing key genes, regulatory
networks, and pathways that contribute to the pathophysiology of CAD, researchers hold
the potential for groundbreaking insights. However, the specific effects of smoking on
gene expression in CAD subjects remain a frontier waiting to be fully explored, especially
within the context of matched samples. These designs, which match individuals based on
key clinical or demographic variables, have the power to reduce confounding factors and
illuminate the direct impact of smoking on molecular processes relevant to CAD.

Numerous studies have examined smoking-associated gene expression changes in
various tissues, including peripheral blood, lung, and cardiovascular tissues [9–12]. These
investigations have identified unique molecular signatures associated with smoking, in-
cluding the upregulation of genes involved in inflammation, immune response, cell pro-
liferation, and oxidative stress. However, the specific gene expression profiles associated
with smoking in CAD subjects have been less thoroughly investigated [12,13]. Gaining
a better understanding of these profiles could shed light on how smoking accelerates
CAD progression and uncover new therapeutic targets for reducing cardiovascular risk in
smokers.

Moreover, CAD is a highly heterogeneous disease, with subjects exhibiting varying
levels of disease severity, clinical outcomes, and plaque composition [14]. Smoking may
intensify certain pathways in some CAD subjects while having less impact on others [15].
Utilizing matched samples enables researchers to reduce patient variability and concentrate
on gene expression changes directly linked to smoking in the context of CAD. This approach
allows for a more refined analysis of the smoking-associated molecular signatures that play
a role in the pathophysiology of CAD.

Despite the growing interest in transcriptomic studies of CAD, there remains a sig-
nificant need for studies focused on how smoking influences gene expression in CAD
subjects. Addressing this gap could deepen our understanding of the molecular interplay
between smoking and CAD, potentially leading to personalized treatment approaches
for smokers with CAD. Furthermore, identifying differentially expressed genes (DEGs)
between smokers and non-smokers might uncover biomarkers for evaluating smoking-
related cardiovascular risk and assessing the success of smoking cessation efforts in CAD
subjects.

This study aims to investigate the gene expression changes associated with smoking
in CAD subjects using matched sample designs. By comparing the transcriptional profiles
of smokers and non-smokers, we seek to identify DEGs and pathways that are modulated
by smoking in the context of CAD. The findings from this study could deepen our under-
standing of the molecular impact of smoking on CAD and pave the way for more targeted
therapies and preventive measures for this high-risk patient population.

2. Material and Methods

The methodology for this study was detailed in our previous work [12]. Briefly, we
conducted a single-center cross-sectional study at the Cardiology and Cardiac Surgery
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Clinic, University of Debrecen Clinical Center, between November 2021 and October 2022.
Sixty-one subjects, selected based on strict inclusion (non-obese, non-alcoholic, non-diabetic,
and non-hypertensive and had moderate to severe stenosis of one or more coronary arteries,
confirmed by coronary angiography) were enrolled. Out of them, only 11 matched samples
were selected for this analysis (Figure 1). Peripheral venous whole blood samples were
collected for hematological tests, cotinine assays, and RNA analyses. RNA was extracted,
quality-checked, and sequenced using the Illumina NextSeq 500 platform. Differential
gene expression analysis was performed using DESeq2, and gene ontology enrichment
was conducted using Cytoscape and ClueGO. Statistical analyses were carried out using R
software (https://www.r-project.org/, accessed on 1 November 2024).
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2.1. Data Preprocessing and Normalization

To prepare the RNA-Seq data for differential expression analysis, we used the DESeq2
package. Initially, raw count data were normalized to correct for variations in sequencing
depth and other technical biases that could introduce discrepancies between samples.
DESq2 applies a robust normalization method, adjusting for these differences to ensure
accurate and unbiased comparisons between samples [16].

2.2. Dispersion Estimation

Dispersion estimates were modeled as a function of the mean normalized counts. The
relationship between the dispersion and gene expression levels is critical for adjusting the
statistical model and accurately identifying DEGs. DESeq2 fits a parametric curve to the
gene-wise dispersion estimates, which allows for shrinkage of the estimates towards a
fitted trend, reducing noise in the data and improving statistical power [16]. The dispersion
modeling is visualized in Figure 2.

https://www.r-project.org/
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3. Results
3.1. Patient Characteristics

Table 1 summarizes the baseline characteristics of the age- and gender-matched CAD
subjects according to smoking status. A comparison of the two groups revealed that smok-
ers had significantly higher levels of total cholesterol, low-density lipoprotein-cholesterol
(LDL-c), and triglycerides compared to non-smokers (p < 0.05). However, smokers also
exhibited higher levels of high-density lipoprotein-cholesterol (HDL-c). Despite the ele-
vated HDL-c levels, the overall lipid profile was less favorable in smokers due to the more
pronounced increases in total cholesterol, LDL-c, and triglycerides.

Table 1. Baseline characteristics of CAD subjects.

Variables Non-Smokers Smokers p-Value

Gender
Female 3 3
Male 8 8

Age (years), mean ± SD 66 ± 6 66 ± 6
BMI, mean ± SD 27.5 ± 2.0 25.0 ± 2.7 0.02
Cholesterol (mmol/L), mean ± SD 4.38 ± 1.21 5.25 ± 0.96 NS
Triglycerides (mmol/L), mean ± SD 1.44 ± 1.02 1.54 ± 0.44 NS
LDL-c (mmol/L), mean ± SD 2.69 ± 1.24 2.87 ± 0.92 NS
HDL-c (mmol/L), mean ± SD 1.09 ± 0.20 1.66 ± 1.13 NS
Plasma cotinine ng/mL, mean ± SD 0.4 ± 0.2 0.2 ± 0.1 NS

BMI = body mass index, HDL-c = high-density lipoprotein cholesterol, LDL-c = low-density lipoprotein cholesterol,
NS = no significant, SD = standard deviation.

There was a significant difference in the scores for non-smokers (M = 27.5, SD = 2.0)
and smokers (M = 25.0, SD = 2.7); t(12) = 2.49, p = 0.02. This suggests that non-smokers have
a higher BMI compared to smokers. These findings suggest that the observed differences in
the lipid profile may primarily be attributable to smoking status rather than confounding
factors such as age, gender, or obesity.

3.2. Differential Expression Analysis

Following the dispersion estimates, a quantitative analysis of gene expression profiles
was conducted using the moderated t-test to identify and compare differentially expressed
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genes (DEGs) between smokers and non-smokers, uncovering unique molecular signatures
linked to each group. There were 58 DEGs with a FC of ≥2. Of them, 38 were upregulated.
Table 2 presents the top 10 upregulated and downregulated DEGs identified when com-
paring smokers to non-smokers. In the upregulated category, RELN exhibits the highest
log2FC (3.30) with a p-value of 0.027, followed by AOX1 (log2FC = 2.99, p-value = 0.01).
Notably, LILRB5 shows a significant upregulation with a log2FC of 2.88, a highly significant
p-value (1.05 × 10−5). Similarly, LILRB5_2 displays a log2FC of 2.63, with an even lower
p-value (1.47 × 10−5). It is important to note that the last two genes were kept significant
even after adjusting (adjusted p-value of 0.05), highlighting the robustness of our findings.

Table 2. The top 10 up and downregulated differentially expressed genes in smokers vs. non-smokers.

Gene ID Gene Name log2FC p-Value

Upregulated

RELN Reelin 3.31 0.024
AOX1 Aldehyde Oxidase 1 2.99 0.015
ZNRD1ASP_6 Zinc Ribbon Domain Containing 1 Antisense RNA (variant 6) 2.98 0.023
LILRB5 Leukocyte Immunoglobulin Like Receptor B5 2.88 1.05 × 10−5

YAP1 Yes Associated Protein 1 2.86 0.012
RNF182 Ring Finger Protein 182 2.77 0.008
PPP4R4_1 Protein Phosphatase 4 Regulatory Subunit 4 (variant 1) 2.64 0.002
LILRB5_2 Leukocyte Immunoglobulin Like Receptor B5 (variant 2) 2.63 1.47 × 10−5

MAL2 Mal, T-cell differentiation protein 2 2.63 0.007
LILRB5_1 Leukocyte Immunoglobulin-Like Receptor Subfamily B Member 5, isoform 1 2.57 5.83 × 10−5

Downregulated

RNF5_2 Ring Finger Protein 5 (variant 2) −5.29 0.028
IGHV7-4-1_1 Immunoglobulin Heavy Variable 7-4-1 (variant 1) −2.86 0.020
RIMBP2 RIMS Binding Protein 2 −2.76 0.017
IGHV7-4-1 Immunoglobulin Heavy Variable 7-4-1 −2.57 0.042
DXO_2 Decapping And Exoribonuclease (variant 2) −2.57 0.014
POSTN Periostin −2.53 0.049
KBTBD11-AS1_1 KBTBD11 Antisense RNA 1 (variant 1) −2.36 0.033
FAM3B Family With Sequence Similarity 3 Member B −2.31 0.006
FAM106B Family with Sequence Similarity 106, Member B −2.20 0.009
GABBR1_2 Gamma-aminobutyric acid type B receptor −2.16 0.038

Bold font indicates significant adjusted p-value.

On the other hand, the downregulated genes, led by RNF5_2, show a significant
decrease with a log2FC of −5.29 and a p-value of 0.028. RIMBP2 and IGHV7-4-1_1 also
demonstrate substantial downregulation, with log2FCs of −2.76 and −2.86, respectively,
and respective p-values of 0.017 and 0.020.

Using an average linkage clustering method and Spearman Rank Correlation for
distance measurement, a heatmap was generated to compare the expression profiles of
the two groups in Figure 3. The heatmap clearly demonstrates distinct clustering between
smokers and non-smokers, suggesting that smoking significantly impacts gene expression.

A substantial number of genes were differentially expressed, with 38 genes showing a
Log2 FC of 2 or greater. The majority of these DEGs were upregulated in smokers compared
to non-smokers, indicating a transcriptional response to smoking.

Furthermore, a heatmap of the top 10 upregulated and downregulated genes was
generated to emphasize the highly significant DEGs (Figure 4).
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3.3. Gene Ontology (GO) Analysis

Although differentially expressed genes were identified, none of the GO terms or
pathways showed statistical significance or meaningful biological relevance.

4. Discussion

Our findings suggest that smoking may be associated with an unfavorable lipid profile
trend, as indicated by higher LDL-c and triglyceride levels, despite elevated HDL-c levels.
Although these changes did not reach statistical significance in our sample, they align with
the known adverse effects of dyslipidemia on cardiovascular health. Additionally, the
identification of specific gene clusters hints at a coordinated regulatory response to smoking
exposure. The individual variation observed within both groups suggests that factors
beyond smoking—such as genetic predispositions or other environmental exposures—may
also influence gene expression changes [17,18].

Smoking is a major risk factor for CAD, with genetic predisposition playing a signif-
icant role in modulating this relationship [19]. Studies using UK Biobank data revealed
that individuals with high genetic risk experience greater absolute CAD risk due to smok-
ing, suggesting additive gene–smoking interactions rather than multiplicative effects [20].
Genetic analyses identified shared SNPs between smoking behaviors and CAD, with
significant enrichment in lipid metabolism-related pathways. Mendelian randomization
highlighted that genetic liability for smoking cessation paradoxically increases CAD risk,
underscoring the complex interplay between genetic factors, smoking behaviors, and CAD
development [21].

Atherosclerotic CAD is influenced by both monogenic and polygenic factors [12].
Monogenic forms of CAD, though rare, are typically driven by single-gene mutations,
such as those affecting LDLR, PCSK9, or APOB, which significantly alter lipid metabolism
and accelerate atherosclerosis [22]. In contrast, the more common polygenic etiology of
CAD arises from the interplay of multiple genetic variants with small individual effects,
often identified through genome-wide association studies [23]. These variants interact
with environmental factors and biological pathways, such as inflammation, endothelial
dysfunction, and lipid metabolism, contributing to the complex and multifactorial nature
of CAD [12,17].

The results reveal that smokers have significantly higher levels of total cholesterol,
LDL-c, and triglycerides compared to non-smokers, although HDL-c levels are also elevated
in smokers. Despite this increase in HDL-c, the overall lipid profile of smokers remains less
favorable due to the elevated LDL-c and triglycerides, known risk factors for cardiovascular
events. These findings are consistent with previous studies [24,25]. Conversely, non-
smokers exhibited higher BMIs, which may indicate differences in lifestyle or metabolic
responses between the groups.

Differential gene expression analysis identified 58 significant DEGs, with 38 upregu-
lated in smokers. Notably, genes such as LILRB5 (OMIM: 604814) and AOX1 (OMIM: 602841)
were highly upregulated, while RNF5_2 (OMIM: 602677) was significantly downregulated.
GO analysis highlighted distinct enrichment in processes related to skin and epithelial
development in smokers, suggesting a unique transcriptional response to smoking.

Among the highly upregulated genes, RELN (OMIM: 600514) influences vascular
endothelial cell adhesion, morphology, and membrane resistance, which are crucial for
vessel wall integrity [26]. Previous research has linked elevated Reelin levels to increased
vascular inflammation and atherosclerosis, suggesting that targeting Reelin could be a
novel strategy for cardiovascular disease prevention [27]. LILRB5, involved in immune
response modulation, was upregulated, indicating that smoking may impact CAD through
immunological pathways [28]. This finding is consistent with emerging evidence linking
smoking to inflammation and immune system dysregulation in CAD subjects [12].

Conversely, the downregulation of RNF5_2 and genes involved in ubiquitination
suggests potential alterations in protein degradation processes in smokers. Aberrant ubiq-
uitination has been associated with various cardiovascular diseases, including atheroscle-
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rosis, which may explain the increased CAD risk in smokers [29]. The downregulation of
IGHV7-4-1 (OMIM: 147070), involved in immune response, further supports the notion of
smoking-induced immune dysfunction. Smoking has been shown to reduce neutrophil
phagocytic activity and interfere with immune cell functions, weakening pathogen elimina-
tion [30].

GO analysis did not reveal significant biological pathways associated with the DEGs,
which may be due to the small number of DEGs, the limited representation of relevant
biological processes in current GO databases, or the involvement of these genes in novel
or context-specific regulatory networks. Future research using alternative pathway anal-
ysis tools or experimental validation could provide more insights into these biological
mechanisms.

Limitations

Several limitations of our study should be noted. The sample size was relatively small,
which may affect the generalizability of our findings. While we identified DEGs, further
validation in larger cohorts is necessary to confirm these results. Additionally, although we
controlled for age and gender, other potential confounding factors, such as dietary habits,
physical activity, and medication use, were not comprehensively addressed, which could
have influenced the observed associations.

Our study’s cross-sectional design captures gene expression and lipid profiles simul-
taneously, limiting our ability to infer causality or track changes over time. Additionally,
the GO analysis was constrained by the small number of DEGs and the specificity of
current pathway databases, which may have hindered the identification of statistically
significant pathways. Longitudinal studies could offer more insights into the dynamic
nature of these changes. Furthermore, the exact mechanisms by which DEGs influence
cardiovascular risk remain unclear, and functional studies are needed to elucidate their role
in CAD progression.

5. Conclusions

Overall, our study demonstrates distinct alterations in lipid profiles and gene expres-
sion associated with smoking in CAD subjects. Specifically, we identified a significant
dysregulation of lipid metabolism, immune-related pathways, and genes involved in tissue
development, suggesting that smoking contributes to CAD progression through these
mechanisms. These results highlight the molecular impact of smoking on CAD pathology
and reinforce the critical role of smoking cessation in disease management. Additionally,
the identified DEGs may serve as potential targets for therapeutic interventions. Further
investigation is warranted to validate these findings in larger, more diverse cohorts and to
elucidate the precise mechanistic pathways involved.
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