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Abstract 

Background Ribosome biogenesis (RiboSis) is a complex process for generating ribosomes, the cellular machinery 
responsible for protein synthesis. Dysfunctional RiboSis can disrupt cardiac structure and function, contributing to car-
diovascular diseases. This study employed a Mendelian randomization (MR) approach, integrating multi-omics data, 
to investigate the relationship between RiboSis-related genes and standard cardiac structure and function.

Methods We utilized summary stats for methylation, RNA splicing, and gene expression, and UK Biobank cardiopulm 
MRI genetic associations (N = 41,135). MR evaluated RiboSis gene features against traits, complemented by hypothesis 
prioritization for multi-trait colocalization (HyPrColoc) and colocalization. Composite scores ranked RiboSis genes, 
and phenome-wide association study (PheWAS) with scQTLbase instrumental variables (IVs) confirmed results.

Results We identified 15 RiboSis-related genes: HEATR1, SENP3, ERI1, ERCC2, TSR1, UTP11, DDX17, SMARCB1, NIP7, 
ERAL1, NOP56, RPL10A, EIF6, EXOSC9, and NOP58. Notably, HEATR1 and SENP3 were ranked in the top quartile (Q1), 
scoring 25. In validation cohort, 12 genes associated with cardiac structures, functions, diseases. Only ERAL1, TSR1, 
and NIP7 lacked significant associations with cardiac traits.

Conclusion Our multi-omics MR analysis identified 15 RiboSis-related genes associated with cardiac risk, with 12 
further validated through gene set enrichment analysis. These findings suggest a link between RiboSis and cardiac 
health, enhancing understanding of cardiac disease mechanisms.
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Introduction
Ribosome biogenesis (RiboSis) is a complex process 
essential for producing the ribosomes necessary for pro-
tein synthesis during cellular growth and proliferation 
[1, 2]. This tightly coordinated process involves three 
RNA polymerases, approximately 80 ribosomal proteins, 
and around 200 non-ribosomal trans-acting factors [3, 
4]. RiboSis encompasses rRNA transcription, cleavage, 
modification, ribosome assembly, and ribosomal pre-
particle [5].

The heart, having evolved as a tubular organ over hun-
dreds of millions of years, exhibits distinct left and right 
chambers originating from different progenitor cell pop-
ulations and operating under disparate pressure regimes 
[6]. The left heart encounters high afterload, while the 
right heart typically faces relatively lower afterload [6]. 
Variations in left–right cardiac structure can contribute 
to various pathologies, including arrhythmogenic right 
ventricular cardiomyopathy (ARVC) and pulmonary 
hypertension [7, 8]. Conversely, cardiac diseases can 
also induce structural and functional abnormalities. For 
example, right or left ventricular dysfunction can arise 
from intrinsic myocardial diseases, coronary artery dis-
ease, or pulmonary or systemic hypertension [9].

Many studies have indicated that ribosomal dysfunc-
tion can lead to various cardiovascular diseases [10, 
11], including myocardial hypertrophy [12], myocardial 
infarction [13–15], and atherosclerosis [16]. For example, 
Wang et al. [17] analyzed plasma samples from patients 
with familial hypercholesterolemia and found that RPL9, 
RPL35, RPS7, and RPL23 exhibited a downward trend. 
The expressed genes are mainly involved in the ribosome 
and oxidative phosphorylation pathways. Studies indi-
cate that during myocardial infarction, the protein lev-
els of Nucleolin (Ncl, the biogenesis of ribosomes begins 
with Ncl, where different rRNA subunits are transcribed 
by RNA polymerase I into precursor transcripts) signifi-
cantly decrease. At the same time, overexpression of Ncl 
reduces the infarct area and cell death in rat hearts [18]. 
In murine models, dysregulation of nucleolar protein 
nucleostemin (NS), a component of RiboSis, has been 
shown to increase the vulnerability of diabetic hearts to 
ischemia/reperfusion injury [19]. Furthermore, a high-
throughput phenotypic platform has identified riboso-
mal protein RPL13 as associated with congenital heart 
disease (CHD) [20]. Ribosomal proteins have also been 
implicated in the pathogenesis of transplant-associated 
coronary artery disease (TxCAD) following cardiac trans-
plantation [21]. Moreover, aberrant regulation of certain 
ribosomal genes has been observed in various pathologi-
cal cardiac conditions, including ischemia, diabetic cardi-
omyopathy, and hypertrophic or dilated cardiomyopathy 
[22]. The occurrence and development of various cardiac 

diseases are closely associated with abnormalities in the 
structure and function of the left and right cardiac sys-
tems. Therefore, in this study, we analyzed relevant car-
diac structure and function features.

In recent years, Mendelian randomization (MR) stud-
ies have been widely applied in disease etiology. Without 
randomized controlled trials, MR is the most compel-
ling strategy to explore causal relationships between 
exposure and outcome [23]. MR uses exposure-related 
single-nucleotide polymorphisms (SNPs) as instrumen-
tal variables (IVs) [24], and this IVs substitution method 
mimics randomized controlled trials, as SNPs are ran-
domly assigned to offspring at conception, largely avoid-
ing confounding, with individual characteristics such as 
gender and age less likely to bias causal effects [25]. Simi-
larly, errors in reverse causation in MR studies are also 
less likely as genotype is formed before disease onset 
[26]. The increasing availability of large-scale genome-
wide association study (GWAS) and molecular quantita-
tive trait loci (QTL) data enables us to explore the causal 
relationships between RiboSi-related gene regulation and 
cardiac structure and function from the perspectives of 
methylation, RNA splicing, and expression levels. Meth-
ylation QTL (mQTL) refers to a genomic location where 
genetic variation affects the DNA methylation pattern 
of a specific site or region. Methylation is an epigenetic 
modification that regulates gene expression by adding a 
methyl group (a group comprising one carbon atom and 
three hydrogen atoms) to the DNA molecule without 
altering the DNA sequence itself. Splicing QTL (sQTL) 
refers to specific genomic loci where genetic variation 
is associated with changes in the RNA splicing process, 
leading to the production of different mRNA splice iso-
forms by affecting the choice of splicing sites or splicing 
modes. Such genetic variation may affect the binding sites 
of splicing factors or the splicing mechanism itself, alter-
ing the structure and function of proteins and ultimately 
impacting the phenotype or disease risk. Expression QTL 
(eQTL) refers to loci controlling gene expression levels 
associated with quantitative traits. Here, we utilize MR to 
investigate the potential associations between methyla-
tion, RNA splicing, and expression of RiboSi genes and 
22 common structural and functional variations in the 
heart.

Methods
The current MR analysis is based on publicly available 
datasets. In this study, we conducted summary data-
based MR (SMR) analysis [27] separately at the levels 
of methylation, RNA splicing, and expression with 22 
common cardiac structural and functional variations. 
To strengthen causal inference, we employed the HEIDI 
test [27], colocalization analysis [28], and the hypothesis 
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prioritization for multi-trait colocalization (HyPrColoc) 
[29]. Finally, we integrated the results of the 22 cardiac-
related variations across the three gene regulation levels 
for comprehensive evaluation. Causal candidate genes 
were identified by integrating results from these three 
different levels of MR analysis. There was no overlap 
between the sample populations of the exposure and out-
come groups. Following the analyses above, we leveraged 
human single-cell eQTL (sc-eQTL) data to identify all 
SNPs associated with RiboSis-related genes identified in 
our study. Subsequently, we further performed individual 
phenome-wide association studies (PheWAS) for each 
SNP using FinnGen data to validate these genes’ associa-
tion with cardiac phenotypes. Our research flowchart is 
shown in Fig. 1.

Sources of methylation, RNA splicing, and expression data
The original mQTL data were generated in two cohorts, 
BSGS (n = 614) and LBC (n = 1366), from peripheral 
blood [30]. This study utilized Whole Blood methylation 
measured on the Illumina HumanMethylation450 chip in 
the Brisbane Systems Genetics Study (n = 614 from 177 
families) and the Lothian Birth Cohorts of 1921 and 1936 
(merged n = 1366). Specific data are available for down-
load from the YangLab website (https:// yangl ab. westl 
ake. edu. cn/ softw are/ smr/# mQTLs ummar ydata). Blood 
eQTL data were extracted from the eQTLGen Consor-
tium (https:// eqtlg en. org/), which includes 31,684 indi-
viduals [30]. Our sQTL data were obtained from the 
Genotype-Tissue Expression (GTEx) project, where the 
latest GTEx v8 dataset extensively characterizes genetic 
associations, gene expression, and splicing in 838 indi-
viduals across 49 tissues [31]. We downloaded all sQTL 
data from these 49 tissues for analysis, and these data 
are available for download from the YangLab website 
(https:// yangl ab. westl ake. edu. cn/ softw are/ smr/# sQTLs 
ummar ydata).

RiboSis-associated genes were sourced from Zang 
et  al.’s study [32], which defined a gene set of 331 ribo-
nucleic acid-related genes based on GO terms from 
MSigDB and characterization from Nerurkar et  al. [5, 
32]. The gene set did not provide Ensemble IDs for all 
genes. Hence, manual annotation was performed by 
accessing the Ensembl Genome Database (see supple-
mentary Table S1 for details).

Cardiac common 22 structural and functional outcome 
dataset
Our outcome data encompass 22 common cardiac 
variations, including four left ventricular characteris-
tics: left ventricular stroke volume (LVSV), left ven-
tricular ejection fraction (LVEF), maximal left ventricle 
(MAX_LV), and minimum left ventricle (MIN_LV); one 

aortic characteristic: maximum aortic diameter (max_
aa_diam); seven right ventricular characteristics: right 
ventricular ejection fraction (RVEF), right ventricular 
stroke volume (RVSV), right ventricular end-diastolic 
volume (RVEDV), right ventricular end-systolic vol-
ume (RVESV), maximum right atrial area (ramax area), 
minimum right atrial area (ramin area), and right atrial 
fractional area change (RAFAC); four pulmonary artery 
characteristics: magnetic resonance short-axis image of 
pulmonary artery root diameter (short_axis_cm_root), 
MRI short-axis image of proximal pulmonary artery 
diameter (short_axis_cm_pa), MRI short-axis image of 
proximal pulmonary artery diameter during diastole 
(short_axis_cm_pa_diastole), and short-axis magnetic 
resonance imaging pulmonary artery strain (short_
axis_cm_pa_strain); two pulmonary artery to aorta 
ratio characteristics: ratio of pulmonary artery to aorta 
(PA_AO) and diastolic pulmonary artery to aorta ratio 
(PA_AO_diastole); and four left-to-right ventricular ratio 
characteristics: right ventricular stroke volume/left ven-
tricular stroke volume (RVSV/LVSV), right ventricular 
end-diastolic volume/left ventricular end-diastolic vol-
ume (RVEDV/LVEDV), right ventricular end-systolic 
volume/left ventricular end-systolic volume (RVESV/
LVESV), and RVEF/LVEF. These data were derived from 
a deep learning model-based study utilizing cardiovas-
cular magnetic resonance imaging in the UK Biobank 
imaging sub-study, encompassing 45,504 individuals [6]. 
Of these, 41,135 individuals participated in at least one 
genome-wide association study after genotyping quality 
control and exclusion of prevalent diseases (http:// www. 
broad cvdi. org).

The human sc-eQTL data for our validation cohort 
and PheWAS were retrieved from scQTLbase (http:// 
bioin fo. szbl. ac. cn/ scQTL base/), a comprehensive sc-
eQTL portal encompassing data from 304 datasets 
spanning 57 cell types and 95 cell states. This resource 
contains approximately 16 million SNPs significantly 
associated with gene expression in specific cell types or 
states, including ~ 690,000 disease-associated sc-eQTLs 
mapped to 3,333 traits/diseases. We retrieved all SNPs 
associated with RiboSis-related genes identified in our 
study and performed a PheWAS and gene enrichment 
analysis using FinnGen R10 data (https:// www. finng en. 
fi/ en/ access_ resul ts). FinnGen is a large-scale biobank 
project encompassing genomic and health data from 
over 500,000 FinnGen individuals (n = 453,733; 254,618 
females and 199,115 males) to investigate disease mecha-
nisms and susceptibility [33].

SMR analysis
We employed SMR to estimate the relationship 
between methylation, expression, and RNA splicing of 

https://yanglab.westlake.edu.cn/software/smr/#mQTLsummarydata
https://yanglab.westlake.edu.cn/software/smr/#mQTLsummarydata
https://eqtlgen.org/
https://yanglab.westlake.edu.cn/software/smr/#sQTLsummarydata
https://yanglab.westlake.edu.cn/software/smr/#sQTLsummarydata
http://www.broadcvdi.org
http://www.broadcvdi.org
http://bioinfo.szbl.ac.cn/scQTLbase/
http://bioinfo.szbl.ac.cn/scQTLbase/
https://www.finngen.fi/en/access_results
https://www.finngen.fi/en/access_results
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Fig. 1 Study design and analysis workflow. QTL: Quantitative trait locr; 1Vs: instrumental variables; Hypreoloe: the hypothesis prioritization 
for multi-trait colocalization; MAF: minor allele frequency; LD: linkage disequilibrium; SNP: single-nucleotide polymorphism; PheWAS: 
phenome-wide association study
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RiboSi-associated genes and common variations in car-
diac structure and function. SMR generally has much 
higher statistical power than traditional MR analysis 
when exposures and outcomes are derived from two 
independent large sample sets [27]. We considered win-
dows centered around corresponding genes (± 2000 kb) 
and selected the most relevant cis-QTLs by a p value 
threshold of 5.0 ×  10−8. SNPs with allele frequency dif-
ferences more significant than a specified threshold 
(set at 0.3 in this study) between any pairwise data-
sets (including LD reference samples, QTL summary 
data, and outcome summary data) were excluded. The 
HEIDI heterogeneity test was used to distinguish plei-
otropy and linkage, with P-HEIDI < 0.05 indicative of 
pleiotropy and therefore excluded from the analysis 
[27]. SMR and HEIDI tests were conducted using the 
SMR software tool. Adjustments were made to p val-
ues in consideration of possible correlations between 
various phenotypes, as Bonferroni thresholds may be 
deemed overly conservative [34]. Thus, false discov-
ery rate (FDR) correction was utilized. FDR control, 
as described by Benjamini and Hochberg (1995) [35], 
was employed. The procedure controls the expected 
proportion of false positives among all rejected null 
hypotheses (FDR = FP/(FP + TP), where FP and TP 
represent false and true positives, respectively) [35]. 
The FDR was maintained below a threshold of 0.05, a 
conventionally accepted level for statistical significance 
[35]. Given that our cardiac-related structures and 
functions are measured indicators rather than tissue 
specimen data, the tissue specificity of GTEx v8 sQTL 
summary data for this outcome may be relatively weak; 
therefore, a comprehensive scan of data from all 49 tis-
sues was conducted. We initially performed a compre-
hensive R-based SMR analysis of sQTL data using the 
SMR analysis package in R software to ensure robust 
results. Subsequently, we conducted SMR and HEIDI 
tests using the SMR software tool based on analysis 
results with FDR p value < 0.05. Finally, colocalization 
and HyPrColoc analyses were performed using FDR-
corrected p values < 0.05. The above analyses were 
conducted using R software (R-4.3.1) and the SMR soft-
ware tool (smr-1.3.1).

Integrated analysis
After completing the analysis of each cardiac structural 
and functional variation feature with mQTL, sQTL, 
and eQTL, we merged these three gene regulatory lay-
ers with RiboSi-associated genes based on the respec-
tive variation features to identify positive genes and 
subsequently conducted colocalization analysis and 
HyPrColoc analysis.

Colocalization analysis and HyPrColoc analysis
We conducted colocalization analysis and HyPrColoc 
analysis to detect shared causal variants for each com-
mon cardiac structural and functional variation feature 
and identified mitochondrial-related mQTL, sQTL, and 
eQTL using the coloc R package. Bayesian-based colo-
calization analysis is an essential post-GWAS approach 
designed to identify genetic variants associated with 
phenotypes based on GWAS results [28]. This method 
involves four hypotheses: H0: no significant association 
between SNPs in the genomic region and either pheno-
type; H1/H2: significant association between SNPs in 
the genomic region and either phenotype one or pheno-
type 2; H3: significant association between SNPs in the 
genomic region and both phenotypes, driven by differ-
ent causal variants; H4: significant association between 
SNPs in the genomic region and both phenotypes, 
driven by the same causal variant [28]. The analysis 
tests the posterior probability of the fourth hypothesis 
(H4). Based on these hypotheses, a higher statistical 
probability of H4 (PH4) better explains the influence of 
significant signal loci on the phenotype. Some studies 
suggest that a PH4 > 0.8 indicates strong colocalization 
support, while 0.8 > PH4 > 0.5 indicates moderate colo-
calization support [36, 37]. HyPrColoc analysis, also a 
Bayesian method, uses a novel branch and bound algo-
rithm to identify subsets of features displaying colocali-
zation at distinct causal variants within a genetic locus 
(called clusters) [29]. It is based on three key assump-
tions: (1) for non-independent studies, GWAS results 
are from the same underlying population, i.e., the LD 
patterns are identical across studies; (2) each trait has 
at most one causal variant per genomic region; (3) 
these causal variants are either directly genotyped or 
well imputed in all GWAS datasets. The support prob-
ability for clustering evidence is similar to that for colo-
calization analysis.

Integrating results from the multi‑omics level of evidence
We integrated results from three distinct gene regulatory 
layers to comprehensively understand the associations 
between RiboSis-related gene regulation at different lev-
els and the 20 cardiac variation features. Subsequently, 
we synthesized and evaluated RiboSis genes associated 
with these 20 cardiac variation features. Recognizing the 
equal importance of these three gene regulatory layers, 
we categorized them into two classes: Class I Recom-
mendation: Genes associated with outcome features in 
more than two gene regulatory layers (FDR-corrected 
SMR analysis result < 0.05); Class II Recommendation: 
Genes associated with outcome features in one gene reg-
ulatory layer (FDR-corrected SMR analysis result < 0.05).



Page 6 of 15Wei et al. Clinical Epigenetics           (2025) 17:42 

Given that we performed colocalization and HEIDI 
tests for genes in each regulatory layer, and HyPrColoc 
analysis for genes associated with outcome features in 
more than two layers, we further classified the recom-
mendations as follows: For Class II recommendations, 
genes with at least one significant sensitivity analysis 
(HEIDI test > 0.05 or colocalization analysis probabil-
ity > 0.8) were classified as Grade A; genes with only one 
significant sensitivity analysis (colocalization analysis 
probability between 0.5 and 0.8) were classified as Grade 
B; genes with no significant sensitivity analyses (HEIDI 
test < 0.05 and colocalization analysis probability < 0.5) 
were classified as Grade C.

Based on the classifications for Class II, we categorized 
Class I recommendations as follows: Grade A, where 
each gene regulatory layer had at least one significant 
sensitivity analysis (HEIDI test > 0.05 or colocalization 
analysis probability > 0.8); Grade B, where each layer had 
only one significant sensitivity analysis (colocalization 
analysis probability between 0.5 and 0.8), or only one 
layer had a HEIDI test < 0.05 and colocalization analysis 
probability < 0.5, with at least one other layer showing 
HEIDI test > 0.05 and colocalization analysis probabil-
ity > 0.8; Grade C, where no layer had significant sensitiv-
ity analyses (HEIDI test < 0.05 and colocalization analysis 
probability < 0.5), or the conditions for Grade B were not 
met.

For the comprehensive evaluation, we applied a scoring 
system. We assigned an initial scores 10 for Class I and 
5 for Class II recommendations. Within Class II, weights 
were 1 for Grade A, 0.5 for Grade B, and 0.1 for Grade 
C. The weights for the three grades in Class I were simi-
lar to those in Class II, with additional considerations for 
HyPrColoc clustering: 1 for clustering across all regula-
tory layers and outcome features, 0.5 for clustering across 
gene regulatory layers only, 0.25 for clustering between a 
single gene regulatory layer and outcome features, and 0 
for no clustering.

The final score, the gene hypothesis influence factor 
based on MR analysis (GHIF-MR), was calculated by 
summing the scores for each gene across all cardiac fea-
tures and dividing by the number of appearances of the 
gene. We presented the evaluation results for each of the 
22 cardiac features and the comprehensive evaluation.

Validation and PheWAS
Following identifying RiboSis-related genes, we queried 
scQTLbase to retrieve all associated SNPs for each gene, 
encompassing data from various single-cell studies and 
large-scale projects. The principles for phenotype selec-
tion are as follows: (1) Exclude phecode with less than 
200 cases [38]. (2) Binary phenotypes with fewer than 100 
cases and continuous and categorical ordered phenotypes 

with sample sizes of fewer than 10,000 were excluded 
[39]. (3) International Classification of Diseases (ICD)-
coded binary phenotypes without principal ICD codes 
or with external causes (codes as Z00–Z99) were also 
excluded [40]. We then selected strongly associated SNPs 
for each gene using two thresholds: a stringent thresh-
old of 5 ×  10−8 and, in cases with limited SNPs meeting 
this criterion, a more lenient threshold of 5 ×  10−5 [41, 
42]. Subsequently, we utilized an R package to generate 
a control group of SNPs for each selected SNP via ran-
dom sampling. These control SNPs exhibited comparable 
allele frequencies, linkage disequilibrium (LD) patterns, 
distances to the nearest gene, and gene densities as the 
investigated SNPs. Based on previous research suggesting 
an optimal ratio of four control SNPs per SNP of inter-
est [43], we implemented specific matching parameters: 
minor allele frequency(MAF) within ± 5%, gene density 
within ± 50%, distance to the nearest gene within ± 50%, 
and the number of other SNPs with  R2 ≥ 0.50 (represent-
ing haplotype block size) within ± 50% [44]. Finally, we 
performed gene set enrichment analysis using FinnGen 
R10 data. This analysis aimed to determine whether the 
instrumental variables represented by the strongly asso-
ciated SNPs for each gene were significantly enriched in 
specific traits (e.g., cardiac structural abnormalities or 
diseases) compared to the control SNP set, inferring a 
potential association between the gene and the respective 
trait.

Results
Gene methylation and cardiac structural function 
of RIBOSIS‑associated genes
After FDR correction, we identified four unique RiboSis-
related genes with eight proximal CpG sites exhibiting 
causal effects on five cardiac structural and functional 
traits. We employed two probability approaches for colo-
calization analysis [28]: calculating PPH4 and calculating 
the ratio PPH4/(PPH4 + PPH3). While the former gener-
ally sufficed, the latter was employed when PPH4 values 
were low, maintaining the same interpretation. Our analy-
sis revealed the following significant colocalization signals 
(see Supplementary Tables S2 and S3 for details. The forest 
map is shown in Fig. 2): SMARCB1 and LVEF(cg08219923, 
Padj = 0.0020, PHEIDI = 2.88 ×  10−5, PPH4 = 2.17 ×  10−5); 
ERI1 and max_aa_diam(cg10039590, Padj = 0.0036, 
PHEIDI = 0.0621, PPH4 = 1.28 ×  10−3; cg04756296, 
Padj = 0.0151, PHEIDI = 0.1828, PPH4 = 8.08 ×  10−3; 
cg18237548, Padj = 0.0055, PHEIDI = 0.3233, 
PPH4 = 9.60 ×  10−3); TSR1 and max_aa_diam (cg18334121, 
Padj = 0.0003, PHEIDI = 0.0045, PPH4 = 4.90 ×  10−10); 
SMARCB1 and MIN_LV(cg08219923, Padj = 0.0036, 
PHEIDI = 0.0002, PPH4 = 2.68 ×  10−4); ERCC2 and 
ramin area (cg27517897, Padj = 0.0089, PHEIDI = 0.2289, 
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PPH4 = 5.27 ×  10−9; cg12041467, Padj = 0.0058, 
PHEIDI = 0.4335, PPH4 = 5.81 ×  10−9); TSR1 and short_
axis_cm_pa(cg18334121, Padj = 0.0101, PHEIDI = 0.0090, 
PPH4 = 4.13 ×  10−6); TSR1 and short_axis_cm_pa_
diastole(cg18334121, Padj = 0.0317, PHEIDI = 0.0468, 
PPH4 = 3.12 ×  10−5); SMARCB1 and short_axis_cm_root 
(cg10122452, Padj = 0.0359, PHEIDI = 0.0468, PPH4 = 0.885).

RNA splicing and cardiac structural function 
of RIBOSIS‑associated genes
Following FDR multiple testing correction, we identified 
five unique RiboSis-related genes significantly associated 
with cardiac traits across nine tissues (Supplementary 

Table  S4 and Fig.  3). A complete list of analyzed GTEx 
v8 tissues and sample sizes is provided in Supplemen-
tary Table S5. Specifically, the results are as follows: ERI1 
exhibited a significant association with max_aa_diam 
across five tissues(Thyroid, Padj = 0.0375; Whole Blood, 
Padj = 0.0248, Lung, Padj = 0.0368; Pancreas, Padj = 0.0302; 
Spleen, Padj = 0.0264); a significant association was 
observed between TSR1 and max_aa_diam in Skin Sun 
Exposed Lower leg (Padj = 0.0235); HEATR1 was sig-
nificantly associated with MIN_LV across two tissues: 
Skin Not Sun Exposed Suprapubic (Padj = 0.0481) and 
Esophagus Muscularis (Padj = 0.0147); EIF6 was signifi-
cantly associated with RVEDV in Esophagus Muscularis 

Fig. 2 Forest map of methylation levels and SMR analysis results of cardiac structure–function. OR, odds ratio; CI, confidence interval; P-adj-SMR: 
The FDR-corrected p value in SMR analysis, where SMR analysis refers to summary data-based Mendelian randomization, utilizing summary-level 
data from GWAS and quantitative trait loci (QTL) studies to test for pleiotropic associations between gene expression levels and the complex traits 
of interest. FDR correction stands for false discovery rate correction, which is the expected proportion of falsely rejected (i.e., rejecting the true null 
hypothesis) null hypotheses among all the rejected null hypotheses. This correction is performed using the R programming language
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(Padj=0.0397); ERI1 exhibited a significant association 
with RVEF across four tissues(Thyroid, Padj = 0.0035; 
Lung, Padj = 0.0150; Pancreas, Padj = 0.0047; Spleen, 
Padj = 0.0081); EXOSC9 was significantly associated 
with RVESV in Nerve Tibial (Padj = 0.0453), while TSR1 
showed a significant association with short_axis_cm_pa 
in Skin Sun Exposed Lower leg (Padj = 0.0108). Of note, 
multiple independent and LD blocks containing dif-
ferent top SNPs (SNPs with the smallest P values in the 
original GWAS data used as instrumental variables for 
SMR analysis) within the ERI1 gene were identified in 
both Thyroid and Lung tissues. Analyses of these SNPs 
individually yielded different yet significant  (Padj < 0.05) 
results. For brevity, only one representative P value is 

presented here, with detailed results provided in Sup-
plementary Table S4. Furthermore, the direction of effect 
estimates for the same gene on the same cardiac struc-
ture or function was inconsistent. For instance, the odds 
ratio (OR) for ERI1 on max_aa_diam was less than 1 in 
Whole Blood (OR = 0.9063, 95% CI: 0.8605–0.9545) and 
Lung (OR = 0.9483, 95% CI: 0.9209–0.9765) but greater 
than 1 in Pancreas (OR = 1.0292, 95% CI: 1.0134–1.0452) 
and Spleen (OR = 1.0301, 95% CI: 1.0140–1.0465). Dif-
ferent top SNPs displayed divergent directions of effect 
estimates even within the same tissue, such as the ERI1 
and max_aa_diam association in the Thyroid. The results 
of colocalization analysis are shown in Supplementary 
Table S3.

Fig. 3 Forest map of RNA splicing and SMR analysis results of cardiac structure–function. OR, odds ratio; CI, confidence interval; P-adj-SMR: The 
FDR-corrected p value in SMR analysis, where SMR analysis refers to summary data-based Mendelian randomization, utilizing summary-level data 
from GWAS and quantitative trait loci (QTL) studies to test for pleiotropic associations between gene expression levels and the complex traits 
of interest. FDR correction stands for false discovery rate correction, which is the expected proportion of falsely rejected (i.e., rejecting the true 
null hypothesis) null hypotheses among all the rejected null hypotheses. This correction is performed using the R programming language. Within 
the ERI1 gene, multiple independent linkage disequilibrium (LD) blocks harboring distinct top SNPs were identified in Thyroid and Lung tissues. 
Independent analyses of these SNPs yielded significant, albeit varying, results
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Gene expression and cardiac structural function 
of RIBOSIS‑associated genes
Following FDR correction, we identified 11 RiboSis-
related genes significantly associated with 12 cardiac 
structure and function traits (Supplementary Table  S6 
and Fig.  4). Colocalization results for these genes are 
presented in Supplementary Table  S3. Five causal effect 
estimates—SMARCB1 on LVEF (PHEIDI = 2.26 ×  10−6, 

OR = 0.8969, 95% CI: 0.8653–0.9297), SMARCB1 
on MIN_LV (PHEIDI = 8.48 ×  10−7, OR = 1.0909, 95% 
CI: 1.0591–1.1236), NOP58 on RVESV/LVESV 
(PHEIDI = 0.0007, OR = 0.8981, 95% CI: 0.8463–0.9531), 
SMARCB1 on RVESV/LVESV (PHEIDI = 0.0004, 
OR = 0.9332, 95% CI: 0.8983–0.9695), and UTP1 on 
short_axis_cm_root (PHEIDI = 0.0440, OR = 1.1122, 95% 
CI: 1.0584–1.1688)—yielded nonsignificant HEIDI test 

Fig. 4 Forest map of gene expression and SMR analysis results of cardiac structure–function. OR, odds ratio; CI, confidence interval; P-adj-SMR: 
The FDR-corrected p value in SMR analysis, where SMR analysis refers to summary data-based Mendelian randomization, utilizing summary-level 
data from GWAS and quantitative trait loci (QTL) studies to test for pleiotropic associations between gene expression levels and the complex traits 
of interest. FDR correction stands for false discovery rate correction, which is the expected proportion of falsely rejected (i.e., rejecting the true null 
hypothesis) null hypotheses among all the rejected null hypotheses. This correction is performed using the R programming language
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results. All other associations exhibited P-HEIDI > 0.05. 
Notably, except SMARCB1, the predicted expression 
of the remaining genes exhibited consistent directional 
effects across different cardiac traits. For example, SENP3 
consistently showed ORs more remarkable than 1 for 
max_aa_diam (OR = 1.3806, 95% CI: 1.1846–1.6090), 
MAX_LV (OR = 1.2586, 95% CI: 1.1096–1.4276), 
RVEDV (OR = 1.2751, 95% CI: 1.1253–1.4448), RVSV 
(OR = 1.3291, 95% CI: 1.1537–1.5313), and short_axis_
cm_root (OR = 1.4123, 95% CI: 1.21780–1.6376). Addi-
tionally, our findings suggest potential cardioprotective 
roles for HEATR1 (LVEF, OR = 0.7949, 95% CI: 0.7051–
0.8962), NOP56 (RVESV/LVESV, OR = 0.9195, 95% CI: 
0.8770–0.9641), and RPL10A (short_axis_cm_pa_dias-
tole, OR = 0.9553, 95% CI: 0.9328–0.9783), in addition to 
SMARCB1 and NOP58.

Integrating multi‑omics evidence
We prioritized RiboSis-related genes by integrating the 
above results with colocalization and HyPrColoc analy-
ses (Supplementary Table  S3, Supplementary Table  S7, 
and Supplementary Table S8). This prioritization scheme 
informed a composite scoring system, reflected in the 
summed and averaged GHIF-MR scores (Table 1). Most 
genes only demonstrated causal effects on one of the 22 
cardiac traits, so their summed and averaged scores were 
frequently identical. However, some genes exhibited 
pleiotropic effects on multiple cardiac traits. SENP3 and 
HEATR1 achieved the highest summed GHIF-MR score 

[25], while NOP58 had the lowest (0.5). HEATR1 exhib-
ited the highest average GHIF-MR score (12.5), with 
NOP58 again demonstrating the lowest (0.5). We then 
categorized these 15 genes into quartiles based on their 
summed GHIF-MR score: Quartile 1 (Q1) represented 
the top 25%, Quartile 2 (Q2) encompassed 25–50%, 
Quartile 3 (Q3) spanned 50–75%, and Quartile 4 (Q4) 
constituted the bottom 25%. This stratification yielded 
the following classifications for the summed GHIF-MR 
score: Q1—HEATR1 and SENP3; Q2—ERI1 and ERCC2; 
Q3—TSR1, UTP11, DDX17, and SMARCB1; and Q4—
NIP7, ERAL1, NOP56, RPL10A, EIF6, EXOSC9, and 
NOP58. Due to the predominance of genes impacting a 
single cardiac trait, only HEATR1 could be confidently 
classified as Q1 based on the average GHIF-MR score, 
precluding further quartile distinctions using this metric.

Validation and PheWAS
To investigate the phenotypic associations of 15 RiboSis-
related genes, we first searched the scQTLbase database 
to identify all available IVs for each gene. Subsequently, 
we applied stringent thresholds to select strongly asso-
ciated IVs. Specifically, a threshold of P < 5 ×  10−5 was 
employed for ERAL1, ERCC2, NIP7, NOP58, SENP3, 
TSR1, and UTP11, while a more stringent threshold 
of P < 5 ×  10−8 was used for DDX17, EXOSC9, ERI1, 
HEATR1, NOP56, RPL10A, EIF6, and SMARCB1 (Sup-
plementary Table  S9). Notably, ERAL1 exhibited only 
one strongly associated IV (rs12948254). We then uti-
lized the R package to generate a matched SNP set (Sup-
plementary Table  S10) for gene set enrichment analysis 
leveraging the FinnGen R10 data. Following FDR correc-
tion, we identified a range of traits significantly associ-
ated with these genes.

Our analysis revealed compelling associations between 
HEATR1 and both “Cardiac arrest” (Padj = 5.14 ×  10−20) 
and “Heart failure and bmi 25plus” (Padj = 7.95 ×  10−5). 
SENP3 showed strong associations with “Hypertension, 
essential” (Padj = 2.75 ×  10−43) and "Cardiovascular dis-
eases (excluding rheumatic etc.)" (Padj = 1.44 ×  10−13). 
Notably, UTP11 exhibited significant associations with 
multiple cardiac-related traits, including “Angina pec-
toris” (Padj = 1.20 ×  10−16, “Unstable angina pectoris” 
(Padj = 2.99 ×  10−16), “Major coronary heart disease event” 
(Padj = 5.83 ×  10−16), “Ischaemic heart disease, wide defi-
nition” (Padj = 5.83 ×  10−16), and “Myocardial infarction, 
strict” (Padj = 7.10 ×  10−15).

Furthermore, ERCC2 was associated with “Con-
genital malformations of cardiac chambers and 
connections” (Padj = 2.61 ×  10−10), “Secondary hyper-
tension” (Padj = 0.0014), “Heart failure and antihy-
pertensive medication” (Padj = 0.0022), and “Heart 
failure and bmi 25plus” (Padj = 0.0112). NOP58 

Table 1 Score results of RIBOSIS-related genes related to cardiac 
structure and function based on multi-omics evidence, where 
GHIF-MR indicates the gene hypothesis influence factor based 
on MR analysis

RiboSis‑related gene Total GHIF‑MR Average 
GHIF‑MR

SMARCB1 7.5 1.875

HEATR1 25 12.5

NIP7 5 5

SENP3 25 5

UTP11 10 5

DDX17 10 5

ERAL1 5 5

ERCC2 15 7.5

NOP58 0.5 0.5

NOP56 5 5

RPL10A 5 5

ERI1 20 10

TSR1 11.5 3.83

EIF6 5 5

EXOSC9 5 5
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displayed strong associations with “Statin medica-
tion” (Padj = 9.47 ×  10−75) and “Disorders of lipoprotein 
metabolism and other lipidaemias” (Padj = 2.68 ×  10−70), 
while NOP56 was associated with “Thoracic aor-
tic aneurysm” (Padj = 1.17 ×  10−11), “Aortic aneurysm” 
(Padj = 2.89 ×  10−10), and “Pre-eclampsia or poor fetal 
growth” (Padj = 8.20 ×  10−5).

Our analysis also revealed associations 
between RPL10A and “Thoracic aortic aneurysm” 
(Padj = 1.10 ×  10−7), “Atrial septal defect” (Padj = 0.0024), 
“Coronary atherosclerosis” (Padj = 0.0038), and “Hyper-
tensive Heart Disease” (Padj = 0.0168). ERI1 exhibited 
significant associations with “Hypertension, essential” 
(Padj = 2.96 ×  10−35), “Hypertension” (Padj = 3.23 ×  10−27), 
“Antihypertensive medication—note that there are 
other indications” (Padj = 1.23 ×  10−26), and “Hyper-
tensive Heart Disease” (Padj = 0.0009). Similarly, EIF6 
was associated with “Hypertensive Heart Disease” 
(Padj = 3.58 ×  10−17), “Hypertension” (Padj = 3.26 ×  10−16), 
and “Hypertension, essential” (Padj = 2.56 ×  10−15).

Furthermore, DDX17 showed a strong association 
with “STROKE” (Padj = 3.15 ×  10−7), while EXOSC9 
exhibited significant associations with numerous 
cardiac-related traits, including “Coronary angio-
plasty” (Padj = 4.86 ×  10−108), “Coronary atherosclero-
sis” (Padj = 5.70 ×  10−99), “Unstable angina pectoris” 
(Padj = 6.95 ×  10−88), “Major coronary heart disease 
event” (Padj = 3.81 ×  10−87), “Atrial fibrillation and flut-
ter with reimbursement” (Padj = 2.05 ×  10−75), “Ischae-
mic heart disease, wide definition” (Padj = 4.49 ×  10−71), 
“Myocardial infarction, strict” (Padj = 9.66 ×  10−62), 
and “Heart failure and coronary heart disease” 
(Padj = 9.55 ×  10−58). Lastly, SMARCB1 exhibited 
significant associations with “Nonischemic car-
diomyopathy” (Padj = 4.43 ×  10−129), “Hyperten-
sive Heart Disease” (Padj = 2.74 ×  10−114), “Cardiac 
arrhythmias” (Padj = 1.82 ×  10−106), “Aortic aneurysm” 
(Padj = 1.38 ×  10−74), “Thoracic aortic aneurysm” 
(Padj = 0.0002), and “Atrial fibrillation and flutter” 
(Padj = 0.0006).

These findings suggest that the identified genes are 
significantly associated with various cardiac and car-
diovascular traits, implicating their potential roles 
in cardiac development, function, and disease. We 
acknowledge that ERAL1 exhibited only a strongly 
associated IV, and no significant enrichment for car-
diac-related traits was observed. Further investiga-
tion using the LDlink (https:// ldlink. nih. gov/? tab= 
home) portal to explore the phenotypic associations of 
rs12948254 yielded no significant findings. Similarly, no 
significant associations with cardiac-related traits were 
observed for TSR1 and NIP7. For details, see Supple-
mentary Table S11.

Discussion
In this study, we integrated SMR, colocalization, and 
HyPrColoc analyses to investigate the relationships 
between genetically predicted methylation, splicing, and 
expression levels of RiboSis-related genes and cardiac 
structure and function. A composite scoring system and 
PheWAS validation strengthened our findings. We iden-
tified 15 RiboSis-related genes, 12 of which were sup-
ported by PheWAS replication. This study represents a 
novel investigation into the role of ribosomal factors in 
cardiac health using a multi-omics approach, potentially 
unveiling new avenues for understanding disease mecha-
nisms and therapeutic interventions.

HEATR1, identified in our study as the highest-ranking 
gene, encodes a ribosome biogenesis factor essential for 
pre-18S rRNA processing in the nucleolus. This crucial 
role in ribosome biogenesis optimizes pre-rRNA tran-
scription by RNA polymerase I [45]. According to Gen-
eCards (https:// www. genec ards. org/ cgi- bin/ cardd isp. pl? 
gene= HEATR1), HEATR1 is potentially implicated in 
pancreatic ductal adenocarcinoma and Diamond–Black-
fan anemia. Despite limited research directly linking 
HEATR1 to cardiac function, existing evidence suggests 
a potential mechanism involving the p53 signaling path-
way [46]. HEATR1 has been shown to modulate and acti-
vate p53 signaling, and extensive research implicates p53 
dysregulation in various cardiovascular events [47, 48], 
including heart failure. Preclinical studies in rats have 
demonstrated an association between p53 expression and 
both ischemia/reperfusion-induced cardiomyocyte apop-
tosis and the incidence of coronary restenosis following 
percutaneous coronary intervention [49]. Conversely, 
a murine model demonstrated that p53 acetylation 
induced coronary microvascular dysfunction, whereas a 
lack of p53 acetylation improved coronary flow reserve 
and rescued impaired cardiac function [50]. Further-
more, p53 expression has been observed in cardiac tissue 
from patients with congestive heart failure [49]. There-
fore, HEATR1 may indirectly influence cardiac structure 
and function, potentially contributing to cardiovascular 
events via the p53 pathway.

Another gene ranked within the Q1 is SENP3 (SUMO 
Specific Peptidase 3), encoding a protein responsible 
for the reversible posttranslational modification of pro-
teins via small ubiquitin-like modifier (SUMO) conjuga-
tion. A previous study utilizing SENP3 knockout mice 
demonstrated that SENP3 regulates Nodal, a gene criti-
cal for establishing left–right asymmetry during heart 
development. This work identified a SENP3-Nodal sign-
aling axis that modulates cardiac aging and autophagy 
homeostasis, ultimately influencing heart development 
and potentially contributing to coronary heart disease 
[51]. Mechanistic studies in mice have shown that SENP3 

https://ldlink.nih.gov/?tab=home
https://ldlink.nih.gov/?tab=home
https://www.genecards.org/cgi-bin/carddisp.pl?gene=HEATR1
https://www.genecards.org/cgi-bin/carddisp.pl?gene=HEATR1
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silencing ameliorates cardiomyocyte apoptosis primar-
ily by suppressing endoplasmic reticulum (ER) stress 
and mitochondrial-mediated apoptosis pathways, while 
simultaneously promoting mitochondrial translocation 
of dynamin-related protein 1 (Drp1) in reperfused myo-
cardium [52]. These findings provide direct evidence that 
SENP3 upregulation plays a crucial, Drp1-dependent 
role in myocardial ischemia/reperfusion (MIR) injury, 
suggesting that SENP3 inhibition may offer a therapeu-
tic avenue for attenuating MIR damage [52]. Conversely, 
another study reported a cardioprotective role for SENP3 
during ischemia–reperfusion injury [53]. In contrast to 
this latter finding, our study revealed that at the gene 
expression level, SENP3 is positively associated with an 
increased risk for multiple cardiac structural and func-
tional traits, suggesting a potential role in promoting 
heart disease. These contrasting findings highlight the 
need for further basic research to elucidate the precise 
role of SENP3 in cardiac health and disease.

ERI1 (Ribonuclease Exonuclease 1), a protein-cod-
ing gene located within the Q2 partition of our scoring 
system, binds to and degrades the 3’-ends of histone 
mRNAs, suggesting a critical role in post-replicative 
histone mRNA decay [54]. A GWAS investigating the 
circulating proteome linked ERI1 to both hypertension 
and spontaneous coronary artery dissection (SCAD), 
both significant risk factors for aortic dilatation [55]. 
This finding aligns with our study, which demonstrated a 
protective effect of ERI1 methylation levels at CpG sites 
cg10039590, cg04756296, and cg18237548 on maximum 
aortic diameter. However, ERI1 has also been shown to 
interact with the PB2, PB1, and NP components of viral 
ribonucleoproteins, thereby enhancing viral transcrip-
tion [56]. This suggests a potential detrimental role for 
ERI1 in the context of viral infection within the heart. 
A case report described a homozygous microdeletion 
in the ERI1 gene, resulting in intellectual disability, limb 
malformations, and cardiac defects [57]. The authors 
hypothesized that aberrant ERI1 transcripts may lead to 
abnormal expression of HOXC8, a transcription factor 
crucial for body axis formation during embryogenesis 
[57]. This suggests a potential role for ERI1 in the devel-
opment of cardiac structure and function, potentially 
contributing to congenital heart disease.

According to the GeneCards database, ERCC2 (ERCC 
Excision Repair 2, TFIIH Core Complex Helicase Subu-
nit) encodes a protein crucial for transcription-coupled 
nucleotide excision repair. This protein is an integral 
component of the basal transcription factor BTF2/TFIIH 
complex and exhibits ATP-dependent DNA helicase 
activity. A real-time polymerase chain reaction (RT-PCR) 
study for genotyping peripheral blood DNA samples 
revealed that homozygous mutations in ERCC2 may be 

a risk factor for coronary artery disease (CAD). At the 
same time, the wild-type allele may confer a decreased 
risk [58]. ERCC2 has been implicated in oxidative stress, 
a process known to contribute to cardiovascular dis-
ease development [59]. Bioinformatic analysis identified 
ERCC2 as a candidate gene associated with patent ductus 
arteriosus (PDA) in patients, suggesting a potential role 
in congenital cardiac structural and functional abnormal-
ities [60]. Our study revealed a trend toward increased 
risk for both maximum and minimum heart areas with 
elevated ERCC2 gene expression. Conversely, at the 
methylation level, CpG sites cg27517897 and cg12041467 
exhibited a protective effect against these traits. We 
hypothesize that higher methylation levels at these CpG 
sites may reduce ERCC2 expression, thereby conferring 
cardioprotection. However, further investigation is war-
ranted to confirm this proposed mechanism.

Additionally, our study identified several other genes 
of interest. For instance, UTP11 (UTP11 Small Subunit 
Processome Component), which exhibits RNA-binding 
activity and participates in neurodevelopment and posi-
tive regulation of apoptotic processes, may influence 
cardiac events via modulation of the p53 pathway [61]. 
Similarly, DDX17 (DEAD-Box Helicase 17) could impact 
cardiac health by regulating mitochondrial homeostasis 
and lipid accumulation [62, 63]. SMARCB1 (SWI/SNF 
Related, Matrix Associated, Actin-Dependent Regulator 
Of Chromatin, Subfamily B, Member 1) encodes a pro-
tein core component of a complex responsible for remod-
eling repressive chromatin structures. This remodeling 
facilitates enhanced access to transcriptional machinery 
to target genes. SMARCB1 has been implicated in car-
diomyopathy risk, increased left ventricular wall thick-
ness, and TGF-β1-mediated myocardial fibrosis [64]. 
Expression of TSR1 (TSR1 ribosome maturation factor) 
has been linked to spontaneous coronary artery dissec-
tion (SCAD) [65].

Our study’s primary strength lies in its integrative 
approach, leveraging multi-omics evidence to investi-
gate the association between candidate genes and 22 
common cardiac structural and functional traits. This 
approach and an aggregated scoring system enable a 
clear interpretation of results. Furthermore, we employed 
the large-scale FinnGen R10 dataset for PheWAS analy-
ses, providing independent validation and strengthen-
ing our conclusions. However, our study is limited to 
using cardiac traits derived from a single, albeit signifi-
cant, study. This lack of independent replication cohorts 
restricts our ability to establish causal relationships 
between RiboSis-related genes and cardiac outcomes. 
Another limitation concerns the interpretation of colo-
calization analyses. While a low posterior probability 
of colocalization (PPH4) might suggest a lack of shared 
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genetic effects, caution is warranted when PPH3 (poste-
rior probability of association with only one trait) is also 
low due to limited statistical power. Although we calcu-
lated PPH4/(PPH3 + PPH4) to mitigate this issue, it does 
not fully address this inherent limitation. Furthermore, 
PheWAS analyses, particularly those utilizing summary-
level data, typically lack the explicit adjustment for con-
founders characteristic of traditional regression-based 
GWAS. This limitation stems from the unavailability of 
individual-level data necessary for confounder control. 
Consequently, observed associations may be influenced 
by unmeasured or unadjusted factors, such as age, sex, 
lifestyle, and environmental exposures, which may affect 
both the genetic variant and the phenotype. Another 
limitation of this study is that three genes (ERAL1, TSR1, 
and NIP7) identified in the PheWAS validation analysis 
lacked support from gene set enrichment analysis. This 
was due to limited strongly associated SNPs for these 
genes in the scQTLbase, precluding robust screening. 
In addition, utilizing the GTEx v8 dataset, derived from 
postmortem samples, introduces a potential bias. Gene 
expression and abundance alterations due to death may 
influence our findings, particularly in colocalization and 
HyPrColoc analyses. Meanwhile, our validation analysis 
was conducted solely within the FinnGen R10 cohort. 
Future studies should consider expanding validation to 
additional cohorts, such as the UK Biobank (UKB), to 
enhance the generalizability and robustness of our find-
ings. Finally, the identified genes warrant further inves-
tigation as potential drug targets. This includes database 
searches for potential biomarkers and therapeutic tar-
gets, and bioinformatic analyses to elucidate functional 
relationships and pathways, ultimately informing future 
clinical translation efforts. Translation of the 15 identi-
fied genes to clinical application requires further inves-
tigation. This includes initial in  vitro validation (e.g., 
single-cell sequencing and animal models). Further-
more, the absence of proteomics data in our multi-omics 
approach limits our ability to definitively assess the 
potential of these genes as drug targets or key pathogenic 
drivers, given the central role of proteins in biological 
processes. Subsequent in  vivo studies and clinical trials 
will necessitate careful consideration of demographic fac-
tors such as sex and ethnicity, which are critical for clini-
cal translation.

Conclusion
In summary, our study identified 15 RiboSis-related 
genes: HEATR1, SENP3, ERI1, ERCC2, TSR1, UTP11, 
DDX17, SMARCB1, NIP7, ERAL1, NOP56, RPL10A, 
EIF6, EXOSC9, and NOP58. Notably, 12 of these 
genes were further supported by gene set enrichment 

analyses. These findings provide valuable insights into 
the intricate relationship between ribosome biogenesis 
and cardiac health, potentially informing novel thera-
peutic strategies for cardiac diseases.
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