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ABSTRACT: Background: Hypoplastic left heart syndrome (HLHS) is a congenital heart disease (CHD), and
accumulating evidence has implicated ferroptosis in the pathogenesis of HLHS. Therefore, exploring ferroptosis-related
genes (FRGs) in HLHS is of clinical significance. Materials and Methods: Gene Expression Omnibus (GEO) was
accessed to obtain analytical data. WGCNA was employed to screen relevant module genes, and the limma package
was used to identify differentially expressed genes (DEGs). The rfe function in the R package caret and the glmnet
package were utilized to conduct SVM-RFE and LASSO regression analyses, and the intersection of these two analyses
was taken as the HLHS-related genes. The reliability of the HLHS-related genes was verified by receiver operating
characteristic (ROC) curve. Single-sample GSEA (ssGSEA) was used to calculate the scores of each pathway, and the R
package clusterProfiler was employed to perform enrichment analysis on the genes. The NetworkAnalyst was used to
predict transcription factors (TFs). Results: WGCNA analysis identified that the module genes were chiefly enriched
in inflammation and immunity pathways, especially neutrophil-related module genes. Two HLHS-related genes,
Cystathionine [3-synthase (CBS) and Heparan-o-glucosaminide N-acetyltransferase (HGSNAT), were obtained. A high
area under the curve (AUC) values confirmed the reliability of these two genes as the HLHS-related genes. CHD
signaling pathway analysis revealed higher scores in most pathways in control group than HLHS group. Additionally,
the score of CBS showed a positive association with hypoxia pathway and VEGF signaling pathway, whereas HGSNAT
exhibited a negative association. Ultimately, CBS and HGSNAT shared three TFs, namely JUN, EGR1, and TFAP2A.
Conclusion: Collectively, this study identified CBS and HGSNAT as ferroptosis-related candidate biomarkers for
HLHS. This study offered new directions for HLHS, contributing to the effective treatment of the disease.

KEYWORDS: Hypoplastic left heart syndrome; ferroptosis-related gene; machine learning; signaling pathway;
enrichment analysis; transcription factor

1 Introduction

Hypoplastic left heart syndrome (HLHS) [1] is characterized by aortic valve and mitral valve atresia or
stenosis, left ventricular (LV) hypoplasia, and ascending aortic stenosis [2]. According to relevant reports,
incidence of HLHS accounts for 1%-3.8% of all congenital heart malformations [3,4]. Cardiac mortality
within the first week after birth can reach as high as 23% [5]. Currently, surgical intervention remains the
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primary treatment for HLHS, with transformation of the right ventricle (RV) into a systemic circulation
pumping chamber as the primary treatment [6]. Nonetheless, the 5-year survival rate following surgery
ranges from 50% and 70% [7]. At present, it is imperative to explore the molecular mechanism of HLHS and
identify HLHS-related genes [8,9].

Ferroptosis, as an iron-dependent, non-apoptotic form of cell death, is characterized by progressive
accumulation of lipid reactive oxygen species (ROS) [10—-12], which is closely linked to an imbalance in
intracellular redox status [13,14]. Ferroptotic cells often display abnormal mitochondrial morphology,
including volume condensation or swelling, increased membrane density, reduction or disappearance of
cristae, and outer membrane rupture [15]. In recent years, accumulating evidence has revealed the potential
physiological significance of ferroptosis in tumor suppression and immunomodulation [16]. Current
research findings indicated that iron metabolism disorders and oxidative stress responses are the key
mechanisms of myocardial injury related to congenital heart disease (CHD) [17]. Ferroptosis can potentially
exacerbate the damage to myocardial cells and cardiac structural cells by influencing lipid peroxidation
process and glutathione metabolism pathway [18]. It has been confirmed that ferroptosis could serve as
a crucial target for the prevention of cardiomyopathy [19]. Moreover, ferroptosis interacts with several
key developmental signaling pathways, including WNT, TGF-f3, and NOTCH signaling pathways [20,21].
Ferroptosis-induced lipid peroxidation disrupts mitochondrial structure. As the core of cellular energy
metabolism, mitochondrial dysfunction leads to impaired energy production in cardiomyocytes, further
exacerbating the pathological progression of heart failure and myocardial infarction [22]. Given these
findings, it is particularly necessary to explore the intrinsic relationship between ferroptosis and HLHS.

This study employed computational methods such as differential analysis, weighted gene correlation
network analysis (WGCNA), and machine learning to identify HLHS-related ferroptotic genes. Moreover,
this study further investigated the inherent relationship between the HLHS-related genes and the scores
of CHD-related pathways, and screened transcription factors (TFs) closely linked to these HLHS-related
genes. The current findings were expected to contribute to effective detection and treatment of HLHS.

2 Material and Methods

2.1 Data Sources

The gene expression profile data GSE23959 was downloaded from the Gene Expression Omnibus (GEO)
database based on the GPL5188 (Affymetrix Human Exon 1.0 ST Array) platform. The samples comprised
myocardial tissues from the right ventricles of 6 neonates with HLHS, alongside left and right ventricular
samples from 10 age-matched controls. Ferroptosis-related genes (FRGs) were obtained from a published
literature [23].

2.2 Identification of HLHS-Related Genes by WGCNA

Gene modules related to HLHS in GSE23959 were screened by WGCNA [24,25]. First, the pickSoftThreshold()
function was used to calculate the scale-free topology fit index (R?) and mean connectivity under different
soft-thresholding powers ($3), and the relationship curve between R? and 3 was plotted. A scale-free
network was established when the R? reached 0.85 and remained stable, at which point the optimal 3
soft-thresholding power was selected. Following 3 weighting, the expression matrix was converted into
an adjacency matrix. Average linkage hierarchical clustering was performed based on topological overlap
matrix (TOM), with initial modules identified via the dynamic tree cut algorithm. Modules were merged
according to the correlation between module eigengenes (MEs), using the parameters: height = 0.35,
deepSplit = 2, and minModuleSize = 50. The flowchart of the WGCNA was shown in Fig. S1.
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2.3 Screening of DEGs

The limma package was employed to conduct differential analysis between HLHS and control samples
in GSE23959. Differential analysis was performed based on a linear modeling framework combined with
empirical Bayesian methods to improve statistical robustness under small-sample conditions. Resulting
p-values were adjusted with the Benjamini—-Hochberg method for multiple hypothesis testing to control
the false discovery rate (FDR). Genes meeting the criteria of adjusted p-value < 0.05 and [Fold Change| > 1.2
were designated as DEGs. Candidate genes were subsequently obtained by intersecting the DEGs, genes
identified by WGCNA, and FRGs [26].

2.4 Identifying HLHS-Related Genes by Machine Learning

The rfe function in the R package caret [27] was utilized. Least Absolute Shrinkage and Selection
Operator (LASSO) feature selection for candidate genes was performed using the R package glmnet, with
10-fold cross-validation (nfolds = 10) to determine the optimal value of the penalty parameter A. The model
was configured with family = “binomial” to adapt to the binary classification framework (HLHS vs. control
group). During the cross-validation process, we selected the A value that minimized the mean squared error
(lambda.min) as the optimal penalty parameter for the final model.

Recursive feature elimination (RFE) was implemented using the rfe() function in the R package caret,
and a support vector machine (SVM) model was developed with the svmLinear method. The model
performance was also evaluated via 10-fold cross-validation (method = “cv”, number = 10). The process
started with the full gene set, iteratively removing the least important features while retraining and assessing
the model via 10-fold cross-validation. The final feature set was determined as the smallest subset yielding
the highest classification accuracy. The receiver operating characteristic (ROC) curve was used to validate
the reliability of the HLHS-related genes obtained.

2.5 Pathway Correlation and Enrichment Analysis

Single-sample GSEA (ssGSEA) [28] was used to compute the pathway scores for each sample.
Differences in pathway scores between the disease group and the control group were subsequently compared.
The R package clusterProfiler [29] was used to perform enrichment analysis on the HLHS-related genes [30].

2.6 Analysis of TF Regulatory Network

To elucidate the upstream regulatory mechanisms of cystathionine 3-synthase (CBS) and heparan-o-
glucosaminide N-acetyltransferase (HGSNAT), we utilized the “TF-miRNA coregulatory interactions”
module in the NetworkAnalyst platform (https://www.networkanalyst.ca/, accessed on 01 January 2025) to
construct a regulatory network. The regulatory interaction information of this module was derived from
the RegNetwork database, which integrates large-scale literature curation and experimentally validated
TF/miRNA regulatory relationships.

2.7 Statistical Analysis

All statistical data were analyzed using the R language (version 3.6.0). The t-test was employed to
calculate differences between two groups of continuous variables. The spearman method was used to
calculate the correlations between HLHS-related genes and pathways. And p < 0.05 was considered to
indicate a statistically significant difference.
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3 Results
3.1 Screening of HLHS-Related Genes by WGCNA

The scale-free topology fit index reached stability when the soft threshold was set at 16 (Fig. 1A). Based
on this soft threshold, hierarchical clustering was performed on the genes (Fig. 1B). A total of 12 modules
were obtained, and gene number in each module was presented in Fig. 1C. The heatmap of the associations
between the modules and phenotypes revealed significant associations between specific modules and HLHS
(Fig. 1D). Among them, the skyblue module exhibited the greatest positive correlation (Fig. 1D,E). Enrichment
analysis demonstrated that the genes in the skyblue module were notably enriched in inflammation-
and immunity-related biological processes such as neutrophil-mediated immunity, neutrophil activation,
neutrophil degranulation, neutrophil activation involved in immune, leukocyte migration (Fig. 1F).
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Figure 1: Results of WGCNA analysis on HLHS-related genes. (A) The soft threshold selection was used to determine
the scale-free property of the network. (B) The gene clustering dendrogram shows the allocation of different modules.
(C) The number of genes in each module. (D) The heatmap of correlations between different gene modules and HLHS
as well as the control. (E) Correlation analysis between gene member values and gene significance in the skyblue
module, demonstrating a significant correlation between this module and HLHS. (F) The enrichment analysis of

biological processes of genes in the skyblue module.

3.2 Identification of DEGs

For the GSE23959 dataset, differential gene expression was compared between HLHS samples and
control samples. Fig. 2A was the volcano plot of the DEGs, while Fig. 2B was the expression heatmap of the
top 50 DEGs. Finally, five candidate genes were obtained by intersecting the DEGs, genes in the skyblue
module of WGCNA, and FRGs (Fig. 2C).
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Figure 2: Analysis of DEGs. (A) Volcano plot of the results of differential gene analysis. (B) Expression heatmap of
the top 50 DEGs. (C) The intersection of DEGs, skyblue module genes and FRGs in Venn diagram.

3.3 Machine Learning for Screening HLHS-Related Genes

LASSO regression analysis was used to screen the candidate genes. Fig. 3A showed the variation of
regression coefficients of different gene features with the penalty parameter (A) in the LASSO regression.
Fig. 3B presented the deviance when determining the optimal A value through 10-fold CV. The dotted line
indicated the selected optimal A value, which achieved a balance between maintaining model performance
and minimizing the number of features. Fig. 3C presented the trend in cross-validation (CV) accuracy of
the SVM model as the number of features varies under the RFE method. Through intersecting the results
yielded by the two machine learning methods, 2 HLHS-related genes, CBS and HGSNAT, were finally
obtained (Fig. 3D).
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Figure 3: Screening of HLHS-related genes by machine learning. (A,B) The regression coefficient changes of gene
features in the LASSO regression model and the optimal penalty parameter (A) determined by CV. (C) The curve of
the CV accuracy of feature screening by the RFE method of the SVM model with the change of the number of features.
(D) The Venn diagram of the intersection of HLHS-related genes screened by the SVM-RFE and LASSO methods. By
intersecting the results of two machine learning methods, 2 HLHS-related genes were ultimately identified.

3.4 Validation of HLHS-Related Genes

Both CBS and HGSNAT demonstrated strong high diagnostic performance for HLHS, as indicated
by their relatively high individual area under the curve (AUC) values (Fig. 4A,B). The AUC value of their
combined predictive model reached 1.000, further confirming the excellent diagnostic performance of the
two genes as a diagnostic model (Fig. 4C). Comparison of the gene expression profiles of CBS and HGSNAT
revealed that CBS was significantly downregulated in the HLHS group than the control group, whereas
HGSNAT exhibited a marked upregulation in the HLHS group than the control group (Fig. 4D, p < 0.001).
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Figure 4: Verification of CBS and HGSNAT as HLHS-related genes. (A) ROC curve of CBS. (B) ROC curve of HGSNAT.
(C) ROC curve of the combination of CBS and HGSNAT. (D) Violin plot of the expressions of CBS and HGSNAT in the
control group and HLHS samples.
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3.5 Pathway Scores Related to CHD and Their Correlations with HLHS-Related Genes

We performed pathway activity scoring across multiple CHD-related signaling pathways in each
sample of the two groups. WNT, NOTCH, VEGF, and hypoxia showed notably higher scores in the control
group (Fig. 5A, p < 0.05), while Hedgehog pathway exhibited distinct regulatory patterns in HLHS but
its activity did not reduce significantly. This may be related to its persistent requirement during the
development of specific cardiac structures. Furthermore, analysis on the association between CBS and
HGSNAT and the pathway scores demonstrated that CBS was strongly positively linked to the scores of
hypoxia pathway and VEGF signaling pathway (Fig. 5B), while the HGSNAT gene exhibited an opposite
trend (Fig. 5C).
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Figure 5: Analysis of pathway score differences between HLHS and control. (A) Differences in pathway scores
between HLHS and the control group, with * indicating p < 0.05, **** indicating p < 0.0001 and ™ indicating p > 0.05.

(B) Correlations of CBS with pathway scores. (C) Correlations of HGSNAT with pathway scores.

3.6 TF-TARGET Regulatory Network

Taking CBS and HGSNAT as the input genes, we constructed a three-layer regulatory network
comprising TFs, miRNAs, and target genes. The results of the analysis of the TF-TARGET regulatory network



8 Struct Congenit Heart Dis. 2026;21(1):8

showed that there were a total of 15 TFs for CBS and 11 TFs for HGSNAT in the cardiac muscle tissues
(Fig. 6). Moreover, CBS and HGSNAT shared three common TFs, namely JUN, EGR1, and TFAP2A (Fig. 6).
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Figure 6: The TF regulatory network diagram, in which red represents HLHS-related genes, green represents TFs,
and blue represents miRNAs.

4 Discussion

HLHS is characterized by underdevelopment of the left ventricle and associated structures, which
are consequently unable to support systemic circulation. Cell death is commonly accompanied by a large
amount of iron accumulation and lipid peroxidation [31]. Study reported that ferroptosis is closely associated
with the pathogenesis of cardiovascular diseases [32,33]. Previous transcriptomic studies of HLHS addressed
limitedly regulated cell death mechanisms. For instance, WGCNA and DEG analyses in ventricular tissues
identified hub genes including Fbn1, Itga8, Itgall, Itgbh5, and Thbs2, and revealed pathways involved in
cardiac development, apoptosis, and BMP signaling during HLHS progression [34]. In addition, recent
scRNA-seq analysis on peripheral blood mononuclear cells (PBMCs) from single ventricle (SV)/HLHS
patients revealed widespread immune dysregulation, with significant alterations in Th1/17 cells, TFH
cells, NK cells, and Th2 cells, alongside altered MYC and IFN-y activity [35]. However, ferroptosis-related
mechanisms remained unexplored. The present research investigated the association between ferroptosis
and HLHS, and found that HLHS was mainly enriched in inflammation and immune-correlated biological
processes. Additionally, two HLHS-related genes related to ferroptosis, namely CBS and HGSNAT, were
successfully identified in the limited samples, and three TFs (JUN, EGR1, TFAP2A) shared by the two
HLHS-related genes were also found. However, this discovery provided a hypothesis for future functional
studies rather than an established biomarkers.

We discovered two HLHS-related genes, namely HGSNAT and CBS. HGSNAT is the only known
lysosomal enzyme that is not a hydrolase, and it catalyzes the N-acetylation of terminal «-D-glucosamine
using acetyl coenzyme A [36]. HGSNAT has been previously confirmed as a characteristic gene related
to heart diseases [37]. CBS can catalyze the condensation reaction between homocysteine and serine to
generate cystathionine [38]. The H,S derived from CBS is associated with the inhibition of mitochondrial
function within cells [39], and CBS domain can regulate cell functions in response to energy changes.
Ferroptosis is also closely related to cell respiration [40]. The generation of ROS could directly induce
ferroptosis in cardiomyocytes by catalyzing oxidation of phospholipids in cell membrane [41]. According to
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relevant reports, the expression of CBS in the nervous and cardiac systems is significantly high, indicating
that this gene may influence cardiac development. These findings suggested that CBS may play a role in
the occurrence of HLHS through ferroptosis pathway:.

Our results demonstrated that CBS was positively correlated with the hypoxia/VEGF pathway score,
suggesting that CBS may regulate ferroptosis in cardiomyocytes and thereby affect cellular respiration.
Notably, HGSNAT exhibited a negative correlation with hypoxia/VEGF pathway, contrasting with the
positive correlation observed for CBS. Specifically, CBS may be involved in cardiac development by enhancing
the activity of the hypoxia/VEGF pathway through promoting angiogenesis and alleviating myocardial
hypoxia. CBS has been confirmed to be able to inhibit cell death induced by ferroptosis. In contrast, HGSNAT
may prevent abnormal angiogenesis or cardiomyocyte damage by suppressing excessive activation of this
pathway. Additionally, mutations in the HGSNAT gene have been shown to impair mitochondrial energy
metabolism in mice. This complementary “promotion-inhibition” regulatory pattern may serve as a crucial
mechanism for maintaining the homeostasis of the hypoxia/VEGF pathway. In conclusion, HGSNAT and CBS
were likely to influence cellular energy by modulating mitochondrial function. Mitochondrial dysfunction
leads to cellular energy metabolic disorders, thereby driving the development of cardiac diseases including
myocardial hypertrophy and cardiomyopathy [42], which may also be relevant to the occurrence of HLHS.
Previous studies also found that hypoxia [43], inflammation, and other pathways can similarly regulate
the expression of FRGs [44]. Nonetheless, the roles of these potential candidate genes still require further
experimental validation.

By constructing a TF regulatory network, this study discovered three TFs shared by CBS and HGSNAT,
namely JUN, TFAP2A, and EGR1. As a proto-oncogene, JUN can accelerate cell proliferation and is essential
for cell cycle progression from G1 phase to subsequent phases. It was confirmed that JUN is involved in
both embryonic heart development and the occurrence of heart failure. Mechanistically, JUN can bind to
AP-1 motifs within promoter regions of target genes and directly regulate transcriptional programs that
control oxidative stress responses and lipid metabolism, thereby linking its activity to ferroptosis-associated
pathways. TFAP2A has been previously recognized as a key regulatory mediator in embryonic development,
especially in the formation of neural crest and epidermis [45]. In terms of cardiac morphogenesis, TFAP2A
also functions critically and is closely related to the viability of cardiomyocytes. Studies have shown the
essential role of TFAP2A in ferroptosis through specific signal transduction pathways [46,47]. This may
be achieved by modulating the expression of antioxidant genes and iron-handling proteins, suggesting
that TFAP2A could exert transcriptional control over ferroptosis sensitivity by balancing redox status in
cardiac cells. EGR1 encodes a protein belonging to the early growth response (EGR) family, which is mainly
involved in tissue damage, immune response, and fibrosis processes [48]. Our enrichment analysis of
HLHS-related module genes demonstrated that the related genes were mainly enriched in inflammation and
immune-related biological pathways, indicating that the occurrence of HLHS might be closely related to
the inflammation and immune pathways correlated with neutrophils. EGR1 is a direct regulator of multiple
tumor suppressors. EGR1 in the plasma of patients with coronary heart disease is significantly reduced, and
the regulation of EGR1 by miRNAs is related to cardiovascular diseases [49], which affects cardiomyocyte
autophagy and leads to cardiomyocyte damage in turn [50]. EGR1 plays a crucial role in tumor cell
proliferation, angiogenesis, invasion and immune response [51]. It is also involved in cell proliferation,
growth, apoptosis and ferroptosis processes via signal transduction pathways [52]. Study reported that
EGR1 is involved in the regulation of ferroptosis in acute myocardial infarction [53]. Importantly, EGR1
binds to GC-rich consensus sequences in promoter regions of stress-responsive genes, thereby directly
activating or repressing gene programs associated with iron metabolism and lipid peroxidation. This specific
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transcriptional regulation provides a mechanistic bridge between EGR1 activity, inflammatory signaling,
and ferroptosis execution in cardiomyocytes. In summary, the three TFs, namely JUN, TFAP2A, and EGR1,
are all closely associated with embryonic cardiac development. They may participate in the pathogenesis of
HLHS by regulating ferroptosis to influence cardiac development or by mediating redox-related reactions.
However, this speculation still required further in-depth research and verification.

This study had several limitations. First, the core training set only contained a small number of HLHS
and control samples, resulting in insufficient statistical power, unstable results, and susceptibility to outliers.
Accordingly, the HLHS-related genes identified merely provided a hypothesis for future functional research
rather than established HLHS-related genes. Therefore, we plan to prospectively collect samples according
to standardized inclusion and exclusion criteria. Secondly, limited independent cohorts available for HLHS
and effect attenuation affected by different tissues might hinder the generalizability of our discoveries.
Therefore, our future study will prioritize validation using cohorts from the same tissue, same platform, or
calibratable platforms. Third, the entire study was based solely on in silico predictive analysis. The putative
functions of CBS, HGSNAT, JUN, EGR1, and TFAP2A proposed were purely hypothetical, which required
confirmation through direct experimental validation, such as in vitro or in vivo models of HLHS or cardiac
development. Future studies are encouraged to introduce embryonic/neonatal myocardial models to conduct
immunohistochemical and functional assays of CBS/HGSNAT and GPX4/ACSL4, followed by performing
rescue experiments and genetic manipulations to validate the causal chain between genes, ferroptosis,
and phenotype.

5 Conclusion

Collectively, our integrative analyses identified CBS and HGSNAT as HLHS- and ferroptosis-related
candidate genes. These findings provided mechanistic clues that linked ferroptosis-relevant pathways
and inflammation/immune processes to HLHS pathobiology. We also predicted upstream TFs (JUN, EGR1,
TFAP2A) as potential regulators. Nonetheless, future work incorporating developmentally matched cohorts,
protein-level assays, and genetic/pharmacologic perturbations of the CBS/HGSNAT-TF axes are still required
before clinical application of the two genes.
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Abbreviation

HLHS hypoplastic left heart syndrome

CHD congenital heart disease

LV left ventricular

RV right ventricle

ROS reactive oxygen species

WGCNA weighted gene co-expression network analysis
TF transcription factor

GEO Gene Expression Omnibus

TOM topological overlap matrix

FDR false discovery rate

FRG ferroptosis-related genes

DEG differentially expressed gene

RFE Recursive Feature Elimination

Ccv cross-validation

SVM Support Vector Machine

LASSO Least Absolute Shrinkage and Selection Operator
ROC Receiver Operating Characteristic

ssGSEA single sample gene set enrichment analysis
CBS cystathionine (3-synthase

HGSNAT heparan-o-glucosaminide N-acetyltransferase
AUC Area Under the Curve

miRNA microRNA
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