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Abstract

Ischemic heart disease, particularly acute myocardial infarction (AMI), remains a primary cause of
morbidity and mortality worldwide. The identification of new biomarkers is essential owing to the
limited number of clinical indicators available for the early diagnosis of AMI. In this study, we analyzed
FerrDB and GeneCards to identify ferroptosis-related genes (FRGs). Differentially expressed genes
(DEGS) and co-expression modules were investigated by DEG analysis and weighted Gene Co-
expression Network Analysis (WGCNA) using the Gene Expression Omnibus (GEO) database.
Additionally, we employed unsupervised consensus clustering to classify AMI into subtypes, utilizing
the Least Absolute Shrinkage and Selection Operator (LASSO) algorithm to effectively identify the most
relevant characteristic genes. We selected the top three differentially expressed hub genes in the
common intersection by integrating the performance of four machine learning techniques. A machine
learning model for diagnosis was subsequently developed based on core genes, with its prediction
accuracy validated using receiver operating characteristic (ROC) curves and two independent datasets.
Additionally, LC-MS/MS and spatial transcriptomics were performed to verify the hub gene, acyl-CoA
synthetase long-chain family member 1 (ACSL1). We validated ACSL1 expression in the HL-1 hypoxia
cell model and AMI mice by RT-qPCR analysis. Western blotting and immunofluorescence experiments
were conducted on mice after establishing the AMI model. Moreover, transfection and RT-qPCR were
used to identify the effects of other ferroptosis-related genes in a cellular hypoxia model. Our findings
reveal potential ferroptosis-related early AMI biomarkers and have significant implications for the early
diagnosis of AMI.
Keywords: acyl-CoA synthetase long-chain family member 1 (ACSL1), ferroptosis, acute myocardial

infarction, molecular cluster, proteomics, machine learning methods.



Background

Ischemic heart disease is the leading cause of death globally, and its prevalence continues to rise,
with acute myocardial infarction (AMI) accounting for approximately 75% of all sudden cardiac deaths
[1,2]. Myocardial ischemia and infarction are characterized by myocardial cell death resulting from
prolonged ischemia [3]. AMI is generally triggered by the abrupt rupture of an atherosclerotic plaque,
leading to thrombosis and subsequent acute ischemic hypoxic necrosis of the myocardium [4,5]. The
pathological features comprise cardiomyocyte apoptosis, myocardial fibrosis, and myocardial remodeling,
ultimately leading to heart failure and potentially fatal clinical outcomes, such as cardiogenic shock and
death [6]. The primary objective in managing AMI is to restore blood flow to the heart as quickly as
possible, minimizing the extent of myocardial damage [5]. However, despite thrombolytic and
interventional treatments for AMI, mortality rates remain high [5,7]. Cardiac troponin I (¢Tnl) and cardiac
troponin T (cTnT) are established AMI biomarkers. However, their levels may be elevated in other
myocardial injuries, limiting their specificity in clinical settings [8]. Given the limited clinical indicators
available for diagnosing and assessing the severity of AMI, it is crucial to explore new biomarkers for
early diagnosis and severity evaluation.

The concept of 'ferroptosis' was first introduced in 2012. However, earlier instances of cell death
resembling iron death were reported under the term 'oxidative death, ’ referring to a form of cell death
induced by oxidative stress [9]. Under healthy physiological conditions, there is a dynamic equilibrium
between intracellular iron ion concentrations. An excessive accumulation of iron ions can result in
membrane lipid peroxidation and subsequent oxidative stress, ultimately leading to cell death [10,11].
Previous studies have indicated that ferroptosis is a pathological event closely linked to inflammation [12]

associated with conditions such as coronary artery disease and myocardial ischemia/reperfusion injury



[13—-16]. Iron death is characterized by elevated levels of reactive oxygen species (ROS) and lipid

peroxidation. Increased ROS levels significantly contribute to various cardiovascular disorders [15]. Lipid

peroxidation and the accumulation of by-products can be attenuated through ferroptosis inhibition, thereby

reducing cell death and alleviating myocardial ischemia-reperfusion injury [17-19]. The prevention of

iron death and preservation of mitochondrial function may protect the heart from cardiomyopathy [20].

Nuclear factor erythroid-derived 2-related factor 2 (NRF2), an essential transcription factor, regulates ROS

levels and maintains intracellular redox balance. Previous studies have demonstrated that the nuclear factor

erythroid-derived 2-related factor 2/heme oxygenase-1 (NRF2/HO-1) pathway plays a protective role in

cardiomyocytes against oxidative stress damage following myocardial infarction (MI), reducing

cardiomyocyte apoptosis [21,22]. Furthermore, the primary iron storage proteins ferritin light

chain/ferritin heavy chain (FTL/FTH1) and glutathione peroxidase 4 (GPX4) are regulated by NRF2.

Targeting NRF2 presents a promising strategy for disease intervention aimed at modulating lipid

peroxidation (LPO) and ferroptosis [23-27]. Therefore, ferroptosis-related genes hold the potential to

serve as early diagnostic markers and therapeutic targets for AMI. However, their relationship requires

further exploration.

This study aimed to identify ferroptosis-related genes (FRGs) as novel biomarkers for AMI diagnosis

and treatment. We conducted a comprehensive analysis using the FerrDB and GeneCards databases to

screen for FRGs, and investigated differentially expressed genes (DEGs) associated with AMI, as well as

co-expression modules, using Weighted Gene Co-expression Network Analysis (WGCNA) from the Gene

Expression Omnibus (GEO) database. Additionally, we employed unsupervised consensus clustering to

classify AMI into subtypes, utilizing the Least Absolute Shrinkage and Selection Operator (LASSO)

algorithm to effectively identify the most relevant characteristic genes. Four machine-learning models



were integrated to further screen and validate these genes, resulting in the identification of three hub genes
(ACSL1, ZFP36, and CDKN1A) and the development of a machine-learning model for diagnosis. We
established hypoxic HL-1 cells and an AMI mouse model. The core gene ACSL1 was verified through
LC-MS/MS and spatial transcriptomics and validated in vitro and in vivo using RT-qPCR experiments.
After establishing an AMI mouse model, western blot analysis and immunofluorescence assays were
performed to validate the findings. Following the establishment of an HL-1 hypoxic cell model,
transfections with ACSL1 and RT-gPCR were used to identify the effects of other ferroptosis-related genes.
Simultaneously, WB experiments on HL-1 cells were performed to verify the transfection efficiency.
Given the high mortality rate associated with AMI, early diagnosis and risk stratification are clinically
crucial. This study provides significant insights into early AMI diagnosis, elucidates the role of hub genes
in the ferroptosis pathway following AMI, and provides a theoretical foundation for identifying novel
diagnostic methods and targeted therapies for AMI.
Methods
2.1. Establishment of ferroptosis-related genes (FRGs) signature
2.1.1. Data collection

Fig. 1 shows a basic flowchart of the study created using BioGDP.com [28]. We screened FRGs from
the FerrDB and GeneCards databases. Additionally, the patients’ relevant expression data were
downloaded from the GSE66360 and GSE20681 datasets in the GEO online database
(www.ncbi.nlm.nih.gov/geo) [29]. Information on the dataset is presented in Table 1.
2.1.2. WGCNA algorithm

The WGCNA algorithm was employed to identify cluster-specific and co-expressed modules in the

GSE66360 dataset using the "WGCNA" package. The initial selection involved choosing the top quartile



of genes exhibiting the greatest variance, followed by the construction of a weighted adjacency matrix and
topological overlap matrix (TOM) using the soft threshold power value in WGCNA. Module-trait
associations were then evaluated by analyzing the correlation between clinical traits and signature genes,
facilitating the identification of expression modules that strongly correlate with phenotypes [30,31].
2.1.3. Identification of DEFRGs and Functional Analysis

Differentially expressed genes (DEGs) between normal control and patients with AMI in GSE66360
were identified with the "Limma" package and visualized by the "heatmap", "ggplot2", and other R
packages (p-value < 0.05). The significance criteria were established as an adjusted P-value <0.05 and
[log2FC| > 1 for screening DEGs.

Differentially expressed ferroptosis-related genes (DEFRGs) were identified by examining FRGs,
DEGs, and WGCNA in the GSE66360 dataset. The chromosomal mapping was conducted using the
'RCircos' package, a robust tool designed for visualizing genomic data and facilitating comprehensive
analyses of chromosome structures. This methodological approach allows for effective representation and
interpretation of genetic information, thereby enhancing the clarity and depth of the analysis. To further
investigate the functional relevance of DEFRGs, we used Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) analyses, comprising various biological functions, including biological
processes (BP), cellular components (CC), and molecular functions (MF). Additionally, a protein-protein
interaction (PPI) network for DEFRGs was constructed using the STRING online database to analyze
known and predicted protein interactions.

2.1.4. Immune characteristic analysis

The CIBERSORT algorithm and LM22 feature matrix were used to estimate the relative abundance

of 22 immune cell types based on gene expression data. CIBERSORT operates as a deconvolution



algorithm, allowing the transformation of a normalized gene expression matrix into a detailed composition
of infiltrating immune cells [32]. The proportions of each immune cell type within individual samples sum
to one, ensuring a comprehensive representation of the immune profile. To investigate the relationships
between various genes, we utilized the "circlize" and "corrplot" R packages, which facilitate data
visualization and analysis. Namely, Spearman’s correlation analysis was applied to assess the correlation
between gene expression levels and immune cell infiltration percentage, with a P-value of less than 0.05
indicating a significant correlation. We additionally employed the "corrplot" R package to effectively
visualize our findings.

2.1.5. Unsupervised clustering for patients with AMI

We conducted an unsupervised cluster analysis on the expression profiles of DEFRGs using the
"ConsensusClusterPlus" R package, aiming to effectively classify the data into two distinct clusters by
applying the k-means algorithm. To determine the optimal number of clusters, we conducted a thorough
assessment that included several evaluation metrics, such as the consistent clustering score, which was
required to exceed 0.8, cumulative distribution function (CDF) curves, and consensus matrices. Our
evaluation indicated that the maximum number of identified subtypes, denoted by k, was six.

2.1.6. Principal component analysis (PCA)

PCA was conducted randomly between the two identified clusters to ensure that no interference
affected the dimensionality reduction process. This approach is recognized as an effective technique for
reducing the dimensionality of datasets. In our study, the variables were linearly aligned to elucidate the
most significant differences between Clusters 1 and 2. This coordination of variables was accomplished
with a focus on data decentralization, which played a crucial role in enhancing the clarity of the distinctions

between the two clusters.



2.1.7. Identification of hub genes by machine learning models

We applied the LASSO algorithm to effectively identify the most relevant characteristic genes. This
analysis was performed using the R package "glmnet" with 10-fold cross-validation for data
dimensionality reduction and variable selection [33]. We then intersected the DEGs, FRGs, Cluster-related
genes, and WGCNA GREEN results with the LASSO analysis to identify cross-talk genes using the
"Venn" package.

To ensure thorough validation and screening of the hub genes identified in this study, a
comprehensive approach was adopted by constructing four distinct machine learning models. These
include Xtreme Gradient Boosting (XGB), the generalized linear model (GLM), the random forest model
(RF), and the support vector machine model (SVM). The implementation of these models was facilitated
through the "caret" R package, designed for streamlining the model training process in R. The XGB model
uses an eXtreme Gradient Boosting algorithm employing the XGBoost package. This algorithm is
recognized for its ability to gradually create a base model that can optimally approximate the objective
function, thereby improving predictive performance [34]. In contrast, GLM represents an advancement of
the traditional linear regression approach, enabling the analysis of response variables that are not normally
distributed [35] by providing a direct and succinct linear transformation of models that may be inherently
nonlinear. SVM, another pivotal model utilized in this analysis, is a widely researched machine-learning
method, particularly used for addressing both classification and regression tasks [36]. Furthermore, the RF
model is recognized as a leading machine-learning technique characterized by its nonparametric nature,
allowing it to handle various types of response variables, including categorical and quantitative outcomes
as well as time-to-event data [37]. Furthermore, the RF model mechanism involves training base learners

on random subsets of data and aggregating their predictions to deliver a robust final output from an



ensemble. The analysis benefited from the capabilities of the "DALEX" and "caret" R packages, which
facilitated the establishment of the mentioned machine learning models. All the parameters within these
models were automatically adjusted to optimize their performance.

Additionally, visualizations of the residual distribution and feature importance are provided, enabling
deeper insights into the functioning of the model. The area under the Receiver Operating Characteristic
(ROC) curve was assessed using the "pROC" package, further enhancing model performance evaluation.
Through this rigorous modeling process, the top three genes displaying consistent interactions across the
models were selected as hub genes relevant to AMI.

2.1.8. Prediction model Construction and External dataset validation

A nomogram model was developed utilizing three predictive genes, employing the "rms" R package,
to evaluate the likelihood of AMI occurring. In this model, each predictive variable is assigned a
corresponding point value, allowing for a more systematic assessment of the risk factors. The "total points"
in the nomogram are calculated by summing the individual points assigned to each of the three predictive
genes, providing a cumulative score that reflects the overall risk assessment for AMI.

The GSE20681 dataset, consisting of independent whole blood samples, includes a cohort of 99
patients diagnosed with AMI and an equal number of normal controls. The dataset was obtained from the
online GEO database. The findings derived from this dataset served as external validation of the predictive
efficacy of the established model. To enhance understanding and interpretation of the results, the data were
subsequently visualized using the "pROC" R package, which facilitates the graphical representation of
ROC curves.

2.1.9 Processing of spatial transcriptome sequencing

Spatial transcriptome sequencing data analysis was used to associate gene expression information



with the spatial position of the tissues. Following coordinate positioning and capture area calibration on
tissue sections, a gene expression matrix containing spatial location information was generated. The
'Seurat' package was used to construct spatial-specific objects (through the Create Spatial Seurat Object
function), and the 'Harmony' package was employed for batch effect correction. This algorithm effectively
eliminates technical variations between different samples by aligning cell distributions in a shared latent
space. Moreover, through spatial clustering analysis, combined with gene expression profiles and spatial
proximity relationships, cell subpopulations with similar expression patterns and spatial locations were
identified using a graph-clustering algorithm. For visualization, the 'SpatialFeaturePlot' function (a built-
in feature of Seurat) was used to intuitively present the spatial distribution patterns of specific genes on
tissue sections. Additionally, a trend analysis algorithm was used to identify genes enriched in specific
anatomical regions in order to explore spatial heterogeneity. Biological validation was performed in
combination with histological morphology to achieve accurate mapping of gene expression patterns and
tissue structures.
2.2. Hub gene validation and analysis
2.2.1. Cell Culture and Transfection

HL-1 cells were obtained from Sios Biotechnology Co., Ltd. (Wuhan, China). HL-1 cardiomyocytes
were cultured in MEM + 10% FBS + 1% penicillin—streptomycin solution. A previous study was used to
construct the hypoxia model. HL-1 cardiomyocytes were cultured for 12 h in an anaerobic glove box
containing 5% CO2, 1% 02, and 94% N2 [38,39].

The siRNAs, pcDNA, and a negative control (NC) were procured from Weihuan Biotechnology Co.,
Ltd. (Shanghai, China). HL-1 cells were plated in 6-well plates at a density of 1 x 10"5 cells per well and

allowed to grow until they reached 30-50% confluence, which was optimal for transfection. Transfection



was carried out using Lipofectamine 3000 (GIBCO, China) at a final concentration of 50 uM. After 48 h,
the effects of siRNA transfection or overexpression were assessed using qRT-PCR and western blotting.
Successfully transfected cells were used for subsequent experiments.
2.2.2. Acute myocardial infarction model created

Male C57BL/6 mice (6—8 weeks old) were obtained from Chongqing Xinyue Biotechnology Co.,
LTD (Chongqing, China) and randomly assigned to either the AMI or sham group. The process was
conducted using a random number table. Mice were housed in a temperature-controlled environment with
12 h light/12 h dark cycles and allowed to acclimate for 1 week before surgery. Subsequently, the left
pectoralis major and pectoralis minor muscles were separated, under isoflurane anesthesia, to access the
heart, and the left anterior descending (LAD) coronary artery was ligated to trigger regional ischemia. In
the sham surgery, the same procedure was performed, except for the LAD ligation. Twenty-four hours
after myocardial infarction, echocardiography was conducted to assess alterations in the left ventricular
ejection fraction (LVEF) and fractional shortening (LVES) [40,41]. After euthanasia, cardiac tissue and
peripheral blood samples were collected. The animal study protocol was approved by the Animal Care
and Use Committee of the Affiliated Hospital of Chengde Medical University. This study was approved
by the Ethics Committee of the Affiliated Hospital of Chengde Medical University (approval number:
CYFYLL2024600).
2.2.3. TTC staining

Hearts from mice in different groups were frozen at a —20°C refrigerator for 20-30 min, then
sequentially cut into 0.1 cm thick slices from top to bottom. The slices were then incubated at 37°C with
a prepared TTC solution for 25-35 min, fixed in 4% polyformaldehyde solution for 4-24 hours, and

photographed with a digital camera from biggest to smallest, allowing for the continuous observation and



distinction of infarction sizes in the myocardium [42].
2.2.4. RNA isolation and Real-Time quantitative PCR (RT-qPCR) analysis

Total RNA was extracted from HL-1 cells or cardiac tissues using the TRIzol reagent. cDNA was
synthesized and amplified using the FastKing cDNA First Chain Synthesis Kit (KR116, TIANGEN),
according to the manufacturer's instructions. cDNA was amplified by RT-qPCR using SuperReal PreMix
Plus (SYBR Green) (FP205, TIANGEN). The reaction conditions were set as follows: 95 °C, 10 s; 50-60
°C, 20 s; 72 °C, 20-32 s for 40 cycles. Data analysis was performed using 2 —AACt to express the relative
changes in gene expression. GAPDH was used as the internal control. The RT-qPCR primer sequences
are listed in Table 3.
2.2.5. Western blotting analysis

The concentration of proteins extracted from the tissues was determined using the BCA protein assay
kit (SK1070, COOLABER SCIENCE & TECHNOLOGY Co., LTD). The proteins in each group were
then separated by 12% sodium dodecyl sulfate (SDS)-polyacrylamide gel electrophoresis (PAGE) and
transferred to polyvinylidene difluoride membranes (PVDF, 0.45 um, MerckMillipore). Subsequently, the
Protein Free Rapid Blocking Buffer (5x) (PS108, Shanghai Yase Biomedical Technology Co., LTD) was
used to block the nonspecific antigens in the membranes for 10 minutes, followed by a 4 °C overnight
incubation of the membranes with the primary antibodies [including antibodies against ACSL1 (1:4000,
Proteintech Group), GPX4 (1:5000, Abcam) and GAPDH (1:2500, Abcam)]. Membranes were incubated
with anti-rabbit IgG (BF03008, Biodragon) as the secondary antibody for 1 h at room temperature. After
using an enhanced chemiluminescence (ECL) substrate, the blots were analyzed using a
chemiluminescence detection system (C300).

2.2.6. Immunohistochemical (IHC) staining



Paraffin-embedded heart sections were deparaffinized and rehydrated using an ethanol gradient, and
antigen retrieval was performed using a sodium citrate buffer according to the primary antibody. The
sections were then processed according to the instructions of the UltraSensitive SP (rabbit) IHC kit (KIT-
9706-6 ml, MXB Biotechnologies) and DAB kit (ZLI-9018, ZSGB-BIO). The primary antibodies used for
IHC targeted ACSL1 (1:150; Proteintech Group) and GPX4 (1:150; Abcam). Finally, the images were
captured using a digital microscope (BX60-32FB3-E01).

2.2.7. Proteomics

LC-MS/MS was performed using TTANGEN (Wuhan, China). Tissue samples were collected from
the infarcted areas of the heart and from the control group. The protein was digested with a protease to
obtain peptides. The separated peptides were then analyzed using a Q Exactive HF (X) mass spectrometer
(Thermo Fisher Scientific). The software PD 2.2 further filtered the mass spectrum data. Subsequently,
the protein quantification results were statistically analyzed using a t-test, with proteins whose levels were
significantly different between the experimental and control groups (p < 0.05, [log2FC| > 1) defined as
differentially expressed proteins (DEP).

2.3. Statistical analysis

Statistical analyses were conducted using R software (version 4.3.1), GraphPad Prism (Version 8.0.2),
and SPSS (Version 26.0). The normality of the distribution of continuous variables was confirmed using
the Kolmogorov—Smirnov test. Normally distributed variables were presented as the meantstandard
deviation, and non-normally distributed variables as the median with interquartile range. Student’s t-test
and Mann—Whitney U test were used to test continuous variables with or without a normal distribution,
respectively. Categorical variables were presented as numbers (percentages) using the chi-square test.

Bartlett’s test was used to evaluate the homogeneity of variance. Spearman’s correlation analysis was used



to identify the correlations. Statistical significance was set at P < 0.05 (two-sided).

Results

3.1. Identification of DEFRGs and Variations of immune characteristics in
AMI samples

Twenty-five differentially expressed genes associated with ferroptosis (DEFRGs) were identified
through the intersection of DEGs, FRGs, and WGCNA in the GSE66360 dataset (Fig. 2 A-F). To clarify
the role of DEFRGs in AMI progression, we first characterized the expression of 25 DEFRGs in AMI
samples and normal controls using the GSE66360 dataset, and screened 17 DEFRGs (Fig. 3A-C, including
ACSLI, ZFP36, CDKNI1A, TLR4, PDK4, G0S2, SPI1, DDIT3, HP, DUSPI, IL1B, NCF2, CXCL2, TNF,
PGD, RPL36A, and LCN2. We then conducted a correlation analysis of the DEFRGs to assess the
interactions between these genes within the context of AMI. The resulting relationship network illustrated
a strong interplay among the DEFRGs, as shown in Fig. 3D and E. Notably, we found that ACSL1 was
positively correlated with TLR4 and SPI1.

Employing the CIBERSORT algorithm, we conducted an immune infiltration analysis to evaluate the
differences in the proportions of 22 types of immune-infiltrating cells between AMI samples and normal
controls. The findings revealed an increased prevalence of several immune cell types, including activated
memory CD4+ T cells, follicular helper T cells, activated natural killer (NK) cells, monocytes, activated
mast cells, and neutrophils within AMI samples, as shown in Fig. 3F, suggesting that the inflammatory
response plays a significant role in the pathogenesis of AMI. To further investigate the role of these
identified genes in the inflammatory response specific to patients with AMI, we conducted a correlation
analysis to explore the relationships between DEFRGs and various immune-infiltrating cells. Our analysis

revealed that neutrophils correlated with all DEFRGs presented in Fig. 3G. Among these relationships,



ACSL1 exhibited the most notable negative correlation with resting memory CD4+ T cells and a positive
correlation with neutrophils. Additionally, ACSL1 and IL1B demonstrated a significant positive
correlation with activated mast cells (p < 0.001). Through this comprehensive analysis, it is evident that
DEFRGs may have a substantial impact on the immune response in individuals with AMI.

Subsequently, we conducted GO and KEGG analyses to elucidate potential characteristics. These
DEFRGs were significantly enriched in processes related to atherosclerosis, such as cellular responses to
biotic stimuli, specific granule lumen, cytokine receptor binding, and lipid metabolism (Fig. 4A). A PPI
network was created, comprising 23 DEFRGs organized into a composite of cogenes (Fig. 4B).

3.2. Characterization of ferroptosis-related clusters and variations of immune
characteristics

AMI samples were clustered based on the expression profiles of these DEFRGs using a consensus
clustering algorithm. The optimal number of clusters was two, as supported by the stabilization of
clustering outcomes (Fig. 5A). As the value of k varied from 2 to 6, variations in the cumulative
distribution function (CDF) curves for k-1 and k were represented by the area under the curve (Fig. 5B).
The CDF curves exhibited fluctuations across a narrow consensus index range, particularly between 0.3
and 0.6 (Fig. 5C). Notably, the concordance score for each subtype exceeded 0.8 only at k =2 (Fig. 5D).
Consequently, the samples were categorized into two distinct subtypes, termed Cluster 1 and Cluster 2,
followed by a principal component analysis (PCA), whose results demonstrated a significant difference
between Clusters 1 and 2 in terms of the expression levels of DEFRGs (Fig. 5E).

Variations in DEFRGs expression between Clusters 1 and 2 were analyzed to investigate the
molecular signatures. The results indicated that cluster 1 exhibited higher levels of all genes (Fig. 6A and

B). Furthermore, Cluster 1 demonstrated elevated ratios of monocytes, activated mast cells, and



neutrophils, whereas Cluster 2 displayed a greater proportion of memory B cells, plasma cells, CD8+ T
cells, naive CD4+ T cells, resting memory CD4+ T cells, activated memory CD4+ T cells, and gamma-
delta T cells (Fig. 6C and D).

3.3. Identification of hub genes for diagnosing AMI

Unsupervised consensus clustering was used to classify the AMI into subtypes. Ferroptosis phenotype
clusters were analyzed using the WGCNA package tool. Co-expression modules were identified using a
soft power value of 12 and a scale-free R? = 0.9 (Fig. 7A). We identified six distinct gene coexpression
modules using a dynamic cutting algorithm (Fig.7B). Correlation analysis suggested a close association
between ferroptosis-related clusters and the green module (Fig. 7C). Finally, we constructed a scatterplot
of Gene Significance versus Module Membership in the green module (Fig. 7D). To further streamline the
important characteristic variables, we performed LASSO analysis, identifying 13 genes in AMI (Fig 7E,
F). By intersecting the WGCNA GREEN, GSE66360 DEGs, Cluster WGCNA, LASSO analysis, and
FRGs, we identified 11 crosstalk genes (Fig. 8A).

Subsequently, four machine learning models (SVM, RF, GLM, and XGB) were built based on the
expression signatures of the 11 cross-talk genes to further explore genes with relatively higher predictive
values. The five most important variables of each model were displayed based on the root mean square
error (RMSE) loss after permutations (Fig. 8B-E). Through the four machine learning methods, we
selected the top three differentially expressed genes (ACSLI1, ZFP36, and CDKN1A), which were in
common intersection, as hub genes (Fig. 8F).

3.4. Establishment and validation of the prognostic prediction model
A nomogram was constructed based on the GSE66360 dataset (Fig. 9A). The receiver operating

characteristic (ROC) curve demonstrated strong discriminatory power with an area under the curve (AUC)



of 0.958 (95% confidence interval [CI]: 0.922-0.994) in the GSE66360 dataset for evaluating the
diagnostic performance of the 3-gene signature model (Fig. 9B). Fig. 10 presents the ROC curve analyses
used to determine the optimal cutoff values for the three most important variables (ACSL1, ZFP36, and
CDKNI1A) in the GSE66360 dataset. The AUC for ACSL1 was 0.872 (95% CI: 0.798-0.938) (Fig.9E),
0.854 (95% CI: 0.774-0.922) for ZFP36 (Fig. 9F), and 0.881 (95% CI: 0.798-0.947) for CDKNI1A
(Fig.9G).

An external dataset (GSE20681) was used to validate the predictive model (Fig. 9C), revealing
discriminatory ability with an AUC of 0.626 (95% CI: 0.549-0.703) in the GSE20681 dataset for
validating the diagnostic model's performance. (Fig. 9D).

3.5. Identification and Validation of the hub gene

Following surgical procedures on the mice, a cardiac ultrasound was used to assess alterations in
cardiac function. Compared to the sham group, the left ventricular internal diameter of mice in the AMI
group exhibited significant increases during both diastole and systole (P < 0.001) (Fig. 10A, B; Table 4).
Additionally, both ejection fraction and fractional shortening were significantly reduced (P < 0.001),
indicating impaired cardiac function. The results of the TTC staining are illustrated in Fig. 10C and D,
where no white infarct areas were observed in the sham group. In contrast, the AMI group exhibited
distinct pale infarct regions and an enlarged cardiac cavity, indicating myocardial infarction. The ECG
results also showed significant differences between the AMI and sham groups, confirming the successful
establishment of the model (Fig. 10E, F).

Following label-free quantitative proteomic analysis, 2,345 quantifiable proteins were obtained.
Based on the screening criteria, 599 differentially expressed proteins were identified, among which

ACSL1 was significantly downregulated in the AMI group compared to the sham group (Fig. 11A).



Spatial transcriptomics is a gene expression analysis technique that preserves the spatial structure

information of tissues. Its core value lies in overcoming the limitations of traditional single-cell sequencing,

which loses the spatial position information of cells, and can directly correlate gene expression patterns

with the anatomical structure and cellular microenvironment of the tissue. Spatial transcriptomic analysis

of two AMI mouse samples and two sham samples based on cell type classification revealed a clear

separation between cells of different colors in the AMI and sham groups. Additionally, distinct gene

expression characteristics were observed within the AMI tissue across the infarction, junction, and normal

areas. Changes in the expression of the hub gene ACSL1 were directly located in specific pathological

regions. The spatial plot displays an X-axis and Y-axis corresponding to the real physical coordinates of

tissue sections, with each point (spot) representing a region captured by sequencing based on the resolution

of the sequencing platform, and the color of the spots reflecting the molecular characteristics. Spatial plots

show spatial maps of the predicted ACSL1 scores in the AMI lesion area (identified by H&E staining,

GEO database, sample IDs: GSM 6613087, GSM 6613088, GSM 6613080, and GSM 6613081). Through

H&E staining, the tissue structure (such as the myocardial cell layer, blood vessels, stroma, core infarction

area (nucleus-free necrotic area), junction area (surviving but stressed tissue around the infarction), and

distal normal area were identified. ACSL1 expression was high in the normal myocardial layer, absent in

the AMI infarction area, and upregulated in the junction area (metabolic adjustment during stress).

(Fig.11B).

To further investigate the mRNA and protein expression levels of the hub genes in vivo and in vitro,

we constructed an HL-1 hypoxia model, an AMI mouse model, and blood samples from patients with

AMI. qRT-PCR was used to verify the mRNA levels of the three hub genes in both in vitro cell models

and in vivo tissues. As shown in Fig. 12, ACSL1 displayed significantly lower expression levels in both



cells and tissues in the model group than in the control group.

Additionally, western blotting revealed significant protein changes in the cardiac muscle tissues of

mice. ACSL1 and GPX4, key ferroptosis-related genes, were significantly downregulated in the hearts of

mice with AMI compared to those in the sham group in Fig.12A, Band C. The results of IHC staining

were similar (Fig. 12D-G).

To further elucidate the biological function of ACSL1 in HL-1 cells, we silenced and overexpressed

ACSL1 in an HL-1 hypoxic model using siRNA and plasmids. The effects of silencing and overexpression

by RT-qPCR were then verified, as shown in Fig. 13. ACSL1 mRNA expression in HL-1 cells was

significantly downregulated after siRNA-ACSL1 transfection and upregulated after pcDNA-ACSLI

transfection, as shown in Fig. 13. Additionally, the effects of an altered expression of ACSL1 in HL-1

cells on key indicators such as NRF2, HO-1, SLC7A11, and SLC40A1 were examined. The results

demonstrated that, along with the changes in ACSL1, the expression of NRF2, HO-1, SLC7A11, and

SLC40A1 in the HL-1 hypoxic cell model was significantly altered compared to the NC group (Fig. 13),

suggesting that ACSL1 plays a vital role in blocking ferroptosis in HL-1 cells. These trends were

additionally confirmed to be consistent at the protein level (Fig. 14).

Discussion

AMI is the predominant cause of mortality in individuals with cardiovascular disease. Despite

advancements in thrombolytic and interventional treatments that have enhanced prognosis, mortality rates

continue to be significantly elevated [S]. Identifying effective diagnostic biomarkers for the early

prediction of AMI is crucial for improving therapeutic efficiency and patient outcomes. Recently,

ferroptosis has become a popular research topic. Ferroptosis is a form of regulated cell death characterized

by iron-dependent lipid peroxidation. Accumulating evidence has demonstrated that ferroptosis is a critical



player in AMI pathogenesis [13,14,43—45]. However, the mechanism underlying ferroptosis in the

pathological process of AMI remains unclear and requires further investigation.

In our study of the mechanism of AMI, we used ACSL1 as the main research factor. ACSLI is a

pivotal enzyme that catalyzes the conversion of fatty acids into acyl-CoA esters, which are essential for

lipid biosynthesis and remodeling. A growing number of studies suggest that ACSL1 promotes the

incorporation of polyunsaturated fatty acids (PUFAs) into phospholipids, causing cells to be more

susceptible to lipid peroxidation and enhancing cell resistance to ferroptosis [46—49]. In addition, deletion

of ACSL1 in myeloid cells inhibited the inflammatory effect of diabetes mellitus on monocytes and

macrophages and protected mice against lesions of diabetes-induced atherosclerosis in a T1IDM mouse

model [50]. In an AMI study, the expression of ACSL1 in peripheral blood may be a molecular marker

for assessing the risk of AMI [51]. In a previous study, ACSL1 expression was also significantly correlated

with immune cell infiltration [52,53]. However, studies on the mechanisms underlying ACSL1 function

are currently limited. In our immune infiltration analysis, Cluster 1 showed elevated ratios of monocytes,

activated mast cells, and neutrophils. ACSL1 showed the strongest positive correlation with neutrophils

and activated mast cells. During an AMI, the immune response is activated, resulting in a significant

infiltration of neutrophils and activated mast cells into the infarcted area. This change in infiltration

suggests that the inflammatory response plays a crucial role in AMI pathogenesis because the aggregation

of numerous immune cells represents the body's immune response to myocardial injury. In our in vivo and

in vitro experimental studies, ACSL1 was confirmed to have a specific differential expression in AMI.

ACSL1 may play a pivotal role in the immune response of patients with AMI by influencing the function

of neutrophils and activated mast cells, indicating a complex regulatory relationship between them.



However, the specific regulatory role of ACSL1 in AMI immune cell infiltration requires further

investigation.

In this study, we examined the expression of other ferroptosis-related factors, such as GPX4, HO-1,

NRF2, SLC7A11, and SLC40A1, in vivo and in vitro, and whether their regulation is affected by ACSL1.

GPX4 is the core molecular gate of ferroptosis and is regarded as the final regulatory node of the

ferroptosis pathway. GPX4 inactivation is necessary for ferroptosis [17,54]. Therefore, we used GPX4 as

a marker to prove the occurrence of ferroptosis. Western blotting and pathological experiments showed

that GPX4 levels were consistently decreased in the model group. Previous studies have demonstrated that

NRF2 plays a crucial role in combating oxidative stress responses and heart remodeling after MI. Deletion

of NRF2 induced significantly higher mortality in mice after MI than in mice in the control group. HO-1,

regulated by the transcription factor NRF2, is a key antioxidant enzyme that degrades heme into biliverdin,

carbon monoxide, and free iron [10,24]. While HO-1 exerts cytoprotective effects by reducing oxidative

stress, it releases free iron, which can exacerbate ferroptosis [10,23]. The NRF2/HO-1 pathway plays a

complex role in ferroptosis. We further revealed the role of ACSL1 in the interplay of the AMI ferroptosis

pathway. siRNA or plasmid transfection and qRT-PCR were used to identify the effects of the NRF2/HO-1

pathway on the HL-1 hypoxic cell model. The mRNA results showed that the expression levels of NRF2

and HO-1 were significantly lower after silencing ACSL1 in HL-1 cells under hypoxic conditions, whereas

higher expression was observed when ACSL1 was overexpressed. These findings highlight the potential

of targeting ACSL1 to mitigate ferroptosis and improve cardiac outcomes. Targeting ACSL1 to regulate

the NRF2/HO-1 pathway is a promising strategy for the treatment of AMI. A previous study demonstrated

that NRF2 deficiency results in the downregulation of SLC7A11 expression and increased sensitivity to

ferroptosis, confirming the importance of the NRF2-SLC7A11 axis in maintaining redox homeostasis [55].



NRF2 regulates iron metabolism and oxidative stress by controlling SLC7A11 (cystine uptake) and

SLC40A1 (iron export) [56]. In our study, the expression of SLC7A11 and SLC40A1 was subject to

ACSL1 regulation; however, whether they are directly regulated by ACSL1 or related to the function of

NRF2 remains to be verified.

Conclusion

ACSLI1, a novel ferroptosis-related biomarker and hub gene for early AMI diagnosis, regulates

ferroptosis pathways in AMI. These findings establish a method to tailor diagnostic and therapeutic

strategies using ACSL1 as a promising candidate biomarker. Future studies on core gene-specific

regulatory networks and clinical translational values are warranted to advance AMI management.
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Table 1. Detailed information of the datasets

Dataset Platform AMI samples Normal samples Resource
GSE66360 GPL570 49 50 Homo sapiens
GSE20681 GPL4133 99 99 Homo sapiens
GSE214611 GPL24247 2 2 Mus musculus

Abbreviations: AMI, acute myocardial infarction

Table 2. List of primers used in the study

Gene Sequence

ACSL1 Forward: TGGGGTGGAAATCATCAGCC
Reverse: CATTGCTCCTTTGGGGTTGC

HO-1 Forward: AAGCCGAGAATGCTGAGTTCA
Reverse: GCCGTGTAGATATGGTACAAGGA

NRF2 Forward: TCTTGGAGTAAGTCGAGAAGTGT
Reverse: GTTGAAACTGAGCGAAAAAGGC

SLC7A11 Forward: GGCACCGTCATCGGATCAG
Reverse: CTCCACAGGCAGACCAGAAAA

SLC40A1 Forward: ACCAAGGCAAGAGATCAAACC
Reverse: AGACACTGCAAAGTGCCACAT

GAPDH Forward: AGGTCGGTGTGAACGGATTTG

Reverse: TGTAGACCATGTAGTTGAGGTCA




Table 3 Comparison of cardiac ultrasound between the AMI and Sham groups

Variables AMI group Sham group p-value
IVS;d 0.78 (0.70, 0.85) 0.71 (0.64, 0.72) 0.008
IVS;s 1.15+£0.18 1.15+0.15 0.902
LVID;d 4.69 + 0.67 3.50+0.38 <0.001
LVID;s 3.70 (3.37,4.05) 2.13 (1.80, 2.42) <0.001
LVPW;d 0.70£0.12 0.75+0.13 0.219
LVPW;s 0.92+0.21 1.25+0.16 <0.001
EF (%) 39 (31, 44) 71 (66, 74) <0.001
FS 19 (14, 21) 39 (36, 42) <0.001
LV Mass 128 (116, 151) 76 (67, 94) <0.001
LV Mass 103 (93, 121) 61 (54,75) <0.001
(Corrected)

LV Vol;d 96 (81, 110) 51 (41, 61) <0.001
LV Vol;s 58 (47, 72) 15 (10, 21) <0.001

Abbreviations: AMI, acute myocardial infarction; IVS d, interventricular septal end diastole; IVS s,

interventricular septal end systole; LVID d, left ventricular internal diameter end diastole; LVID s, left

ventricular internal diameter end systole; LVPW d, left ventricular posterior wall end diastole; LVPW s,

left ventricular posterior wall end systole; EF, ejection fraction; FS, fractional shortening; LV, left

ventricular
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Fig. 1. The basic framework of this study

Abbreviations: FRGs, ferroptosis-related genes; DEGs, differentially expressed genes; WGCNA,

weighted gene co-expression network analysis; DEFRGs, differentially expressed ferroptosis-

related genes;

LASSO,

least Absolute Shrinkage and Selection Operator; KEGG, Kyoto

Encyclopedia of Genes and Genomes; GO, Gene Ontology; PPI, protein-protein interaction; ELISA,



enzyme-linked immunosorbent assay; RT-qPCR, Real-Time quantitative PCR; ROC, receiver

operating characteristic curve; IHC, Immunohistochemical staining.
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Fig. 2. Construction of the co-expression network for differentially expressed genes in AMI

(A) Heatmap of the expression patterns of DEGs between AMI and normal controls in GSE66360.

(B) Network topology analysis for the soft thresholding powers. (C) Dendrogram of clustered genes

with topologically overlapping based variability and specified module colors. (D) Module trait

correlations. Each column matches a trait, and each row matches a module eigengene. Each unit

cell includes the corresponding p-value and correlation. (E) A scatterplot of Module Membership

(MM) in the green module vs. Gene Significance (GS) for AMI. (F) The Venn diagram of

ferroptosis-related genes, WGCNA GREEN, and GSE66360 DEGs. Abbreviations: AMI, Acute

myocardial infarction; DEGs, differentially expressed genes.
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Fig. 3. Identification of immune characteristics and DEFRGs in AMI

(A) Box diagram of the expression profiles of 25 FRGs. (B) Heatmap of the expression patterns of
24 DEFRGs between AMI and normal controls. (C) Location of the 24 DEFRGs on the chromosome.
(D) Gene relationship circle diagram for the 17 DEFRGs. The purple and blue lines represent
positive and negative correlations, respectively. (E) The relationship between DEFRGs. The
correlation coefficients were labeled by the area of the pie chart. (F) Box diagram of the fractions
of 22 immune infiltrating cells using the CIBERSORT algorithm. (G)The relationship between 17
DEFRGs and 20 immune infiltrating cells. Significance levels were indicated by *p < 0.05, **p <
0.01, ***p < (0.001. Abbreviations: AMI, Acute myocardial infarction; DEFRGs, differentially

expressed ferroptosis-related genes.
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Fig. 4. Functional analysis of DEFRGs and the protein-protein interaction (PPI) network

(A) Bubble plots of GO and KEGG pathway enrichment analysis results. (B) 23 critical DEFRGs
based on the STRING database filtered into the PPI network. Abbreviations: DEFRGs, differentially
expressed ferroptosis-related genes; GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and

Genomes.
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Fig. 5. Consensus clustering based on DEFRGs expression matrices

(A) Consensus clustering matrix at k = 2. (B) Relative change in area under CDF delta curves. (C)



Cumulative distribution function (CDF) consensus clustering at k = 2—6. (D) Consensus clustering
score. (E) PCA plot of the two clusters. The points of the scatterplot denote each sample of the two
main components of the cluster (PC1 and PC2) based on the DEFRGs expression profiles.
Abbreviations: DEFRGs, differentially expressed ferroptosis-related genes; PCA, Principal

component analysis.
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Fig. 6. Gene abundances, immune characteristics, and biological processes of different ferroptosis-
related clusters

(A) and (B) presented the expression patterns of 17 DEFRGs in two distinct ferroptosis-related
phenotypes in terms of boxplot and heatmap. (C) The relative abundance of 22 infiltrating immune
cells between the two phenotypes. (D) Boxplot of the ratio of 22 species of immune-infiltrated cells

with the CIBERSORT algorithm. Abbreviations: DEFRGs, differentially expressed ferroptosis-

related genes.
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Fig. 7. Identification of the critical gene modules related to the ferroptosis phenotypes

(A) Gene clustering dendrogram based on topological overlap and specified module colors. (B)

Heatmap plot of the associations between six modules. (C) The correlation between clinical status

and module eigengenes. Each column matches a trait, and each row corresponds to a module

eigengene. Each unit cell includes the corresponding p-value and correlation. (D) Scatterplot of

Module Membership (MM) vs. Gene Significance (GS) in the green module. (E) Ten-fold cross-

validation for tuning parameter selection in the LASSO model. (F) LASSO coefficient profiles of

the DEFRGs. Abbreviations: DEFRGs, differentially expressed ferroptosis-related genes.
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Fig. 8. Selection of the optimal machine learning model

(A) The cross-sections between module-associated genes of ferroptosis phenotypes and module-
associated genes in AMI. (B) Reverse cumulative distributions of the four modes. (C) The residuals
of four models were shown in the boxplot. (D) ROC curves analysis of the RF, SVM, XGB, and
GLM models. (E) The essential characteristics of the machine learning models. (F) The Venn
diagram of the crosstalk gene and four machine learning models. Abbreviations: AMI, Acute
myocardial infarction; ROC, receiver operating characteristic; XGB, extreme Gradient Boosting;

GLM, the generalized linear model; the RF, random forest model; SVM, support vector machine

model.
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(A) A nomogram model with three feature genes in the GSE66360 dataset. (B) The ROC curve for

evaluating the diagnostic performance of the 3-gene signature model in the GSE66360 dataset. (C)

Construction of a nomogram model with three feature genes in the GSE20681 dataset as an external

validation. (D) ROC curve for validating the diagnostic model’s performance in the GSE20681

dataset. (E) ROC curve analysis of one of the hub genes, ACSL1, in the GSE66360 dataset. (F)

ROC curve analysis of ZFP36. (G) ROC curve analysis of CDKN1A. Abbreviations: ROC, receiver

operating characteristic.
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Fig. 10. Validation of AMI model

(A) Representative images of cardiac ultrasound results for the AMI group. (B) Representative
images of cardiac ultrasound results for the Sham group. (C) (D) Representative images of TTC
staining results for the AMI and Sham groups. (E) Representative images of electrocardiogram

results for the AMI group. (F) Representative images of electrocardiogram results for the Sham



group. *p < 0.05. Abbreviations: AMI, Acute myocardial infarction.
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Fig.11. Identification of hub gene

(A) The label-free quantitative proteomic analysis. (B) Spatial transcriptomics analysis of ACSLI.
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Fig. 12. Validation of hub gene in vivo and vitro by RT-qPCR

(A) ACSLI1 expression in hypoxic model and control HL-1 cells was evaluated. (B) ACSL1

expression in AMI and sham mouse cardiac tissues was evaluated. Abbreviations: AMI, Acute

myocardial infarction.
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Fig. 13. The validation of ACSL1 at the protein level and the occurrence of ferroptosis

(A) The result of Western blot analysis. (B) Western blotting analysis of total ACSL1 in the AMI
and sham mouse cardiac tissues, n = 10. (C) Western blotting analysis of total GPX4 in the AMI
and sham mouse cardiac tissues, n = 10. (D) (E) Representative immunohistochemical images of

ACSL1-positive cells in the AMI and sham mouse cardiac tissues, n = 10. (F) (G) Representative

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5586128



immunohistochemical images of GPX4-positive cells in the AMI and sham mouse cardiac tissues,

n=10. *p<0.05, **p <0.01, ***p <0.001, ****p <0.0001. Abbreviations: AMI, Acute myocardial

infarction.



2,
* H _ A\\ _v B OA\
- o H “,
* %5, Yv * ooQ
(A 9
I T T T 1 \\V V\‘V T T T T T 1 v..v.
o ®w o v 9 5, W, w o w o w9 %
o - - = o .UV., e o~ ol - - o o OQ
@) HQdV9/L-OH “, % am HQdV9/L-OH = "
&.\\rq *H \V * b\vv
£ % .m.ok ¥ I @
* \NV V\V@v \V%O
Ab _m“u & Dn
%, 5y 5 3 4 LR
o\vu © ® © % & o «veo Y, f -9, < = P p=; Qo
* % - © 8 o S o N % %, HadVo/LVorD1S
- % %y, [ HAdVOLVOYOTS %, X Yo, ™
\V A\&w o \V (*4
AOQ %QV <& %—UV‘
I T T 1 “ 5. & I T T 1 p>
wn o wn o (Y A\a\ n o n o 1,
2 2 pi b= s, o y = i s Qo
a'a) Hadvo/Z4uN &v& H "%, HadvO/Z48N x H i oe.v
o % & ; e
* 5 O * . o
* ‘e &e %
< ()} “ 0?
%,y S S M
e H "%, L O L Fa = 2 8 s
x| % s S © S R s, HAdV9/LLVLO1S
X %, ov,v & HAdvo/LLVLOTS && L eooq o
s
<« “o. Yy, Tl %
.oc\ Vs, L . b,
s LITI6taarl %
<< 2 3 3 % 58888 %
HAdV9/L1SOV Ty HAdV9/L1SOV



Fig. 14. The results of PCR of silence and overexpression of ACSL1 in HL-1 cells

(A) (B) (C) (D) (E) The expression levels of ACSL1, NRF2, HO-1, SLC7A11, and SLC40A1 in

HL-1 cells with ACSL1 silencing in a hypoxic environment. (F) (G) (H) (I) (J) The expression levels

of ACSL1, NRF2, HO-1, SLC7A11, and SLC40A1 in HL-1 cells with ACSL1 overexpression in a

hypoxic environment. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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Fig. 15. The silencing and overexpression of ACSL1 in HL-1 cells at the protein level

(A) Western blot analysis of the silencing or overexpression of ACSL1. (B) The results of silencing

the protein expression of ACSLI1 in the hypoxic model. (C) The results of silencing the protein

expression of ACSL1 in the control group. (D) The results of overexpressing the protein expression

situation of ACSL1 in the hypoxic model. (E) The results of overexpressing the protein expression

situation of ACSLI1 in the control group. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < (0.0001.



