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(HF) remain unclear.

Methods: By intersecting differentially expressed genes (DEGs) between normal and HF samples in
the Gene Expression Omnibus (GEO) database with circadian rhythm-related genes (CRGs),
differentially expressed circadian rhythm-related genes (DE-CRGs) were obtained. Machine
learning algorithms were used to screen for feature genes, and diagnostic models were con-
structed based on these feature genes. Subsequently, consensus clustering algorithms and non-
negative matrix factorization (NMF) algorithms were used for clustering analysis of HF sam-
ples. On this basis, immune infiltration analysis was used to score the immune infiltration status
between HF and normal samples as well as among different subclusters. Gene Set Variation
Analysis (GSVA) evaluated the biological functional differences among subclusters.

Results: 13 CRGs showed differential expression between HF patients and normal samples. Nine
feature genes were obtained through cross-referencing results from four distinct machine learning
algorithms. Multivariate LASSO regression and external dataset validation were performed to
select five key genes with diagnostic value, including NAMPT, SERPINA3, MAPK10, NPPA, and
SLC2A1. Moreover, consensus clustering analysis could divide HF patients into two distinct
clusters, which exhibited different biological functions and immune characteristics. Additionally,
two subgroups were distinguished using the NMF algorithm based on circadian rhythm associated
differentially expressed genes. Studies on immune infiltration showed marked variances in levels
of immune infiltration between these subgroups. Subgroup A had higher immune scores and more
widespread immune infiltration. Finally, the Weighted Gene Co-expression Network Analysis
(WGCNA) method was utilized to discern the modules that had the closest association with the
two observed subgroups, and hub genes were pinpointed via protein-protein interaction (PPI)
networks. GRIN2A, DLG1, ERBB4, LRRC7, and NRG1 were circadian rhythm-related hub genes
closely associated with HF.

Conclusion: This study provides valuable references for further elucidating the pathogenesis of HF
and offers beneficial insights for targeting circadian rhythm mechanisms to regulate immune
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responses and energy metabolism in HF treatment. Five genes identified by us as diagnostic
features could be potential targets for therapy for HF.

1. Introduction

Heart failure (HF) represents a complex clinical syndrome and is among the primary causes of mortality globally [1]. At present,
there are limited treatment options for heart failure (HF), resulting in a poor prognosis and a 5-year survival rate of approximately 50%
[2,3]. From a clinical viewpoint, heart failure represents the final outcome of numerous cardiac disorders in which the heart fails to
pump blood efficiently enough to match the oxygen and nutrient requirements of tissues and organs, ultimately leading to impaired
bodily function [4].While some progress has been made in HF research in recent decades, many areas regarding the causes and
molecular mechanisms of heart failure remain unknown. The causes of heart failure are diverse, encompassing coronary artery disease,
cardiomyopathy, cardiac surgery, substance abuse, ageing, and numerous other factors. Moreover, recent scholarship has indicated a
possible link between the onset of heart failure and variations in genes that regulate circadian rhythms [4]. Recent evidence indicates
that circadian rhythms play a role in the development of multiple cardiovascular diseases, such as myocardial infarction,
ischemia-reperfusion injury post-myocardial infarction, and HF [5]. The cardiovascular system is particularly sensitive to circadian
rhythm regulation, impacting various cardiovascular processes, including heart rate, signal transduction, contractility, metabolism
and vascular tone [6,7]. Thus, comprehending circadian rhythm pattern alterations in patients with HF could better elucidate the
relationship between circadian rhythm and HF.

Circadian rhythms are regulated by the molecular clock mechanism across various organs and tissues [8,9]. Mouse models have
directly demonstrated significant cardiac phenotypes resulting from the key functions of peripheral core clocks in the heart. These core
transcription factors, BMAL1 and CLOCK, regulate the circadian rhythms in the heart through transcription and translation [10]. Gene
knockouts that disrupt the cardiac clock have been shown to result in various cardiomyopathies, including dilated cardiomyopathy and
time-dependent cardiomyopathy [11,12]. Song et al. found that alterations in REVERB/BMAL1 rhythms are linked with the severity of
dilated cardiomyopathy [13]. The deficiency of Bmall protein disrupts the rhythmic expression of genes encoding for Pik3r1, Akt, and
Gsk3p proteins, ultimately leading to impaired cardiac contractility [14]. Moreover, the disturbance of circadian rhythms in the heart
impacts mitochondrial function, leading to elevated levels of oxidative stress and the activation of pathways related to apoptosis,
autophagy, inflammation, and remodeling [15]. Disruption of circadian rhythms also impacts the rhythm of cardiac metabolic ac-
tivities, including fatty acid oxidation and glucose metabolism [16,17]. Moreover, the circadian clock can regulate immune and in-
flammatory responses, with the circadian/metabolic axis potentially being a key driver of immune function rhythms [18]. It is now
known that circadian rhythm disturbances are risk factors for inflammatory bowel disease [19]. However, research on the in-
terrelationships among circadian rhythms, immune responses, and metabolism in HF is still lacking.

The rapid advances in microarray and high-throughput sequencing technologies have expanded our comprehension of the genome,
transcriptome, and epigenetics, resulting in a broader knowledge base of these fields [20,21]. A increasing number of researchers are
willing to share their sequencing data through the Gene Expression Omnibus (GEO) database. This presents a prospect to unveil
comprehensive insights into gene function, disease mechanisms and biological processes [22]. However, microarray or
high-throughput sequencing data comprises a vast number of features at every level, which augments data dimensionality, redun-
dancy, and noise. Subsequently, data analysis, visualization, and interpretation pose complex challenges. To tackle these issues,
machine learning algorithms are significantly applied for feature selection and creating classification models, thereby enhancing the
reliability of feature selection [23,24]. Iain S. Forrest and his co-authors used the Boruta machine learning algorithm to measure
biomarkers associated with atherosclerosis and mortality risk using continuous spectra, without invasive procedures [25]. Addi-
tionally, LASSO models, SVM models, and Random Forest (RF) have also been employed for constructing risk models for ischemic
stroke [26]. Based on this, the cross-combination of machine learning feature selection algorithms, when they converge on certain
genes, indicates a stronger consensus regarding the importance of these genes. Therefore, we employ multiple machine learning al-
gorithms to select more robust candidate genes.

This study systematically evaluates changes in circadian rhythm patterns in HF patients. Firstly, DEGs screened based on the
publicly available microarray dataset GSE57338 and intersected with CRGs to obtain DE-CRGs. Subsequently, four machine learning
algorithms were employed to screen for genes that could be used as features in disease onset prediction. Nomogram models were
constructed, and the correlation between five risk genes and infiltration of immune cells was discussed. Moreover, samples from
patients with HF were clustered based on the expression profiles of CRGs, and two different types of HF with distinct biological
functions were identified. The variation in immune cell populations between these two distinct groups was further analyzed. Finally,
using NMF clustering methods based on DEGs among subclusters, HF patients were divided into two subgroups with distinct molecular
and clinical features, and hub genes related to the phenotype were screened through WGCNA. Through these studies, it was found that
CRGs have a significant impact on the immune microenvironment and metabolic processes of HF patients.

2. Methods
2.1. Data collection and processing

Microarray data of heart failure patients analyzed in this study were retrieved from the GEO database (www.ncbi.nlm.nih.gov/geo/
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). Four datasets were included: GSE57338 [27],GSE79962 [28],GSE26887 [29] and GSE5406 [30]. Table 1 shows the detailed in-
formation of these datasets. To obtain symbols for genes corresponding to each probe, download the corresponding platform files and
construct a matrix of gene expression. All microarray datasets included in this study were normalized with the "Limma" R package [31]
and transformed to a log2 scale for subsequent analysis. Furthermore, CRGs included in this study were derived from GeneCard
(https://www.genecards.org/).

2.2. Identification and functional analysis of DE-CRGs

Dataset GSE57338 contains 177 HF patient samples and 136 control samples. Using the R package "Limma", differential gene
analysis was performed and DEGs were identified by applying cutoff criteria of |logFC| > 0.5 and adjusted P-value <0.05. By inter-
secting DEGs with CRGs, we obtained DE-CRGs. The R package "ClusterProfiler" was utilized to conduct enrichment analysis and
provide insights into the biological functions of DEGs [32].

2.3. Establishment and validation of CRGs diagnostic signature

The prediction of both the onset and progression risk of HF relies on the identification of stable and sensitive diagnostic markers.
Firstly, four machine learning algorithms (namely, Boruta [33], Random Forest(RF) [34], Support Vector Machine_Recursive Feature
Elimination (SVM_RFE) [35] , and XGBoost [36]) were utilized to filter potential genes for HF diagnosis based on the expression
profiles of differentially expressed genes related to circadian rhythms. We performed gene selection of features using the default
parameters. Boruta, RF, and SVM_RFE machine learning algorithms demonstrated superior classification performance, whilst the
XGBoost model displayed below-par performance and limited ability to generalize. Hence, employing disease classification as the
dependent variable and circadian related DEGs as the explanatory variables, we randomly divided the entire GSE57338 dataset into a
training set (70%) and an internal validation set (30%) to search for the best hyperparameter combination. In the training dataset, we
employed grid search techniques to adjust the parameters and identify the optimal combination. The adjusted parameters include eta,
max_depth, min_child_weight, gamma, subsample, colsample_bytree, alpha and lambda. Next, we evaluated the model’s performance
on the validation dataset. Finally, we utilized the optimized XGBoost predictive model to select feature genes and gauge variables’
impact on the onset and progression of HF. We measured these impacts through Shapley Additive Explanation (SHAP) values. Ulti-
mately, we analyzed the genes that the four algorithms identified at the intersection in greater depth.

We utilized the "rms" and "forestplot" R packages to construct nomograms and forest plots, respectively. Discriminative ability of
the model was evaluated by analyzing receiver operating characteristic (ROC) curves, while calibration was assessed using calibration
plots. The model’s accuracy was further validated in both an internal training set and two external validation sets.

2.4. Evaluation of immune cell infiltration

The infiltration levels of 28 types of immune cells were calculated using the ssGSEA method. Furthermore, statistical analyses were
conducted by performing T-tests to compare the levels of immune cell infiltration. The optimal immune cell variables were determined
using the least absolute shrinkage and selection operator (LASSO) algorithm [37] and ten-fold cross-validation to screen for the best A
value. Additionally, the study utilized correlation analysis to determine how hub genes are related to immune cells and investigate
their underlying connections.

To enhance comprehension of immune infiltration variations across different clustering patterns in heart failure patients, the
ssGSEA method was employed to investigate the immune microenvironment in HF, and T-tests were executed to compare disparities in
immune cell infiltration.

2.5. Unsupervised clustering analysis of DE-CRGs

Consensus clustering analysis was conducted using the R package "ConsensusClusterPlus" to recognize related patterns of different
CRGs clustering in HF patients [38]. The optimum number of subtypes was based on evaluating the performance of cumulative dis-
tribution function (CDF) curves, relative changes in the area under the CDF curve, consensus matrix, and consistent cluster scores.
Subsequently, the differences among the number of clustering samples were visualized using the "ggpubr" package.

Table 1
Details of the dataset used in this study, including number, sequencing platform, number of samples, etc.
D GSE number Platform Samples Group
1 GSE57338 GPL11532 Control: 136 Discovery cohort
Patient: 177
2 GSE79962 GPL6244 Control: 11 Validation cohort
Patient: 40
3 GSE26887 GPL6244 Control: 5 Validation cohort
Patient: 12
4 GSE5406 GPL96 Control:16 Validation cohort

Patient: 194
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2.6. GSEA and GSVA enrichment analysis

The "clusterprofiler" R package was used to perform GSEA enrichment analysis on the DEGs between the two clusters generated by
the first clustering to explore biological processes associated with these genes.

To comprehend the biological functional differences within subgroups, we employed the "GSVA" [39] and "Limma" packages to
investigate the underlying causes for these phenotypic differences. The background gene lists, Hall.v2023.1.Hs.symbols.gmt, C5.go.bp.
v2023.1.Hs.symbols.gmt, and C2.cp.kegg.v2023.1.Hs.symbols.gmt, were downloaded from the Molecular Signatures Database
(MSigDB) (https://www.gsea-msigdb.org/gsea/msigdb/).
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Fig. 1. Flowchart of this study.
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2.7. Non-negative matrix factorization algorithm

The NMF algorithm extracts biologically relevant coefficients within the gene expression matrix and organizes genes and samples
to capture the internal structural features of the data for sample grouping [40]. Using the empirical Bayesian method, DEGs between
clusters A and B were acquired through the R package "Limma", with selection criteria of |logFC| > 0.5 and adjusted p-value <0.05.
The "NMF" R package was subsequently employed to conduct a clustering analysis of all HF samples using the DEGs identified between
the subclusters, with the aim of uncovering possible molecular subtypes. The "brunet" algo rithm was chosen with 100 iterations for
each value within the range. The number of clusters was set from 2 to 10. The optimal number of clusters is determined by the
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Fig. 2. Identification and functional enrichment analysis of DE-CRGs. (A) DEGs between HF and normal samples. (B) The common genes of DEGs
and CRGs in HF. (C) Correlation chord diagram of DE-CRGs. Red represents positive correlations, and orange represents negative correlations. (D)
Heatmap showing the expression levels of 13 CRGs in HF and control samples. (E, F) Boxplots and scatter plots displaying the expression differences
of thirteen CRGs in GSE57338 and GSE5406. (G) GO enrichment analysis of DE-CRGs. (H) KEGG enrichment analysis of DE-CRGs. DE-CRGs,
differentially expressed circadian rhythm-related genes; CRGs: circadian rhythm-related gene; DEGs: differentially expressed genes; HF: heart
failure; GO: gene ontology; KEGG: Kyoto Encyclopedia of Genes and Genomes. *P < 0.05, **P < 0.01, ***P < 0.001. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)
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combination of cophenetic, dispersion and silhouette.

2.8. Weighted gene Co-expression network

We used the median absolute deviation method to select the top 5000 genes with the largest differences between samples. First,
low-quality data were removed after assessing the data quality of both samples and genes. Second, samples with obvious outliers were
excluded after using the "hclust" function to perform hierarchical clustering on the samples. Using the "pickSoftThreshold" function in
the "WGCNA" R package, an appropriate soft-thresholding power § was chosen according to the standard of a scale-free network, with
the range varying from 1 to 20. Selection criteria were as follows: R > 0.85, slope approximately equal to —1, and choosing the value
at the inflection point of the R? and power relationship plot. Next, a WGCNA was constructed to identify gene modules, with a
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interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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combined cutting height of 0.25 and a minimum number of module genes set to 30.
Additionally, we computed the interaction network of genes within the black module using the STRING online database (https://

string-db.org/) and ranked the importance of these genes using the MCC algorithm in the CytoHubba plugin. Furthermore, we

confirmed the association of these genes with HF through the Comparative Toxicogenomics Database (CTD) (http://ctdbase.org/).
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3. Results
3.1. Expression landscape and functional enrichment analysis of CRGs

Fig. 1 shows the flowchart of this study. A differential analysis was performed on the expression profile data of 136 normal samples
and 177 HF normalized samples, resulting in a total of 428 DEGs identified, including 234 significantly upregulated genes and 194
significantly downregulated genes. (Fig. 2A). Furthermore, by using correlation scores to examine the relationship between genes and
circadian rhythms, we obtained a list of 344 circadian rhythm genes with correlation scores exceeding 3.5. To extract circadian rhythm
genes that play a crucial role in regulating transcription and have potential research value in HF, we overlapped differentially
expressed genes (DEGs) with circadian rhythm genes (CRGs). Eventually, this resulted in a set of circadian rhythm-related genes that
are differentially expressed in HF patients. (Fig. 2B and Supplementary Table 1). Correlation analysis indicated that genes SERPINA3,
CEBPB, MYC, and NAMPT were significantly positively correlated (Fig. 2C). Fig. 2D and E demonstrate the significant differences in
the 13 CRGs between the control group and HF samples. To further verify the expression of the 13 CRGs, an independent HF cohort was

used for validation. Fig. 2F revealed that a significant proportion of the CRGs displayed consistent expression levels, with notable
differences.

group group
Central memory CD8 T cell | B
Gamma delta T cell 5 CON
Macrophage
Regulatory T cell
Activated dendritic cell
MDSC 0
Plasmacytoid dendritic cell

Immature dendritic cell
Central memory CD4 T cell 5
Natural killer T cell B

CD56dim natural killer cell

Monocyte

|

Type 17 T helper cell D e -
Effector memeory CD4 T cell Lamba (og scale)
CDS6bright natural killer cell LI Y BT s————
Type 2T helper cell 8 Tvars - 22vars - Svars
Activated B cell S Tvars — 23vars ~= 6vars ]
Activated CD4 T cell S 1.2 12vars == 24 vars 7 vars [}
Activated CD8 T cell g tavars = 25vars - Bvars K
E hil 15vars = 26 vars 9vars
Ngi‘{:gSniI\ B 1.0~ 18vas = 27vars &
Mornony B'édl S | s = v #'i
Mast cell ]
Q
T follicular helper cell gos ++}+
Type 1 T helper cel =] W
Immature B cell So6
Effector memeory CD8 T cell 5
Natural killer cell o Optimal Lambda = 0.008
04
75 -5.0 -25
B !
A group B3 CON E3 HF
ok
0075_ ° ekekk
: nkn mn
8 . [
Fkkk n b 8 mn
[ mn
hnk .
Hhkk mn H ns °
w W e gme o8 . oL
c 8 ° #‘b ° m
S 0.050 e 8 ., = 8 .
+‘ ° 8 °g o8 '?_? 88 ns ®
o o o | Haem NS g M 8 r—
Q. ik 90 o8 ! e M *xEk
o n ey © = e
s 8¢ 8 8 °
ns o EO
mn se © ° ° 8
0.0254 8 8
8 e e
®e INs ° 8
°® ®e °
o
. o
ol 8
° o
0.000 4 ——— oo
_ 333388 _ -
5 %5 8 5 o 0 - F F = g = o 3 = 3 S
- 8 8 ¢ 2 5 ¥+ © 2 = © = 3 2 = 8 3 8 3
= o T = ¥ ®© o o = s 3 E=E o o
S - - S 2 8 A4 Q Q = S & o © o = B8 © & % § %
B ES 288 00 =z T O = © o . H T £ - g @ g @
) T £ ® > 2 8 &£ ® 3% 8§38 om 8 5 80 T & ¢ &
8 8 § 3 5 2 2 5 § § © g s & o v 2 9% 2 ©
B OO 8 % 2 5§ 56 § § 2 8 L g g 5 @ 285 £ g 5§t £ 2
®T 9 T c © £ E ‘B =] = © o E = X 3 5 ® 68 - F =
S @ 2 8 = £ § o E qE, 3 ¢ 5§ ¢ ¢ 2 =2 £ 8 &8 5 2 g 3 3 ~
£ & 8§ 2 5§ g e € g guw€EE 3 S s 2 32 52 %33 5<%
222 8 £33 5 & = EE® = s 5 g ¢35 8 g 8
§ 852888858 &8 °E §F fcsggg
ST B8 55388 E g = " F
o © 0o §F 5 o

Fig. 5. SsGSEA analysis of HF and normal samples. (A) Heatmap demonstrating the difference in immune cell infiltration in HF and normal samples
(B) Infiltration scores of 28 immune cells in cardiac tissue from HF patients and normal. ns = not significant, *p < 0.05, **p < 0.01, ***p < 0.001 (C,

D) The best variable with a non-zero coefficient in the immune cell subpopulation was obtained by LASSO regression. ssGSEA , Single Sample Gene
Set Enrichment Analysis.



X. Wang et al. Heliyon 10 (2024) 27049

To more finely explore the potential roles of DEGs, we conducted a functional enrichment analysis on the DE-CRGs. GO analysis
indicated significant enrichments in rhythmic process, rhythmic behavior, circadian rhythm, and circadian regulation of gene
expression (Fig. 2G). Additionally, KEGG results revealed that upregulated genes were significantly enriched in pathways, including
the AGE-RAGE signaling pathway in diabetic complications, African trypanosomiasis, GnRH signaling pathway, and Circadian
rhythm, while downregulated genes were mainly enriched in the HIF-1 signaling pathway and Human T-cell leukemia virus 1 infection
signal pathways (Fig. 2H).

3.2. Development and selection of diagnostic markers

To screen for genes related to diagnosis from the 13 intersecting genes, three machine learning algorithms with feature selection
were employed. The importance of the 13 features was ranked using the RF algorithm, and the top ten contributing genes were selected
for subsequent analysis (Fig. 3A and B). According to the results of the SVM-REF algorithm, the classifier error was minimal when the
number of features was 13 (Fig. 3C). Boruta algorithm results showed that the maximum Z-score of shadow features clearly distin-
guished important and unimportant features. The Z-Score values of all variables in a single random forest run were higher than the
maximum Z-Score among shadow attributes (MZSA) in the random variable shadow features (Fig. 3D and E). Therefore, all 13 var-
iables were confirmed as important features. To determine the machine learning model for predicting HF, the dataset consisting of 313
samples was randomly grouped into training and test cohorts, and an XGBoost machine learning model was established to predict the
outcomes. Fig. 3G demonstrates that the XGBoost model exhibited perfect accuracy (AUC = 0.988). The impact of each feature variable
on the predictive model based on the XGBoost model was elucidated using SHAP values in the training set. Based on the SHAP
summary plot, the feature variable importance ranking indicated that SERPINA3 was the variable with the highest contribution to the
XGBoost model (Fig. 3F). Ultimately, the intersection of the results of the four machine learning algorithms yielded the final nine
diagnostic markers (Fig. 3H and Supplementary Table 2). The fold changes of the nine biomarkers are presented in Fig. 31.

3.3. Assessment and validation of diagnostic features of CRGs for HF

While complex machine learning models can model the features of the data at a finer level, in practice, simple linear regression
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models are interpretable, highly predictive, and easier to translate into actionable models for clinical practice. Thus, a logistic
regression model was constructed to explore the diagnostic value of characterized genes. The expression of nine markers was inde-
pendently associated with HF, as revealed by multivariate logistic regression analysis shown in the forest plot (Fig. 4A). The nomogram
assigns a score point to each feature variable value, and the total risk score for developing HF is obtained by adding up the scores of all
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feature variables (Fig. 4B). The accuracy of the nomogram in diagnosing HF was confirmed by the calibration curve (Fig. 4C). To better
illustrate the diagnostic ability of the feature genes for HF, we further verified their diagnostic capacity in two external datasets. The
results indicate that there were significant differences in the expression levels of NPPA, NAMPT, SLC2A1, MAKP10, and SERPINA3 in
both datasets (Fig. 4D and E). Subsequently, ROC analysis was performed in the training cohort and the two external cohorts, and AUC
values were calculated to assess the accuracy of each diagnostic gene. Our findings indicated that the five diagnostic genes had high
predictive values, particularly SERPINA3 (Fig. 4F-H).

3.4. Immune infiltration analysis between normal and HF samples

As shown in Fig. 5A and B, significant differences in the abundance of 20 immune infiltrating cells were observed between HF and
normal samples, including activated CD4 T cells, activated dendritic cells, CD56bright natural killer cells, CD56dim natural killer cells,
central memory CD4 T cells, central memory CD8 T cells, effector memory CD8 T cells, effector memory CD4 T cells, immature
dendritic cells, natural killer T cells, regulatory T cells, type 2 T helper cells, type 17 T helper cells, natural killer cells, macrophages,
MDSCs, monocytes, natural killer cells, neutrophils, and plasmacytoid dendritic cells (Fig. 5A and B). Furthermore, we employed the
LASSO algorithm to identify characteristic immune cells associated with HF progression. Ultimately, nine optimal variables with non-
zero coefficients were identified from the immune cell subgroups mentioned above: activated CD8 T cells, CD56bright natural killer
cells, CD56dim natural killer cells, central memory CD4 T cells, central memory CD8 T cells, effector memory CD4 T cells, effector
memory CD8 T cells, type 17 T helper cells, and type 2 T helper cells (Fig. 5C and D).

The correlation analysis between feature genes and immune cells revealed that SERPINA3 and SLC2A1 were strongly positively
correlated with central memory CD8 T cells and negatively correlated with type 2 T helper cells (Fig. 6A and E). NPPA was significantly
negatively correlated with type 17 T helper cells (Fig. 6C). MAPK10 was significantly positively correlated with type 2 T helper cells
(Fig. 6D). Interestingly, NAMPT exhibited significant correlations with all immune cells (Fig. 6B). Taken together, these results suggest
the presence of immune dysregulation in HF, influenced by changes in the expression of circadian rhythm genes.

3.5. Consensus clustering analysis of circadian rhythm gene sets

Using the R package "ConsensusClusterPlus," we conducted consensus clustering analysis on 177 HF samples based on 13 DE-CRGs.
The results of the clustering demonstrated that a perfect cluster number appeared to be k = 2, which accurately dispersed HF patients
into two clusters: Cluster A (n = 99) and Cluster B (n = 78) (Fig. 7A-D). Clear differences between Cluster A and Cluster B were
revealed through PCA analysis (Fig. 7E). Furthermore, several CRGs exhibited significant heterogeneity between the two clusters
(Fig. 7F), specifically MYC, NPPA, SERPINA3, and SERPINE1, which displayed higher expression in Cluster A than in Cluster B.

3.6. Identification of distinct circadian rhythm patterns of immune microenvironment and biological function features

The HALLMARK gene set was used to perform GSVA analysis, which revealed significant enrichment of TGF-p signaling, angio-
genesis, NFkB-mediated signaling, TNF-a signaling, coagulation function, epithelial-mesenchymal transition, and IL6-JAK-STAT3
signaling pathways in Cluster A. In contrast, Cluster B showed primary enrichment in metabolic-related pathways such as fatty
acid metabolism and oxidative phosphorylation (Fig. 7G). Moreover, we conducted further analysis of the biological function and
pathway enrichment differences between Cluster A and Cluster B. Regulation of insulin biosynthesis and protein acylation were
significantly enriched in Cluster B, while positive regulation of cardiac muscle contraction, negative regulation of platelet activation,
and phagosome maturation mediated by regulatory particles were significantly enriched in Cluster A (Supplementary Fig. 1A). Based
on KEGG, GSVA results indicated significant enrichment of TGF-p signaling, ECM receptor interactions, and regulation of actin
cytoskeleton-related pathways in Cluster A. Conversely, metabolic pathways such as lipid metabolism, valine and isoleucine degra-
dation, and butanoate metabolism were enriched in Cluster B (Supplementary Fig. 1B). Furthermore, we compared changes in
infiltrating immune cell abundance between the two clusters, observing increased T follicular helper cell infiltration in Cluster B, as
shown in Supplementary Figs. 2A and B. Overall, the study revealed that there are two distinct circadian rhythm patterns which
correlate with different immune features and pathways. This finding suggests a critical role of circadian rhythm in the regulation of
immune microenvironment and metabolic processes in HF.

3.7. Determination of HF gene subgroups based on DEGs related to circadian rhythm subtypes

To further investigate potential biological behaviors of different circadian rhythm-related phenotypes, we utilized the R package
"Limma" to identify 72 DEGs associated with circadian rhythm phenotypes (Supplementary Fig. 2C). A heatmap displayed expression
differences of the 72 DEGs between the two clusters (Fig. 8A). Subsequently, we conducted GO and KEGG analyses to determine
biological functions (Supplementary Fig. 2E and Supplementary Table 3). Moreover, significant enrichment for leukocyte chemotaxis,
regulation of blood pressure, aerobic electron transport chain, cellular response to lipopolysaccharide, and regulation of calcium ion
transmembrane transporter activity was revealed by GSEA enrichment analysis (Fig. 8B). Thus, CRGs may affect HF by modulating
cardiac material and energy metabolism, as well as mediating immune-related processes.

In addition, we performed cluster analysis based on the expression patterns of 72 DEGs in Clusters A and B using the NMF algo-
rithm. The optimal cluster number, k = 2, was determined based on cophenetic, dispersion, and silhouette metrics (Fig. 8C and D). The
HF samples were divided into two subgroups, Subgroup A (n = 88) and Subgroup B (n = 89), according to the distinct expression
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patterns of the 72 DEGs. PCA demonstrated significant expression differences between these subgroups (Fig. 8E). A dendrogram
showed a similar grouping tendency for the two clusters and gene subgroups (Fig. 8F). The expression of 13 CRGs among the two
subgroups is depicted in Fig. 8G and Supplementary Fig. 2D, with genes NPPA, NAMPT, and SERPINE1 exhibiting notable differences

between the subgroups.

3.8. Identification of immune microenvironment and biological function features in different subgroups

Firstly, we conducted an analysis of the differences in immune microenvironments between Subgroup A and Subgroup B. In
comparison to Subgroup A, Subgroup B exhibited higher levels of infiltration by monocyte immune cells as demonstrated by the
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results. Conversely, In Subgroup A, higher infiltration levels were observed in activated dendritic cells and type 17 T helper cells
(Fig. 8H). Next, we performed GSVA between the different subgroups. Enrichment analysis of the HALLMARK gene set showed that
Subgroup B was enriched in Notch signaling pathways, TNF-p signaling pathways, angiogenesis, and epithelial-mesenchymal tran-
sition. In contrast, cardiac metabolic processes such as fatty acid metabolism, oxidative phosphorylation, peroxidation products, and
lipid metabolism were significantly enriched in Subgroup A (Fig. 9A). Biological processes upregulated in Subgroup B included
Tnfsfl1-mediated signaling pathways, positive regulation of the epithelial-to-mesenchymal transition during endocardial formation,
and regulatory mechanisms for vascular-associated smooth muscle contraction (Fig. 9B). In Subgroup B, the expression levels of
cardiomyopathy, arrhythmogenic right ventricular cardiomyopathy, and regulation of the actin cytoskeleton were significantly
upregulated, whereas in Subgroup A, there was a significant enrichment of metabolic-related pathways such as fatty acid metabolism
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chosen as the appropriate soft threshold was more consistent with a scale-free topology. (B) Co-expression networks were constructed based on the
optimal soft threshold to divide the genes into 11 different modules. (C) Cluster tree and correlation heat map between modules. (D) Correlation and
significance between modules and features. the highest correlation was found between MEblack and features. (E) Scatter plot of module feature
genes in the black module. mm and gs were positively correlated. (F) Protein-protein interaction network (PPI) ranking of gene importance. (G, H)
GO and KEGG enrichment analysis of the top 50 significant genes in the PPI network. mm, module membership; GS, gene significance; GO, gene
ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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and butyrate metabolism (Fig. 9C). These findings suggest that patients with HF in Subgroup A have higher metabolic levels, whereas
those in Subgroup B have higher levels of immune infiltration.

3.9. Identification and functional enrichment analysis of hub genes between two subgroups

The clustering results of the 177 samples are shown in Supplementary Fig. 3. Two outlier samples (GSM379815 and GSM380018)
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Fig. 11. Association of hub genes with cardiovascular disease, evidence from the CTD database. (A-J) Relationship between expression levels of
AQP4, KALRN, LRCC7, DLG1, MAP2, NPPA, ERBB4, NRG1, NTN1, and GRIN2A and inferred scores of cardiovascular disease. CTD, Comparative
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were excluded, and 175 samples were included. At a soft threshold of p = 6, the scale-free R? value reached 0.9, resulting in a greater
average connectivity (Fig. 10A). Hierarchical clustering identified a total of eleven modules (Fig. 10B). Among them, the black and
green modules showed positive correlations (Fig. 10C). From the module-trait correlation heatmap, the black module was positively
correlated with Subgroup A (R? = 0.77) (Fig. 10D and E). Therefore, we constructed a PPI network by utilizing genes extracted from
the black module and screened for hub genes using the MCC algorithm in cytoHubba plugin (Fig. 10F). Additionally, we performed
biological function annotation for the top 50 ranked genes. The hub genes were found to be primarily associated with cardiac muscle
tissue development, heart contraction, calcium ion transmembrane transport, and regulation of heart contraction according to GO
analysis (Fig. 10G). KEGG analysis revealed significant enrichment of axon guidance, calcium signaling pathway, cAMP signaling
pathway, and circadian entrainment pathways (Fig. 10H). We confirmed through the CTD that most hub genes participate in the
occurrence and development of HF or other cardiovascular diseases (Fig. 11A-J).

4. Discussion

Circadian rhythms are a manifestation of the body’s biological clock, regulating many physiological processes, including meta-
bolism, immunity, and cell death [15,41,42]. Existing research suggests that there is a close relationship between circadian rhythms
and HF, but the exact mechanisms of molecular clocks in these phenomena are yet to be fully understood. Therefore, we conducted
bioinformatics approaches to investigate the role of CRGs in HF and reveal their association with immune and metabolic processes. In
this study, we employed various machine learning algorithms to screen five diagnostic biomarkers that demonstrated excellent
diagnostic ability for HF, yielding good predictive results in the validation set. Secondly, we performed unsupervised clustering of HF
samples based on CRGs expression profiles for the first time, identifying two subclusters with different expression patterns. GSVA
revealed that Cluster A was mainly associated with immune processes while Cluster B was mainly associated with metabolic processes.
Finally, based on the DEGs between the two clusters from the first clustering, we further identified two gene subgroups with unique
immune and metabolic features and revealed hub genes related to circadian rhythm changes through WGCNA.

In recent years, the impact of CRG rhythmic expression changes on cardiac phenotypes has been demonstrated in knockout mouse
models. Mice without BMAL1 exhibit disrupted circadian rhythms in blood pressure and heart rate, accompanied by cardiac elec-
trophysiological and metabolic abnormalities [14,43]. Moreover, REV-ERBa agonists and antagonists have been shown to provide
cardiac protection in mouse models, preventing heart failure [44,45]. Therefore, the exploration of novel biomarkers may bring
unexpected benefits for HF treatment. Machine learning can perfectly solve data feature dimensionality and redundancy issues,
enabling more accurate identification of diagnostically valuable genes [46]. Based on this, we combined four machine learning al-
gorithms (including RF, Boruta, SVM-REF, and XGBoost) to obtain nine diagnostic biomarkers. In addition, we further validated the
nine diagnostic biomarkers using multivariate logistic regression analysis and two external validation datasets, finding that only
NAMPT, SERPINA3, MAPK10, NPPA, and SLC2A1 could accurately predict HF.

Current evidence indicates that immune and inflammatory activation have a significant impact on the development of HF, and
immune responses are strictly controlled by circadian rhythm mechanisms [47,48]. Therefore, we conducted an analysis to investigate
the correlation between gene expression and immune cell infiltration. The correlation analysis revealed that SERPINA3 and SLC2A1
were strongly positively correlated with Central memory CD8 T cells and negatively correlated with Type 2 T helper cells. SERPINA3
mainly activates the immune process by regulating neutrophil cathepsin G and leukocyte elastase [49]. Proteomic results also high-
lighted the role of SERPINA3 in the epicardial adipose tissue of HF patients, where regulation of SERPINA3 metabolism promotes
epicardial adipose inflammation associated with HF [50]. Furthermore, SERPINA3 can improve prognostic stratification for patients
with newly diagnosed or worsening heart failure [51]. Consistent with previous research, dysregulated or imbalanced SERPINA3 gene
expression is associated with the progression of HF patients. SLC2A1 is an insulin-independent glucose transporter that predominantly
facilitates basal cardiac glucose uptake in quiescent muscle cells [52]. Reduced SLC2A1 expression in the human heart indicates that
reduced SLC2A1-mediated glucose uptake and utilization could contribute to the development of HF [53]. Notably, glucose avail-
ability is a key factor in regulating innate and adaptive immune responses as well as cancer. It has been shown that SLC2A1 is the
rate-limiting glucose transporter on pro-inflammatory polarized macrophages. SLC2A1 overexpression results in increased glucose
uptake and metabolism, exacerbating the inflammatory response [54]. A significant negative correlation was observed between NPPA
and Type 17 T helper cells. Atrial natriuretic peptide (ANP), which is encoded by NPPA, is a member of the natriuretic peptide family
and has been utilized as a diagnostic biomarker for HF [55], further confirming the accuracy of this study. MAPK10 was significantly
positively correlated with Type 2 T helper cells. The gene is primarily expressed in the heart, brain, and testes and is a member of the
JNK family [56]. MAPK10 knockdown alleviates diabetes-induced atrial fibrillation by inhibiting inflammation, fibrosis, electrical
dysfunction, and apoptosis [57]. Specific knockdown in mice can lead to myocardial dysfunction, including diastolic dysfunction and
cell apoptosis [58,59]. Furthermore, inhibiting MAPK10 phosphorylation can effectively alleviate synaptic dysfunction, inflammatory
responses, and various neurodegenerative pathologies associated with Alzheimer’s disease [60]. However, few reports exist on its role
in HF patients. Based on the above analysis, MAPK10 may regulate the occurrence of heart failure by modulating inflammatory re-
sponses, myocardial cell apoptosis, and electrical signal conduction. Interestingly, NAMPT is significantly correlated with all immune
cells. Various types of immune cells regulate NAMPT through diverse inflammatory signals. Inflammatory cytokines released by in-
flammatory cells in response to chronic inflammation can suppress the expression of NAMPT [61]. TNF-« inhibits the activation of
clock genes induced by the CLOCK-BMAL1 complex, thereby disrupting the function of clock genes [62]. In addition, knocking down or
overexpressing NAMPT both result in reduced protein acetylation, suppressed metabolic genes, and mitochondrial dysfunction [63].
Moreover, the expression of NAMPT is controlled by the transcription factor Kruppel-like factor 15 (KLF15) [64]. Research suggests
that KLF15 regulates catabolic metabolism and oxidative stress responses in the heart through transcriptional activation of
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NAD-producing enzyme NAMPT [65]. In our study, we also observed an increase in NAMPT expression levels in metabolic subtype A.
This may indicate a disruption of NAD homeostasis in HF patients. Consequently, NAMPT emerges as a crucial hub gene enabling
regulation of cardiac metabolism and active oxygen scavenging. Integrating this information, we believe that disrupted normal CRGs
expression may disrupt the cardiac energy balance and immune function imbalance, thereby exacerbating HF development.

To further explore the distinctions in immune features between normal and HF samples, as well as the relationship between gene
features connected to circadian rhythm and immune cells, we performed quantification analysis of 28 immune cell infiltration scores
utilizing the single-sample gene set enrichment analysis (ssGSEA) algorithm. Our findings indicate that the quantity of a majority of
immune cells varies in HF and healthy control samples, comprising neutrophils, macrophages, and most lymphocytes. Research in-
dicates that circadian rhythm fluctuations can convey information to the immune system, mediating both innate and adaptive immune
responses [66,67]. The fluctuations of the circadian rhythm in neutrophils may aid their migration to various tissues during their active
phase, whilst safeguarding blood vessels against the effect of these extremely active cells during their resting phase [68]. Macrophages
release the inflammatory cytokines IL-16, IL-6 and TNF-a, dependent on the molecular clock phase. Most genes expressed in a circadian
rhythm in macrophages play a role in immune response at varying levels, including Toll-like receptor (TLR) expression [69]. In our
investigation, we discovered that there were varying degrees of macrophage infiltration between two groups, and that the Toll-like
receptor signaling pathway was significantly enriched. As a result, we hypothesize that circadian rhythms impact the regulation of
macrophage expression in the context of HF. Research has also shown that CD8 T cells lacking Bmall produce reduced levels of IL-2,
IFN-y and TNF-a when co-cultured with wild-type cells [70]. Additionally, circadian rhythm genes regulate the periodic migration of T
cells to lymph nodes and the timing of lymph node transitions [71]. Chronic disruption of circadian rhythms during HF could
significantly disrupt various immune responses, perhaps by regulating immune cell cytokine release rhythmically. Although our study
offers fresh insight into the link between circadian rhythms and immunity in HF, further research is necessary to determine the specific
mechanisms.

To better understand the heterogeneity among HF patients, we carried out unsupervised clustering analysis based on CRGs. Cluster
A was significantly enriched in TGF-f signaling pathway, angiogenesis, NFkB-mediated signal transduction, TNF-a signaling pathway,
blood coagulation function, epithelial and stromal cell transition, and IL6-JAK-STAT3 signaling pathway. Cluster B mainly focused on
metabolism-related pathways, such as fatty acid metabolism and oxidative phosphorylation. Additionally, NMF clustering based on
differentially expressed genes also effectively classified HF patients into two subgroups. The Notch signaling pathway, TNF-f signaling
pathway, angiogenesis, and epithelial and stromal cell transition were significantly enriched in Subgroup B, while cardiac metabolic
processes such as fatty acid metabolism, lipid metabolism, reactive oxygen species, and oxidative phosphorylation were enriched in
Subgroup A. Prior research has established that numerous genes related to metabolism, particularly those involved in fatty acid
metabolism, display circadian oscillations [13]. Research has also shown that intramyocardial lipid content is higher in the early
morning [72]. The immune system also participates in the process of heart failure. Hemodynamic changes in HF patients trigger
cardiac immune responses [73]. Immune cell differentiation and cytokine release also exhibit time dependence [74]. Existing research
confirms that targeting circadian rhythm mechanisms inhibits the formation of cardiac NLRP3 inflammasomes and subsequent cascade
reactions [75]. Therefore, CRG-based subtyping can better help us understand the influence of different biological processes on heart
failure, thereby adopting appropriate intervention measures to slow down heart failure development.

However, we must acknowledge the limitations of our study. Firstly, our results have not been validated in vivo or in vitro due to
the absence of experimental conditions for follow-up trials. Second, the dataset was obtained from a public database, and we did not
obtain clinical information related to patients and therefore could not perform a prognostic analysis. Lastly, transcriptomic features
may vary at different stages of heart failure, and individual differences must be considered when including samples.

5. Conclusion

The machine learning based diagnostic model has higher accuracy and can perfectly discriminate HF patients from normal patients.
In addition, we investigated the relationship between CRGs and immune infiltration, as well as the differences in biological function
and immune cell infiltration between different clusters and subgroups. The subclusters of HF patients showed different immune and
metabolic patterns among themselves. In summary, our study provides comprehensive analysis for the first time on the role of CRGs in
HF, which offers valuable references for targeted inhibition of immune response and energy metabolism through regulating circadian
rhythm mechanisms in the treatment of HF.
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Summary

This study has shed light on the connection between circadian rhythms and heart failure (HF) pathogenesis. The study used ma-
chine learning algorithms to identify differentially expressed circadian rhythm-related genes (DE-CRGs) in HF patients, and diagnostic
models were constructed based on these feature genes. Nine feature genes were obtained through cross-referencing results from four
distinct machine learning algorithms, and multivariate LASSO regression and external dataset validation were performed to select five
key genes with diagnostic value, including NAMPT, SERPINA3, MAPK10, NPPA, and SLC2A1. Consensus clustering analysis could
divide HF patients into two distinct clusters, which exhibited different biological functions and immune characteristics. Additionally,
two subgroups were distinguished using the non-negative matrix factorization (NMF) algorithm based on circadian rhythm associated
differentially expressed genes. Studies on immune infiltration showed marked variances in levels of immune infiltration between these
subgroups. Finally, the Weighted Gene Co-expression Network Analysis (WGCNA) method was utilized to discern the modules that had
the closest association with the two observed subgroups, and hub genes were pinpointed via protein-protein interaction (PPI) net-
works. GRIN2A, DLG1, ERBB4, LRRC7, and NRG1 were circadian rhythm-related hub genes closely associated with HF.

The study provides valuable references for further elucidating the pathogenesis of HF, offering beneficial insights for targeting
circadian rhythm mechanisms to regulate immune responses and energy metabolism in HF treatment. Five genes identified by the
study as diagnostic features could be potential targets for therapy for HF. However, further research is needed to fully understand the
relationship between circadian rhythms and heart failure.
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