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Background: A complex interrelationship exists between Heart Failure (HF) and chronic kidney disease (CKD). This study aims to
clarify the molecular mechanisms of the organ-to-organ interplay between heart failure and CKD, as well as to identify extremely
sensitive and specific biomarkers.

Methods: Differentially expressed tandem genes were identified from HF and CKD microarray datasets and enrichment analyses of
tandem perturbation genes were performed to determine their biological functions. Machine learning algorithms are utilized to identify
diagnostic biomarkers and evaluate the model by ROC curves. RT-PCR was employed to validate the accuracy of diagnostic
biomarkers. Molecular subtypes were identified based on tandem gene expression profiling, and immune cell infiltration of different
subtypes was examined. Finally, the ssGSEA score was used to build the ImmuneScore model and to assess the differentiation between
subtypes using ROC curves.

Results: Thirty-three crosstalk genes were associated with inflammatory, immune and metabolism-related signaling pathways. The
machine-learning algorithm identified 5 hub genes (PHLDA1, ATP1A1, IFIT2, HLTF, and MPP3) as the optimal shared diagnostic
biomarkers. The expression levels of tandem genes were negatively correlated with left ventricular ejection fraction and glomerular
filtration rate. The CIBERSORT results indicated the presence of severe immune dysregulation in patients with HF and CKD, which
was further validated at the single-cell level. Consensus clustering classified HF and CKD patients into immune and metabolic
subtypes. Twelve immune genes associated with immune subtypes were screened based on WGCNA analysis, and an ImmuneScore
model was constructed for high and low risk. The model accurately predicted different molecular subtypes of HF or CKD.
Conclusion: Five crosstalk genes may serve as potential biomarkers for diagnosing HF and CKD and are involved in disease
progression. Metabolite disorders causing activation of a large number of immune cells explain the common pathogenesis of HF and
CKD.
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Introduction

Heart failure (HF) constitutes a major cause of morbidity and mortality in patients with chronic kidney disease (CKD),
with over 50% of CKD patients succumbing to HF."? Furthermore, chronic kidney dysfunction stands as a potent
independent risk factor for the progression of cardiovascular diseases.>* Clinical research findings indicate that
approximately 40% to 50% of HF patients also exhibit concomitant CKD.> The heart and the kidneys are two vital
organs in the human body, and the pathological and physiological mechanisms between them are intricate and bidirec-
tional. The interdependence of these two organs can lead to a vicious cycle, wherein the deterioration of either organ may
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result in acute or chronic dysfunction of the other.® The pathogenesis of the cardiac-kidney organ crosstalk is intricately
complex, and remains insufficiently elucidated to date. This is characterized by a high incidence and mortality rate.
Despite the existence of certain diagnostic and therapeutic approaches, clinicians continue to confront substantial
challenges. Hence, investigating the pathophysiological interplay between hyperlipidemia and chronic kidney disease,
and identifying novel targets for shared diagnosis and intervention, remains a paramount research direction.

An increasing body of research suggests that hemodynamic factors,”* endothelial dysfunction,” oxidative stress,'
chronic inflammatory response'' and immune imbalance'? are associated with the onset and progression of both HF and
CKD. Chronic heart failure is characterized by a reduction in cardiac output and effective circulating volume, leading to
a decrease in renal perfusion pressure. This, in turn, triggers the activation of the renin-angiotensin-aldosterone system
(RAAS) and pressure receptors, ultimately resulting in renal tissue ischemia, hypoxia, renal cell apoptosis, and necrosis,
leading to renal dysfunction.'®> Immune dysregulation and inflammatory responses may be associated with its pathogen-
esis. Toll-like receptor (TLR) signaling plays a rapid response role in tissue damage and is linked to the induction of
immune responses and upregulation of inflammatory cytokine expression in both cardiac and renal diseases.'* '
Furthermore, inflammation has been proposed as a potential stressor in chronic cardiac and renal injury. Reduced
renal blood flow due to heart failure stimulates the overactivation of RAAS, promoting inflammatory factors, and
potentially leading to adverse outcomes.'’ Currently, there is a growing awareness of patients with HF combined with
CKD. The interplay of immunity and inflammation in the context of HF and CKD may provide novel insights into their
pathophysiological processes.

Therefore, in this study, we utilized differential expression crosstalk genes identified from HF and CKD microarray
datasets. We employed machine learning algorithms to select shared diagnostic biomarkers for both diseases and assessed
the accuracy of the diagnostic model through ROC curve analysis. Furthermore, we delved into the biological functions
of these biomarkers, their relationship with immune cell infiltration, and analyzed their clinical correlations with heart
and kidney functions. We also identified potential molecular subtypes among HF and CKD patients based on crosstalk
gene expression profiles and explored differential expression patterns between these subtypes. Finally, we constructed an
ImmuneScore model based on single-sample Gene Set Enrichment Analysis (ssGSEA) scores and evaluated the model’s
ability to distinguish different subtypes using ROC curves.

Materials and Methods

Download and Preprocessing of Raw Data

The original microarray data for both HF and CKD used in this study were downloaded from the Gene Expression
Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/).'® The GSE57338 microarray data were obtained from the
GPL11532 sequencing platform, encompassing 136 healthy controls and 177 patients with HF.'"” The GSE66494
microarray data were sourced from the GPL6480 sequencing platform, comprising renal biopsy specimens from 53
patients with CKD and 8 healthy controls.”® Additionally, we downloaded the datasets GSE26887, based on the
GPL5244 sequencing platform, and GSE200818, based on the GPL19983 sequencing platform, as external validation
sets to further assess the accuracy of the diagnostic model.*" All datasets were acquired from GEO as original CEL files.

Subsequently, the background correction and normalization processes were carried out using the “affy” R package with
the Robust Multiarray Average (RMA) algorithm. Afterward, the expression values of multiple probes targeting the same
gene were averaged to obtain the expression matrix necessary for subsequent analysis in this study.?* To further explore
the heterogeneity in the expression of key crosstalk genes at the single-cell level, we downloaded scRNA-seq data
GSE222144, which includes one normal sample and one HF sample. Subsequently, we performed quality control on the
scRNA-seq data using the “Seurat” package. We excluded low-quality cells (those with fewer than 300 expressed genes
or with mitochondrial gene expression exceeding 25%). Next, we used the “harmony” package to integrate the data from
different processing batches and remove batch effects. Principal Component Analysis (PCA) was employed for
dimensionality reduction to explore heterogeneity. Marker genes specific to particular clusters were identified using
the FindAlIMarkers function. Cell subtypes were annotated as known cell types using marker genes from CellMarker 2.0
and literature sources.

1874 "= Journal of Inflammation Research 2024:17

Dove!


https://www.ncbi.nlm.nih.gov/geo/
https://www.dovepress.com
https://www.dovepress.com

Dove Wang et al

Identification of Co-Expressed Genes and Functional Enrichment Analysis

The “limma” R package was utilized to filter differentially expressed genes (DEGs) in the GSE57338 and GSE66494
datasets. The criteria for DEG selection in both datasets were set as |log FC| > 0.5 and an adjusted p-value less than 0.05
(adj. p-value < 0.05). The cross-talk genes of the two diseases were obtained by the intersection of up-regulated and
down-regulated DEGs in HF and CKD cohorts by Venn diagram, and the results were displayed by cluster heat maps and
volcano maps. Subsequently, crosstalk genes were extracted for enrichment analysis to determine their gene functions.
GO enrichment analysis was performed using the “clusterProfiler” R package.>* The significance threshold for defining
differentially enriched GO terms was set at p < 0.05. GSVA was performed using the “GSVA” R package to calculate
gene set variations for the hallmark gene set (h.all.v2023.1.Hs.symbols.gmt) under different treatment conditions.** We
used p < 0.05 as the threshold for pathway significance differences. Additionally, GSEA was conducted using the
“clusterProfiler” R package to identify biological attributes and gene functions.?® The statistical significance level was set
at p < 0.05.

Identification and Validation of Shared Diagnostic Genes

Based on the crosstalk genes in the HF and CKD cohorts, the Boruta algorithm was used to create all features (shadow
features) for the mixed data, adding randomness to the crosstalk genes in the two expression profiles.”® The algorithm
underwent over 400 iterations to obtain a stable random forest model. Subsequently, the importance of feature variables
was ranked to facilitate efficient feature selection. We intersected the top ten features in both cohorts, and overlapping
genes were considered the optimal shared diagnostic genes. Furthermore, we explored the intrinsic correlations of shared
diagnostic genes through Spearman correlation analysis. Next, we then validated the expression levels of the shared
diagnostic genes in internal and external datasets, respectively, and visualized them via box plots. The accuracy of
diagnostic models in predicting the prevalence of HF and CKD was assessed in two independent external datasets by the
area under the ROC curve. Additionally, based on the GSE222144 dataset of HF patients at the single-cell level, we
explored the expression levels of shared diagnostic genes across different cell lineages.

Immune Infiltration Analysis in Heart Failure and Chronic Kidney Disease Cohorts
To explore the extent of immune cell infiltration in HF and CKD cohorts, the percentage of immune cells in each cell
subpopulation was obtained after deconvolution of gene expression profiles of 22 immune cell subtypes based on the
CIBERSORT algorithm. Visualize the proportion of 22 immune cells in each sample by stacked histograms. Differences
in immune cell infiltration between the disease and healthy control groups were illustrated through box plots. In addition,
the correlation between immune cells and shared diagnostic genes was further explored and the results were visualized by
heatmapping with the “pheatmap” package.

Construction and Validation of Clinical Diagnostic Models

Based on the expression patterns of shared diagnostic genes, nomogram was constructed using the “rms” package. The
decision-making ability of these nomogram for disease diagnosis was assessed by calculating the area under the ROC
curve. Calibration curves were employed to evaluate the model’s ability to predict the probability and accuracy of clinical
outcomes related to HF and CKD. Finally, decision curve analysis (DCA) was used to assess the clinical utility of the
model.

Correlation of Left Ventricular Ejection Fraction and Glomerular Filtration Rate with

Characterization Genes

The GSE42664 dataset includes clinical data on left ventricular ejection fraction for 15 HF patients, which was used for
subsequent analysis of the correlation between feature genes and heart function. The NephroseqV5 webpage online tool
was utilized to determine the correlation between characterized genes and kidney function. We downloaded the
expression profiles of the two disease signature genes and the cardiac or renal function information, performed
correlation analyses using Spearman, and plotted scatter plots using “ggplot2”.
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|dentification of Correlated Subtypes Based on Crosstalk Gene Expression Patterns
Consensus clustering was performed using the “ConsensuClusterPlus” R package. Consensus clustering based on
euclidean distance was performed on HF and CKD patient samples using the K-means algorithm to identify relevant
molecular subtypes. The clustering process was iterated 500 times, with each iteration including 80% of the samples. The
number of clusters was set to range from 2 to 10, and the optimal number of clusters was determined by the cumulative
distribution function (CDF) of the consensus score. Based on the results of consensus clustering analysis, we assessed the
levels of immune cell infiltration in different clustering subgroups by the ssGSEA algorithm. Finally, GSVA was
performed using the “GSVA” R package to calculate the gene set enrichment scores of the signature gene set (h.all.
v2023.1.Hs.symbols.gmt) in different clusters and to compare the gene set enrichment scores of the two clusters by the
“Limma” R package to compare the differences in biological functions in the two clusters.

Construction of Weighted Gene Co-Expression Networks in Immune Subtypes

Based on the results of GSVA enrichment analysis, we found that subgroup B of the HF cohort was mainly involved in
immune-related pathways while subgroup A of the CKD subgroup was associated with immunity. Therefore, we used
WGCNA to screen modules that were correlated with the immune phenotype.”” We applied the Median Absolute
Deviation (MAD) method to select the top 5000 genes with significant variation among samples for further analysis.
First, we assessed the data quality for both samples and genes to exclude low-quality data. Second, the samples were
systematically clustered using the “hclust” function, and the samples with obvious outliers are eliminated. According to
the standards of scale-free networks, use the “pickSoftThreshold” function in the WGCNA software package to select an
appropriate soft threshold B within the range of 1 to 20. When R2=0.9, it indicates a relatively smooth connectivity, and
at this point, it represents the optimal soft threshold. Subsequently, construct a weighted gene co-expression network to
identify gene modules. The minimum number of genes in a module is set to 30, and the combined cut height is 0.25.
Finally, select the shared immune-related genes by intersecting the modules with the highest relevance to the immune
phenotype from both datasets with immune-related genes.

Construction of the ImmuneScore Model

Based on the results from WGCNA, 12 shared immune-related genes from both datasets were included in constructing
the ImmuneScore model. Using the immune gene set as the background genes, quantitatively analyze the enrichment
scores of shared immune genes in each sample in the HF and CKD cohorts using the ssGSEA algorithm. Constructing
ImmuneScore models based on ssGSEA scores. Patients from both cohorts are divided into low-risk and high-risk groups
based on the median of ssGSEA scores, and the heterogeneity of the high-risk and low-risk groups is validated through
PCA. Furthermore, we assessed the discriminatory capability of the ImmuneScore model for immune subtypes and
evaluated the predictive ability of the ImmuneScore model through ROC curve.

Collection of Human Tissues and Real-Time PCR

Tissues from patients with HF and CKD were obtained from the Laboratory Specimen Bank and Department of Pathology,
Division of Cardiovascular Surgery and Nephrology, Changzheng Hospital, Shanghai, China. Informed consent for the use of
specimens was obtained from family members or the patients themselves. The study procedure was also approved by the
Ethics Committee of Shanghai Changzheng Hospital, China. Total RNA was extracted using the Trizol method, and cDNA
was synthesized through reverse transcription. The SYBR Green reagent was prepared according to the instructions, and real-
time PCR reactions were conducted using the ABI Q7 fluorescent quantitative PCR instrument. Student’s #-test was used to
statistically analyze and compare the groups. Data were expressed as mean values. p<0.05 was considered significant.

Results

|dentification of Crosstalk Genes in HF and CKD Cohorts
The overall layout of this study is illustrated in Figure 1. In the HF cohort, a total of 428 DEGs were identified in the
GSES57338 dataset, including 234 upregulated genes and 194 downregulated genes (Figure 2A). In the CKD cohort, the
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Figure | Flowchart of this research.

GSE66494 dataset revealed 3849 DEGs, comprising 2023 upregulated genes and 1826 downregulated genes (Figure 2B).
The crosstalk genes were obtained by intersecting genes with consistent expression trends in the HF and CKD samples,
which included 13 upregulated genes and 20 downregulated genes (Figure 2C and D). The expression trends of these 33
crosstalk genes are shown in Figure 2E and F.

Enrichment Analysis of Crosstalk Genes

Enrichment analysis was performed using GO and HALLMARK gene sets. GO analysis revealed that crosstalk genes are
primarily involved in biological processes related to the positive regulation of the immune system, apoptosis, fatty acid
derivative biosynthetic process, response to steroid hormone, cell-cell adhesion via plasma-membrane adhesion mole-
cules, positive regulation of interleukin-8 production, and inflammatory response, among other biological processes
(Figure 3A and Supplementary Table 1). Enrichment analysis based on the HALLMARK gene set indicates significant

enrichment in pathways including TNF-alpha Signaling via NF-kB, Interferon Gamma Response, Xenobiotic
Metabolism, Apoptosis, IL-2/STATS Signaling, and Inflammatory Response (Figure 3B and Supplementary Table 2).
In addition, GSVA results showed that IL6-JAK-STAT3-SIGNALING, INFLAMMATORY-RESPONSE, MTORCI-
SIGNALING, and MYC-TARGETS-V2 were significantly enriched in the healthy control group, whereas metabolism-
related pathways, such as oxidative phosphorylation, were mainly enriched in the HF group (Figure 3C). In the CKD
cohort, GSVA results showed significant enrichment of pathways such as TNFA-SIGNALING-VIA-NFKB, IL6-JAK-
STAT3-SIGNALING, G2M-CHECKPOINT, and PI3K-AKT-MTOR-SIGNALING in the CKD group. However, the
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Heatmaps depicting the expression patterns of crosstalk genes in the heart failure and chronic kidney disease datasets.

activity of metabolism-related processes like XENOBIOTIC-METABOLISM was lower in the CKD group compared to
the healthy control group (Figure 3D). GSVA results suggest potential differences in immune response patterns and
metabolic processes between the two diseases. Additionally, GSEA enrichment analysis was used to explore essential
biological processes associated with crosstalk genes. In the HF cohort, positive regulation of defense responses, positive

regulation of immune system processes, positive regulation of inflammatory responses, and regulation of cell adhesion
were negatively associated with crosstalk genes (Figure 3E), and in the CKD cohort, negative regulation of immune

responses and immune system processes were negatively associated with crosstalk genes, whereas renal system

processes, response to toxic substances, and small molecule metabolism processes were positively associated with
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crosstalk genes (Figure 3F). Based on above enrichment analysis results, it was observed that crosstalk genes are
primarily involved in immune responses and metabolic processes in HF and CKD.

|dentify the Optimal Shared Diagnostic Genes

In the HF cohort, 33 crosstalk genes obtained rankings of gene importance after 400 iterations (Figure 4A). The Z-scores
of each gene were compared with the maximum Z-score among shadow attributes (MZSA), and it was evident that the
Z-scores of all genes were significantly higher than the MZSA of shadow attributes (Figure 4B). In the CKD cohort, 33
crosstalk genes were ranked by 500 iterations to obtain the importance of the genes (Figure 4C). The Z-Score of each
gene was compared with the MZSA, which was significantly higher than the MZSA of shadow attributes, except for
ANKRD2 and SLC22A1, which were considered to be to-be-confirmed variables (Figure 4D). Five overlapping crosstalk
genes (PHLDAIL, ATP1Al, IFIT2, HLTF, and MPP3) were screened by intersecting the top ten genes in the Z-Score
scores of the two cohorts (Figure 4E). The intrinsic correlations among these five genes are shown in Figure 4F and G. In
the GSE57338 dataset, ATP1A1 is significantly positively correlated with MPP3, while it is significantly negatively
correlated with HLTF. In the GSE66494 dataset, PHLDAL is positively correlated with HLTF and negatively correlated
with ATP1A1. We utilized ROC curves to assess the diagnostic capability of the overlapping perturbed genes. In both the
HF dataset (GSE57338) and the CKD dataset (GSE66494), the five genes demonstrated strong diagnostic performance,
with all genes having areas under the curve (AUC) exceeding 0.8 (Figure 4H and I). Further confirmation of the
diagnostic accuracy of the five potential genes was verified by pertinent external datasets, GSE26887 and GSE200818
(Figure 4J and K). Figures 4L-O illustrate the differential gene expression patterns of the five candidate biomarkers in the
HF (GSE57338 and GSE26887) and CKD (GSE66494 and GSE200818) datasets. Compared to the control group, there
were significant upregulations of PHLDAI1, IFIT2 and HLTF, while ATP1A1 and MPP3 were downregulated. This
analysis supports the diagnostic potential and clinical relevance of these five biomarkers in disease diagnosis and
treatment.

Expression of Shared Genes in Single-Cell Datasets

After processing the single-cell data for HF and healthy individuals, a total of 18,104 cells were obtained (Supplementary
Figure 1A-C). After eliminating the batch effect of the samples, a resolution of 0.3 was selected as the most suitable for
segmenting the single-cell subpopulations, resulting in the acquisition of a total of 14 single-cell subpopulations
(Figure 5A and Supplementary Figure 1D and E). Depending on the marker genes of the different cells, the cell

populations were classified into nine distinct cell lineages, including fibroblasts, endothelial cells, B cells, neutrophils,
NK cells, macrophages, smooth muscle cells, neuronal cells, and cardiomyocytes (Figure 5B). The expression of marker
genes in each cell subgroup is depicted in Figure 5C. Additionally, we investigated the expression levels of the five
common diagnostic genes across various cellular subpopulations. Fibroblasts, smooth muscle cells, NK cells and
macrophages exhibited predominant expression of PHLDA1 (Figure 5D). ATP1A1 was detected in all types of cell
subpopulations (Figure 5E), whereas IFIT2 expression was primarily observed in endothelial cells and macrophages
(Figure 5F). HLTF expression was not markedly detected in the majority of cells (Figure 5G). MPP3 expression, on the
other hand, was prominently observed in endothelial cells and smooth muscle cells (Figure 5H).

Comparison of the Immune Microenvironment in HF and CKD Cohorts

To investigate the immune profile in samples with HF and CKD, the CIBERSORT-based algorithm was employed to
forecast differences in immune infiltration between HF and healthy controls, as well as between CKD and healthy
controls. The findings demonstrate higher percentages of Plasma cells, T cells CD8, and resting Mast cells in HF patients
than in normal controls. In contrast, the percentages of T cells CD4 memory resting, T cells regulatory (Tregs),
Monocytes, and Macrophages M2 were lower than those in normal controls (see Figure 6A). The percentage of activated
NK cells and Macrophages M2 is lower in CKD patients than in healthy patients, while that of Monocytes is higher
(Figure 6B). Thus, there are similarities and differences in the activity of immune cells among patients with HF and
CKD. Furthermore, the use of box plots illustrated dissimilarities in immune cell infiltration amongst 22 patients with HF.
Specifically, individuals with HF displayed an immune-activated state in plasma cells, T cells CD8 and Mast cells resting.
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Figure 4 Identification and Validation of Shared Diagnostic Genes. (A and B) Changes in Z-scores during the Boruta algorithm run. Green lines correspond to confirmed
features, yellow represents pending features, and blue indicates the importance of shadow features in minimum, average, and maximum. (C and D) Variable importance
ranking results from the Boruta algorithm for feature selection. (E) Venn diagram displaying the best variables with diagnostic value. (F and G) Correlations of five shared
crosstalk genes in the GSE57338 and GSE66434 datasets. (H-K) ROC curves assessing the diagnostic value of shared genes in the GSE57338, GSE66494, GSE200818, and
GSE26887 datasets. (L-O) Expression levels of five shared diagnostic genes in the GSE57338, GSE66494, GSE200818, and GSE26887 datasets. ns, p>0.05; *p<0.05; **p<0.01;

#kp.<0,001
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Figure 5 Identification of Cell Subtypes in Single-Cell Dataset. (A) Shared Nearest Neighbor (SNN) modularized optimized clustering algorithm divides cells into 4
subgroups, with the UMAP plot illustrating the clustering of different cell types. (B) The 14 subgroups are annotated as 9 cell types. (C) Expression levels of marker genes in
different subgroups. (D-H) Expression levels of shared diagnostic genes in different cell subtypes.

Conversely, T cells CD4 memory resting, T cells regulatory (Tregs), Monocytes and Macrophages M2 exhibited an
immunosuppressed state (Figure 6C). NK cells activated and Macrophages M2 exhibited an immunosuppressed state
while Monocytes were in an activated state in CKD patients (Figure 6D). These analyses indicate that immune cells and
responses have a significant impact on the development of HF or CKD, with particular importance placed on monocytes
and macrophages. The study investigated the correlation between shared diagnostic genes and the infiltration of 22
immune cells. The results indicated a significant association between the expression of five biomarkers with Mast cells
resting and monocytes, primarily in HF patients (Figure 6E). Additionally, in the CKD group, the expression of five
biomarkers showed significant association with the activity of most immune cells (Figure 6F). In conclusion, our study
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Figure 6 Immune Cell Infiltration Landscape in Heart Failure and Chronic Kidney Disease. (A and B) Immune cell abundance in each sample from the GSE57338 and
GSE66494 datasets. (C and D) Differences in immune cell infiltration between disease and healthy groups in the GSE57338 and GSE66494 datasets based on CIBERSORT.
(E and F) Correlation of hub Crosstalk Genes with 22 types of immune cells. *p<0.05; **p<0.01; ***p<0.001; ****p<0.0001.
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indicates a strong association between monocytes, NK cells, and macrophages with HF and CKD. The expression of
PHLDAI1, ATP1AL1, IFIT2, HLTF, and MPP3 may either inhibit or promote immune cell infiltration.

Construction and Validation of Clinical Diagnostic Models and Correlation of Cardiac

and Renal Function with Characterized Genes

To explore the value of shared diagnostic genes in clinical applications, we established diagnostic models utilizing the
“rms” R package, which rely on the expression levels of five biomarkers drawn from the GSE57338 and GSE66464
datasets (Figure 7A and B). The model’s diagnostic effectiveness was evaluated using the ROC curve, calibration curve
and DCA curve. The ROC curves revealed that both models had AUC values exceeding 0.95, highlighting the high
diagnostic efficiency of the model (Figure 7C and D). The calibration curves demonstrated immaterial disparities
between predicted and actual risks, showcasing the model’s usefulness in predicting the occurrence of diseases
(Figure 7E and F). DCA analysis demonstrates that the advantageous curve of the predictive model exceeds that of
the reference strategy, yielding clinical usefulness at the treatment decision threshold. Moreover, patients stand to gain
from the model’s implementation (Figure 7G and H). The diagnostic model developed using shared genes demonstrates
potent diagnosis and aids precise clinical decisions with regards to disease prognostication. Additionally, the correlation
analysis between the quintet of genes and the left ventricular ejection fraction and glomerular filtration rate was further
scrutinized for diagnostic purposes. Spearman correlation analysis demonstrated a negative correlation between the
expression levels of PHLDA1, ATP1Al, and HLTF with left ventricular ejection fraction. However, there was no
statistically significant correlation found between the expression levels of IFIT2 and MPP3 with left ventricular ejection
fraction (Figure 7I). Moreover, all five genes - PHLDA1, ATP1A1, IFIT2, HLTF, and MPP3, were found to have
a negative correlation with glomerular filtration rate (Figure 7J). Of these genes, ATP1A1 demonstrated the strongest
correlation with left ventricular ejection fraction (R = —0.89, P = 3.2e-5), whilst PHLDA1 exhibited the strongest
correlation with glomerular filtration rate (R = —0.93, P = 0.0022). These findings indicate that the expression levels of
PHLDAI, ATP1A1, and HLTF could accurately determine the extent of heart failure. Additionally, the expression of all
five genes may be indicative of the severity of renal injury and could potentially contribute to the progression of the
condition. The clinical importance and accuracy of common biomarkers in predicting and diagnosing various diseases
have been further validated.

|dentification of Molecular Subtypes in HF and CKD Cohorts

According to the cumulative distribution function curve and the Delta curve, the ideal number of clusters for the HF and
CKD samples is K=2. The patients with HF were divided into two subgroups based on the expression pattern of crosstalk
genes, with cluster A containing 65 patients and cluster B containing 112 patients (Figure 8A). Similarly, CKD patients
were categorized into two subgroups according to the expression pattern of crosstalk genes. Cluster A comprised 25
patients, while Cluster B included 28 patients (Figure 8B). To explore the immunological characteristics of immune cells
in HF and CKD at the molecular level, we quantitatively analyzed the relative abundance of 28 immune cell types in each
sample using the ssGSEA algorithm. For HF patients, cluster B exhibited a higher degree of immune cell infiltration than
cluster A. Furthermore, immune cells such as Central memory CD4 T cells, Macrophages, and Mast cells were in an
activated state (Figure 8C). In contrast, for CKD patients, the level of immune infiltration exhibited lower levels in
cluster B than in cluster A (Figure 8D). Therefore, we categorized cluster B associated with HF as the high immunity
group and cluster A associated with CKD as the low immunity group. Gene enrichment analysis in the two clusters was
performed using GSVA and differences in pathways or functions were analyzed using the “Limma” package. Cluster A in
the HF cohort is primarily engaged in biological processes like fatty acid metabolism and oxidative phosphorylation.
Cluster B was primarily involved in immune, inflammatory and cell development pathways such as PI3K AKT MTOR
signaling, Apoptosis, Inflammatory response, IL6 JAK STAT3 signaling and TNFA signaling via NFKB (Figure 8E).
Both subgroups of CKD patients displayed the same expression patterns as those of HF patients. It was observed that
Cluster A was significantly enriched in pathways related to immunity and cell development, whilst Cluster B was mainly
involved in amino acid metabolism, fatty acid metabolism, and metabolic processes of small molecules (Figure 8F).
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Figure 7 Construction of Nomogram and Clinical Functional Analysis. (A and B) Nomogram predicting the probability of heart failure and chronic kidney disease
occurrence. (C and D) ROC curves assessing the clinical discriminatory ability of the model. (E and F) Calibration curves assessing the model’s calibration ability. (G and H)
Decision curve analysis (DCA) curves assessing the clinical decision benefits of the model. (I) Scatter plot showing the correlation of shared Crosstalk Genes with left
ventricular ejection fraction. (J) Scatter plot showing the correlation of shared Crosstalk Genes with glomerular filtration rate.
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Figure 8 Consensus Clustering Analysis Identifying Molecular Subtypes Associated with Heart Failure and Chronic Kidney Disease. (A and B) Cumulative distribution
function curves of consensus scores, changes in area under the Delta curve, and consensus clustering heatmap at K=2-10. (C and D) Analysis of immune cell distribution in
Crosstalk Gene subtypes Cluster | and Cluster 2 based on the ssGSEA algorithm. (E and F) GSVA reveals significant differences in biological pathways between subtypes of
heart failure and chronic kidney disease. ns, p>0.05; *p<0.05; **p<0.01; ***p<0.001; ****p<0.0001.

Taken together, the consistent clustering clusters further confirmed the link between crosstalk genes and immune cell
infiltration and metabolic landscape. Additionally, we discovered consistent expression patterns of subclustered genes in
HF and CKD. Cluster A for HF was for metabolic subtypes, whereas cluster B was for immune subtypes. In contrast,
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cluster A for CKD was the immune subtype, while cluster B was the metabolic subtype. The interplay between HF and
CKD in the pathogenesis at a molecular level was further authenticated. The diagnosis and treatment of the ailment could
be made more precise by identifying various subtypes.

WGCNA Screening of Immune-Related Shared Genes in HF and CKD Subtypes

The outcomes from the unsupervised cluster analysis indicate the presence of an identical immune subtype between
patients with HF and CKD. Further, we conducted a WGCNA analysis to investigate immune-related genes within the
subtypes. The samples in the HF and CKD datasets were initially clustered and analysed to find outlier samples. We
constructed scale-free networks after eliminating three outlier samples each from the GSE57338 dataset (GSM79815,
GSM79996, and GSM80018) and the GSE66494 dataset (GSM23315, GSM23352, and GSM23356). In the dataset
GSE57338 for HF, which exhibits smoother connectivity at R = 0.9, we identified p = 9 as the optimum soft threshold
(Figure 9A). The clusters beneath the clustering tree for all samples are presented in Figure 9B. Twelve clusters
associating with both subtypes were detected (Figure 9C). MEturquoise, one particular cluster, exhibited the highest
association with immune subtype B (R=0.32, p=2¢-05). Additionally, we identified a significant relation between module
members of MEturquoise and gene significance (Figure 9D). In the CKD dataset GSE66494, which has a smoother
connectivity when R2 = 0.9, B = 12 was chosen as the optimal soft threshold (Figure 9E). Figure 9F shows the lower
module of the clustering tree for all samples. A total of 16 modules related to the two subtypes were identified
(Figure 9G). The module MEturquoise had the robust negative correlation with immune subtype A (R = —0.76, P =
le- 10), while the module MEbrown had the highest positive correlation with immune subtype A (R = 0.82, P = 4e- 13).
In addition, a robust correlation was observed between the membership of the module and the importance of genes for
MEturquoise and MEbrown (Figure 9H and I). To filter out immune genes associated with immune subtypes, genes from
the three modules were intersected with the set of immune genes to obtain 12 immune genes shared by HF and CKD
(Figure 9J). These 12 immune genes were ultimately utilised to establish the ImmuneScore model.

Construction of ImmuneScore Model Based on Expression Patterns of

Immune-Related Shared Genes
Based on the median ssGSEA score we categorized patients into high and low risk groups (Supplementary Table 3 and

4). The expression levels of the 12 overlapping immune genes in the high-risk and low-risk groups are shown in
Figure 10A and B. PCA clearly shows the sample distribution of the high-risk and low-risk groups, and ImmuneScore
can clearly categorize the patients into high- and low-risk groups (Figure 10C and D). Significant differences in the
expression levels of most genes, with the exception of FAS and PTGDS, were observed between high- and low-risk
groups of HF patients (Figure 10E). Also, the expression levels of all genes, except FAS, exhibited significant variation
between the high- and low-risk groups of CKD patients (Figure 10F). The study investigated the capability of the
ImmuneScore model to differentiate between immune and non-immune subtypes. Box plots revealed significant
differentiation in patients with HF or CKD (p = 8.4e-7, p = 0.00022), with higher ImmuneScore in the immune subgroup
compared to the control group (Figure 10G and I). Additionally, the ImmuneScore model’s discriminative capability was
evaluated using the AUC value. For the GSE57338 dataset, the AUC value was 0.71634 (Figure 10H), and for the
GSE66494 dataset, it was 0.797143 (Figure 10J). The ImmuneScore model has strong diagnostic power for patients with
different molecular subtypes. In addition, the network heatmap shows the correlation of ImmuneScore with 12 immune
genes. In patients with HF, the findings revealed a strong association between ACTG1, PDGFA and SLIT2 with a higher
likelihood of being classified in the high-risk group as per the ImmuneScore model. Furthermore, these genes may have
a significant role in the development of HF (Figure 10K). Similarly, in CKD patients, C5, ESRRB, JAG1, NOX4,
NR2F2, PDGFA, TLR3, PTGS2, and SLIT2 were highly associated with high-risk groups in the ImmuneScore model
(Figure 10L). Based on the results, ACTG1, PDGFA, and SLIT2 emerge as significant genes with potential roles in the
high-risk ImmuneScore group.
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Validation of the Expression Levels of Key Crosstalk Genes in Human Tissues

RT-PCR was performed on biopsy samples from normal and HF tissues as well as from healthy and CKD. The
expression levels of the genes were consistent with the analysis of the bioinformatics data, except for MPP3, which
did not show any significant difference between diseased and healthy patients. Expression of PHLDA1, HLTF, and IFIT2
was up-regulated in HF and CKD, whereas ATP1A1 expression was down-regulated (Figure 11A-J).

Discussion

The incidence of HF combined with CKD is increasing with age. However, its pathogenesis, treatment and prognosis
have not been fully and accurately understood due to its late start and large research system involving multiple complex
disciplines such as heart and kidney. A growing body of evidence suggests that in addition to hemodynamic alterations as
the primary drivers of both diseases, non-hemodynamic alterations such as neurohormonal activation, immune dysregu-
lation and inflammatory responses are present throughout cardiovascular disease and CKD.*® Inflammatory cytokines
such as interleukin-18 (IL-1P), tumor necrosis factor-alpha (TNF-alpha), interleukin-6 (IL-6) and C-reactive protein
(CRP) are the major inflammatory mediators involved in disease development, and the various inflammatory mediators
also play important synergistic roles with each other. These inflammatory mediators also play important synergistic roles
among themselves.”” Among them, TNF-o and IL-6 can cause sodium retention and renal fibrosis, resulting in left
ventricular dilatation and dysfunction, leading to ventricular remodeling. Activation of the protein kinase C pathway by
the RASS system generates a large amount of reactive oxygen species (ROS), resulting in the onset of oxidative stress,
and an excess of reactive oxygen species can induce necrosis of the renal unit, myocardial fibrosis.*® Therefore, it appears
that there is a complex and intricate relationship between these two diseases. In addition, the algorithms of machine
learning have been respected by many researchers due to their accurate determination of feature selection, model
construction, and other applications in cardiovascular and renal diseases.>'? Therefore, this paper identifies differen-
tially expressed tandem genes and explores the biological functions of tandem genes based on HF and CKD microarray
datasets. Common diagnostic biomarkers for both diseases were screened using machine learning algorithms and their
association with cardiac and renal function was analyzed. The abundance of immune cell infiltration in HF and CKD was
assessed and the relationship between the biomarkers and immune cell infiltration was investigated. Consensus cluster
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analysis classified HF and CKD patients into immune and metabolic subtypes. Finally, the ImmuneScore model was
constructed by ssGSEA scoring, and the model can effectively distinguish different subtypes.

Genes with consistent expression trends in HF and CKD samples were intersected to obtain crosstalk genes, including
13 up-regulated and 20 down-regulated genes. To elucidate the biological functions of the crosstalk genes, we performed
GO enrichment analysis. The crosstalk genes were mainly involved in positive regulation of immune system processes,
apoptosis, response to steroid hormone, cell-cell adhesion via plasma membrane adhesion molecules, positive regulation
of interleukin-8 production and inflammatory response, among other biological processes. We then used machine
learning algorithms to solidify five common diagnostic genes, including PHLDA1, ATP1A1, IFIT2, HLTF and MPP3,
and the ROC curves further confirmed their value in diagnosis. Pleckstrin homology structural domain A member 1
(PHLDAT) encodes 401 amino acids and is increasingly recognized as a key determinant of immune regulation and
apoptosis.®® It has been reported that PHLDA1 can induce apoptosis in T cells, myocardial cells, endothelial cells, and
kidney cells.>**> So far, numerous studies have confirmed the association of PHLDA1 with various types of heart
diseases, such as cardiomyopathy*®*” and myocardial injury.*® PHLDA1 induces renal apoptosis and promotes renal
interstitial fibrosis via the TGF-B-IRE1-XBP1 pathway in CKD patients.>® In addition, by interacting with TRAF6,
PHLDALI can activate the NF-kB signalling pathway and promote inflammatory responses.*” ATP1A1 is an important
cell membrane Na+/K+-ATPase enzyme that plays a crucial role in the regulation of aldosterone production and Na/K
transport.*! Chronic heart failure manifests as a decrease in cardiac output and effective circulating fluid volume, leading
to activation of the RAAS and pressor receptors, ultimately resulting in renal tissue ischemia, hypoxia, apoptosis and
necrosis of renal cells, leading to renal insufficiency.'® Furthermore, ATP1A1 can also enhance macrophage infiltration
and adhesion of renal epithelial cells, ultimately promoting renal inflammation.*? IFIT2 is a member of the interferon
(IFN) family, which is involved in a number of signaling cascades that regulate the intracellular immune response to
attenuate myocardial injury and remodeling.*> Additionally, IFIT2 can also induce cell apoptosis, which may be
associated with the inhibition of protein synthesis and activation of mitochondrial responses.** Overexpression of
IFIT2 is associated with a worse clinical outcome in patients with arrhythmias and HF. Therefore, combining IFIT2
levels with biomarkers such as C-reactive protein may provide greater clinical utility in diagnosing the disease. The
helicase-like transcription factor (HLTF), a member of the Switch/sucrose non-fermenting (SWI/SNF) family, has been
found to be highly methylated in many cancers.*> Previous studies have suggested that high expression of HLTF can
protect cells from the effects of apoptosis, and this protective effect may be achieved by impairing the activity of
lysosomal autophagy inhibitors.*® HLTF can act as a tumor promoter and is associated with poor prognosis.*” Most
studies of HLTF have focused on the pathogenesis of tumors, with few reports in HF and CKD, which may become
effective biomarkers. In response to inflammatory stimuli, MPP3 rapidly enhances the secretion of many pro-
inflammatory/myeloid differentiation cytokines by granulocyte/macrophage progenitor (GMP) and myeloid cells via
autocrine/paracrine signaling.*® We therefore concluded that MPP3 is associated with upregulation of inflammatory
cytokine expression in cardiac and renal diseases, with important synergistic roles between different inflammatory
mediators. Taken together, we identified five common diagnostic genes that could serve as effective biomarkers.
Immune response, apoptosis and inflammatory response may be synergistic in both diseases.

In addition, the CIBERSORT algorithm revealed differences in immune infiltration between HF and healthy controls
as well as between CKD and healthy controls. Plasma cells, CD8 T cells and mast cells showed immune activation,
whereas CD4 memory T cells, regulatory T cells (Tregs), monocytes and M2 macrophages showed immune suppression
in HF patients. Mast cells may exacerbate HF progression by releasing protein kinase A (PKA) and myocardial fibrosis.*’
It has been suggested that inhibition of CD4+ T-cell activity may mimic the transition from hypertrophy to heart failure
during pressure overload, thereby protecting cardiac function.”® Macrophage-mediated innate immune response is
essential in chronic kidney injury.’" In our study we found that NK cells activated and Macrophages M2 exhibited an
immunosuppressed state while Monocytes were in an activated state in CKD patients. Previous studies have indicated
that the activity of M2 macrophages predicts the degree of renal fibrosis, but not M1 macrophages, which is consistent
with our study.”®>* These analyses suggest that these immune cells and immune responses play a critical role in the
progression of HF or CKD. In addition, the expression of five biomarkers was significantly correlated with the activity of
most immune cells. In conclusion, our study suggests that monocytes, NK cells and macrophages are strongly associated
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with HF and CKD, and the expression of PHLDAI1, ATP1A1, IFIT2, HLTF and MPP3 may activate the process of
immune cell infiltration through metabolic disorders.

We further classified HF and CKD patients into two subtypes based on the expression of crosstalk genes: cluster A of
HF was the metabolic subtype, whereas cluster B showed higher immune cell infiltration and stronger immune activation,
which we defined as the immune subtype. In contrast, CKD is clustered A for the immune subtype and B for the
metabolic subtype. The different subtypes have different patterns of immune infiltration between them. We then
constructed a risk score model based on the median ImmuneScore score using crosstalk genes in immune subtypes.
Patients in the high ImmuneScore group showed significant immune infiltration and immune response.The ImmuneScore
model can significantly discriminate between immune subtypes and non-immune subtypes in patients with HF or in
patients with CKD. Correlation analysis showed that SLIT2, NR2F2 and PDGFA were significantly and positively
correlated with ImmuneScore scores. SLIT2 ameliorates inflammatory response and renal fibrosis after endothelial
injury.>* In addition, SLIT2 is activated during cardiac fibrosis.”> NR2F2 increases glycolysis in fibroblasts to accelerate
renal fibrosis.® NR2F2 expression has also been linked to congenital heart disease and atherosclerosis. Chronic
inflammation in heart failure patients may lead to endothelial dysfunction after loss of NR2F2.>” Platelet-derived growth
factor (PDGF) plays an important role in promoting renal fibrosis. Studies suggest that upregulation of PDGF is
associated with chronic inflammation in CKD.’® Overexpression of PDGFA causes severe myocardial fibrosis and
increases ventricular volume many times over, leading to fatal HF.>® Taken together, we concluded that the high-risk
group predicted a higher immune, inflammatory response and fibrotic process. The expression of SLIT2, NR2F2 and
PDGFA may accelerate the fibrotic process in the myocardium and kidneys through a chronic inflammatory response,
ultimately leading to deterioration in cardiac and renal function.

However, our study has limitations. First, it is based on information digging from sequenced data of failing heart or
kidney tissues, from which we constructed a diagnostic model for HF and CKD. Database digging for clinically relevant
molecules has some reference value, but whether the diagnostic value of crosstalk genes is applicable to more readily
accessible peripheral blood needs further verification. On the other hand, the results are limited to the transcriptional level
and have not been further validated in in vivo or in vitro experiments.

Conclusion

The five hub genes (PHLDA1, ATP1A1, IFIT2, HLTF, and MPP3) serve as optimal shared diagnostic biomarkers for HF
and CKD. ROC curves confirmed the effectiveness of the diagnostic model. The expression levels of crosstalk genes are
correlated with left ventricular ejection fraction and glomerular filtration rate. Immune pathways, inflammatory
responses, metabolism, and cell apoptosis induced by various mechanisms may have strong associations with both HF
and CKD. Consensus clustering analysis divides HF and CKD patients into immune and metabolic subtypes. The high
and low-risk ImmuneScore models can predict different molecular subtypes of HF or CKD. However, these findings still
require further validation.
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