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ARTICLE INFO ABSTRACT

Keywords: Background: As an inevitable event after kidney transplantation, ischemia-reperfusion injury
Renal ischemia-reperfusion injury (IRI) can lead to a decrease in kidney transplant success. The search for signature genes of renal
Random forest ischemia-reperfusion injury (RIRI) is helpful in improving the diagnosis and guiding clinical
Support vector machine recursive feature treatment.

liminati
elimination Methods: We first downloaded 3 datasets from the GEO database. Then, differentially expressed

genes (DEGs) were identified and applied for functional enrichment analysis. After that, we
performed three machine learning methods, including random forest (RF), Lasso regression
analysis, and support vector machine recursive feature elimination (SVM-RFE), to further predict
candidate genes. WGCNA was also executed to screen candidate genes from DEGs. Then, we took
the intersection of candidate genes to obtain the signature genes of RIRI. Receiver operating
characteristic (ROC) analysis was conducted to measure the predictive ability of the signature
genes. Kaplan—Meier analysis was used for association analysis between signature genes and graft
survival. Verifying the expression of signature genes in the ischemia cell model.

Results: A total of 117 DEGs were screened out. Subsequently, RF, Lasso regression analysis, SVM-
RFE and WGCNA identified 17, 25, 18 and 74 candidate genes, respectively. Finally, 3 signature
genes (DUSP1, FOS, JUN) were screened out through the intersection of candidate genes. ROC
analysis suggested that the 3 signature genes could well diagnose and predict RIRI. Kaplan-Meier
analysis indicated that patients with low FOS or JUN expression had a longer OS than those with
high FOS or JUN expression. Finally, we validated using the ischemia cell model that compared to
the control group, the expression level of JUN increased under hypoxic conditions.

Conclusions: Three signature genes (DUSP1, FOS, JUN) offer a good prediction for RIRI outcome
and may serve as potential therapeutic targets for RIRI intervention, especially JUN. The pre-
diction of graft survival by FOS and JUN may improve graft survival in patients with RIRI.
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1. Introduction

As the preferred renal replacement therapy option for patients with end-stage renal disease (ESRD), renal transplantation improves
the quality of life of patients compared to long-term dialysis [1]. However, the graft undergoes donor organ isolation, transport,
storage, implantation into the recipient, and reperfusion during transplantation, which will inevitably lead to IRI [2]. In the peri-
operative stage following kidney transplantation, IRI represents a serious clinical challenge for clinicians. RIRI induces a series of
clinical events, such as delayed graft function (DGF), graft rejection, chronic rejection, and chronic graft dysfunction, leading to an
impact on long-term graft outcome [3]. Alleviating IRI can effectively lower the incidence of dialysis-requiring renal impairment
following surgery [4]. IRI occurs in all dead donor kidney transplants [5S]. In addition, IRI is the determining cause of critical acute
kidney injury (AKI), a clinical syndrome characterized by rapid kidney failure and significant fatality rates [6,7]. Therefore, it is critical
to gain a deeper knowledge of the molecular biological changes involved in the RIRI process and to develop a novel model to better
anticipate the occurrence of IRI.

Several possible mechanisms may underlie RIR], including calcium overload, damage caused by reactive oxygen species (ROS) and
oxidative stress [8]. In response to these pathophysiological processes, current therapeutic options are oriented toward the suppression
of the inflammatory response, cell apoptosis, oxidative stress, and renal fibrosis [9-11]. Nevertheless, currently, no effective thera-
peutic options are available to protect against RIRL. The main reason for this dilemma is the complexity of the mechanism of RIRI and a
lack of good molecular targets for treatment, leading to uncertainty in renal transplantation outcomes. Currently, there are few studies
about signature genes and RIRI, and the available studies have mainly focused on the relationship between DGF and RIRI. Wu J et al.
utilized machine learning methods to identify DGF-related hub genes and built a robust prediction model for DGF and graft survival,
which may be used to guide early prevention and tailored therapy of various postoperative problems following renal transplantation
[12]. DGF is only one element of the complications associated with RIRI. The above study is not comprehensive and may overlook
other key factors. Therefore, our study aimed to comprehensively analyse the signature genes of RIRI and their effects on transplanted
kidneys (graft survival). A previous study mainly concentrated on constructing experimental RIRI mouse models to detect differen-
tially expressed genes using just six mice [13]. A limited sample size will reduce statistical power for some observations. Accordingly,
we comprehensively considered the limitations of the above studies to further search for molecular targets for alleviating IRI in renal
transplantation.

The emergence of machine learning can unlock large biomedical and patient datasets, which is beneficial to new paradigms for the
diagnosis and treatment of various diseases [14]. Typically, basic prediction tasks may be accomplished with conventional models
(such as logistic regression), but sophisticated problems demand more elaborate models (e.g., neural networks) [15]. Thus, to identify
efficient and effective signature genes for RIRI, RF, Lasso regression analysis and SVM-RFE were utilized to explore the datasets. Yang
et al. identified 11 postmenopausal osteoporosis mRNA biomarkers using Lasso regression analysis and the Boruta algorithm and used
classifiers, including SVM, decision tree and RF, to construct the model [16]. Wang et al. screened 12 autophagy-related genes (ATGs)
for endometriosis by WCGNA, which would benefit research in endometriosis [17]. Currently, the wide applicability and powerful
application of machine learning and WGCNA have been used by many researchers to identify disease signature genes. Therefore, we
will work on the combination of machine learning and WGCNA with biological data studies of RIRI with the aim of uncovering the
signature genes of RIRL

To identify the signature genes of RIRI, we retrieved renal transplantation patient gene expression matrices from the Gene
Expression Omnibus (GEO) database and screened and validated the signature genes of RIRI using a series of bioinformatics methods.
In addition, we explored the correlation between signature genes and graft survival. Taken together, further identification of signature
genes for RIRI may provide potential therapeutic targets for RIRI intervention, which is helpful for the improvement of RIRI clinical
treatment.

2. Methods
2.1. Data acquisition and grouping

The detailed research process is shown in Fig. 1. As shown in Table 1, we systematically gathered 3 datasets that contained mRNA
expression profiles from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). The GSE43974 dataset was used as the training set
to find the signature genes of RIRI, while the GSE126805 dataset was used as the test set for external validation of the signature genes.
The GSE21374 dataset was used to explore the correlation between signature genes and graft survival. Each dataset was divided into
treatment and control groups, with the control and treatment groups indicating before and after ischemia-reperfusion of the kidney
graft, respectively. The R package “limma” was used to normalize the expression of all genes in different datasets.

2.2. Identification and visualization of DEGs
To explore the difference between the treatment and control groups of the GSE43974 dataset at the genetic level, the R package

“limma” was used to search DEGs, which were visualized by the R package “pheatmap”. |log2FC|>0.585 and P < 0.05 were considered
the thresholds for DEG filtering.
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Fig. 1. The data analysis flowchart reveals our workflow.

2.3. Function and pathway enrichment analysis

“ClusterProfiler” was utilized to perform GO, KEGG, and GSEA analyses to investigate the potential biological functions and
pathways of DEGs. According to the categories of molecular function (MF), biological process (BP), and cellular component (CC), GO
terms with P < 0.05 and Q < 0.05 were selected and presented accordingly in bubble plots. Similarly, the enriched KEGG pathways
were shown in bubble plots and filtered out using P < 0.05 and Q < 0.05. The transcriptome data of patients in the treatment and
control groups were submitted to GSEA, and the KEGG pathways were enriched with the DEGs in both groups. P < 0.05 and an FDR of
25 % were used to filter the DEGs in both groups.

2.4. Identification and validation of signature genes for RIRI

After obtaining DEGs, to further judge signature genes among them, we conducted RF, Lasso regression analysis, SVM-RFE, and
WGCNA on the training dataset. RF was performed by the R package “randomForest”, and a mean decrease Gini >2 was set as the
threshold to filter candidate genes. LASSO regression analysis was utilized by the R package “glmnet”. The penalization coefficient
(log A value) was calculated underlying the partial likelihood deviance of 10-fold cross-validation. The optimal log A value was
determined based on the minimum binomial deviance. SVM-RFE was applied by the R packages “e1071”, “kernlab”, and “caret”. The
value of the variable corresponding to the minimum root mean square error (RMSE) represented the number of candidate genes
screened. WGCNA was performed by the R package “WGCNA”. The candidate genes screened through the above four methods were
intersected for the signature genes by the R package “VennDiagram”. To assess the projected values of signature genes as biomarkers
for RIRL, ROC curves and the area under the ROC curves (AUC) were computed through the R package “pROC” in the GSE43974 dataset
and the GSE126805 dataset.

Table 1

mRNA expression profile datasets in the GEO database.
Dataset ID Platform Country Year First author treat control
GSE43974 GPL10558 Netherlands 2018 Damman J 203 188
GSE126805 GPL21290 Switzerland 2019 Cippa PE 42 41
GSE21374 GPL570 Canada 2018 Einecke G 51 231
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2.5. Correlation between signature genes and graft survival

Patients were divided into high-expression and low-expression groups by the median gene expression. Analysis of the correlation
between signature genes and graft survival was carried out by ROC curves and Kaplan-Meier survival analysis. According to the
expression level of signature genes, patients were divided into high and low expression groups in the GSE21374 dataset. Kaplan-Meier
survival analysis was utilized to assess differences in graft survival between the high and low expression groups by the “survival” R
package in the GSE21374 dataset.

2.6. Simulated ischemia

We isolated oxygen by covering the surface of the HK-2 cell culture medium with a layer of paraffin oil. This is a common biological
model of cell ischemia. Samples (n = 4) were collected at 30 min, 60 min, and 120 min of hypoxia. The expression levels of DUSP1,
FOS, and JUN were measured using PCR. The differences between groups were compared using the Kruskal-Wallis test, and a P value
of less than 0.05 indicated statistically significant differences.
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Fig. 2. Heatmap of DEGs between the treated and control groups. The patients are represented in two different colors. In DEGs, red and blue
indicate upregulated and downregulated expression levels, respectively. (For interpretation of the references to color in this figure legend, the reader
is referred to the Web version of this article.)
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3. Results

3.1. Determination of DEGs between the treatment and control groups

To investigate the key genes that may modulate RIRI progression, we performed a differential analysis based on the expression
matrix of the treated and control groups in the GSE43974 dataset. Then, 117 DEGs were identified based on the threshold (|log2FC|>
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0.585 and P < 0.05). Several DEGs between the treated and control groups are displayed in the heatmap (Fig. 2).

3.2. Function and pathway enrichment analysis of DEGs

To clarify the biological role of DEGs in modulating RIRI development, we applied GO enrichment, KEGG pathway analysis, and
GSEA. As shown in Fig. 3A, cellular response to chemical stress and response to unfolded protein were enriched through GO analysis.
Additionally, KEGG analysis showed that three pathways were enriched significantly, namely, cellular response to chemical stress,
response to unfolded protein, and response to topologically incorrect protein (Fig. 3B). Some disease-associated pathways belonged to
the control group, including cardiac muscle contraction, Huntington’s disease, oxidative phosphorylation, Parkinson’s disease, and
ribosome (Fig. 3C). GSEA revealed that the B-cell receptor signaling pathway, MAPK signaling pathway, NOD-like signaling pathway,
and T-cell receptor signaling pathway were enriched in the RIRI group (Fig. 3D). Taken together, DEGs may have the potential to

influence the outcomes of RIRI through stress and immune pathways.
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3.3. Identification of signature genes for RIRI

For the sake of further selecting diagnostic genes for RIRI, DEGs were subjected to 4 statistical methods to determine the signature
genes. First, we obtained 17 candidate genes by RF based on the filtering conditions set by the Gini coefficient (Fig. 4A). Then, with the
help of Lasso regression analysis, 25 candidate genes were identified according to the optimum log A value (Fig. 4B-C). Additionally,
18 candidate genes were selected by SVM-RFE corresponding to the minimum value of RMSE (Fig. 4D). Moreover, as shown in Fig. 4E
and F, genes in the turquoise module had the most related genes (P < 0.05). Genes in the turquoise module were positively correlated
with the clinical traits of the treatment group and negatively correlated with those of the control group. Seventy-four candidate genes
in the turquoise module were identified. Finally, 3 overlapping candidate genes, DUSP1, FOS, and JUN, were chosen based on the
above 4 methods as signature genes for RIRI (Fig. 5A). Overall, 3 signature genes were selected that might be critical genes involved in
the progression of RIRI. However, further validation is required in future studies.

3.4. Validation of signature genes for RIRI

Underlying the above preliminary analysis, we further investigated the sensitivity and specificity of the 3 signature genes. The ROC
curve showed that the AUC values of DUSP1, FOS, and JUN were 0.989 (95 % CI: 0.979-0.997), 0.994 (95 % CI: 0.988—-0.999), and
0.996 (95 % CI: 0.991-0.999), respectively. The training dataset exhibited a strong diagnostic ability (Fig. 5B-D). Synchronously,
Fig. 6A-C demonstrates the predictive efficiency of the 3 signature genes, with AUC values of DUSP1, FOS, and JUN of 0.994 (95 % CIL:
0.981-1.000), 0.997 (95 % CI: 0.988—1.000), and 0.997 (95 % CI: 0.987—1.000), respectively, in the test dataset. In conclusion, the 3
signature genes may have potential diagnostic value for RIRI. We validated using the ischemia cell model that compared to the control
group, the expression level of JUN increased under hypoxic conditions (Fig. 7A-C).

3.5. Correlation between signature genes and graft survival

To further explore the value of the 3 signature genes for RIRI research, we sought to determine the correlation between the 3
signature genes and graft survival. The diagnostic value in graft survival of the signature genes was assessed by ROC analysis, and
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Fig. 5. The predicted values of signature genes in the training dataset. (A) The Venn diagram shows the intersection of 3 signature genes from the 4
screening methods. (B-D) ROC curves of 3 signature genes (B: DUSP1; C: FOS; D: JUN). The horizontal coordinate represents the 1-specificity, and
the vertical coordinate represents the sensitivity.

Kaplan—-Meier analysis was used to evaluate graft survival differences between the high- and low-expression levels of signature genes.
The AUC values of DUSP1, FOS, and JUN were 0.583 (95 % CI: 0.501—-0.665), 0.614 (95 % CI: 0.538—0.691), and 0.708 (95 % CI:
0.638—0.778), respectively, in the GSE21374 dataset, which indicated that the 3 signature genes had good predictive efficacy for graft
survival (Fig. 6D-F). Subsequently, patients with low FOS or JUN expression had a longer OS than those with high FOS or JUN
expression (P < 0.05; Fig. 6HI). However, DUSP1 did not exhibit a significant effect on graft survival. (P > 0.05; Fig. 6G).

4. Discussion

As an unavoidable adverse event after renal transplantation, RIRI is a hurdle to be overcome in future research. Current strategies to
prevent and treat RIRI are limited to restricting the preoperative diet, improving organ preservation conditions, reducing organ
damage before and after ischemia, and applying cellular and pharmacological therapies [18]. In fact, after years of research and
interventions, RIRI remains a problem in clinical practice, and new ideas are necessary to deepen the understanding of RIRI. De-
velopments in genomics have led to tremendous advances in numerous areas of medical science. A study identified several candidate
genes for RIRI with multiomics and bioinformatics and demonstrated their potential as biomarkers with treatment models, which
suggested the potential of screening for signature genes to improve RIRI clinical management [19]. Therefore, our study incorporated
3 independent datasets to explore the signature genes of RIRIs.

First, we mined DEGs using the GSE43974 dataset as a training set and screened 3 signature genes (DUSP1, FOS, and JUN) with the
RF, Lasso regression analysis, SVM-RFE, and WGCNA methods. Then, the GSE126805 dataset was used as an external independent
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Fig. 6. Diagnostic performance of the signature genes and correlation between the signature genes and graft survival. (A-F) ROC curves of 3
signature genes (A-C: in the GSE126805 dataset; D-F: in the GSE21374 dataset). (G-I) Kaplan-Meier survival revealed a notable difference in graft
survival between the high- and low-expression groups (G: DUSP1; H: FOS; I: JUN).

validation set to verify these signature genes. In addition, we also explored the correlation between these signature genes and graft
survival in the GSE21374 dataset. In this way, we hypothesized that these 3 signature genes may modulate RIRI progression, and

targeted intervention of these genes may provide new ideas for the treatment of RIRI.

Chemical stress reactions, mainly oxidative stress, have always been the main pathway mediating the occurrence of IRI. Liu et al.
found that inhibition of Brd4 to block the PI3K-AKT pathway reduced the FoxO4-mediated oxidative stress response and reduced the
damage caused by RIRI [20]. Under pathological circumstances, cells may lose their ability to maintain proteostasis, which leads to a
buildup of unfolded and improperly folded proteins in the endoplasmic reticulum (ER) and triggers the unfolded protein response
(UPR) or ER stress [21]. Unfortunately, the UPR can induce apoptotic cell death in the event of chronic damage [22]. A study showed
that the knockdown of CHOP, a transcriptional regulator of the UPR, ameliorated postischemic microcirculatory recovery [23], which
might validate the regulation of the UPR as a therapeutic target for RIRI. A constructed analysis of differential IncRNA and mRNA
expression in hepatic ischemia-reperfusion injury suggests that mRNA may affect the molecular mechanisms and functions of hepatic
ischemia-reperfusion injury via pathways involving response to topologically incorrect protein [24]. Su et al. found effective alle-
viation of RIRI by inhibiting the expression of PANX1 and thereby blocking the MAPK signaling pathway [25]. Meanwhile, nod-like
receptor protein 3 (NLRP3) inflammatory vesicles are activated in RIRI through the mROS-TXNIP-NLRP3 axis [26]. In addition, T cells
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are aggregated and activated during RIRI to activate adaptive immune responses [27]. In contrast, there are few reports on B cells in
RIRI, and there is not yet sufficient evidence for their role in RIRI.

The protein encoded by DUSP1 (dual specificity phosphatase 1) is a phosphatase with dual specificity for tyrosine and threonine
[28]. DUSP1 inactivates the MAP kinases ERK and JNK by dephosphorylating them, thus playing a role in physiological processes,
including the stress response, inflammation, cycle arrest, and apoptosis, by regulating the MAPK signaling pathway. The typical MAPK
signaling pathway comprises MAPK, MAPK kinase (MAPKK), and MAPKK kinase (MAPKK), and recent research has centered on
ERK1/2, JNKs, and P38 isoforms [29]. Upregulation of DUSP1 inhibits the activation of JNK, thereby inhibiting apoptosis [30].
Currently, DUSP1 is mainly limited in the direction of myocardial ischemia-reperfusion injury (MIRI) in IRI studies. Jin et al. found
that MIRI led to the downregulation of DUSP1, which resulted in increased phosphorylation of JNK, triggering mitochondrial fission
and mitochondrial autophagy and ultimately leading to extensive cell death [31]. Tan et al. showed that miR-378a-3p mediated the
TRIM55/DUSP1/JNK axis to inhibit MIRI-induced cardiomyocyte apoptosis [32]. Although DUSP1 has rarely been reported in RIRI, an
in vitro cellular model of ER-induced stress demonstrated that inhibition of the JNK pathway reduces ROS-dependent oxidative stress,
thereby decreasing renal IR apoptosis [33]. In addition, p-JNK and p-ERK protein levels were reduced in the RIRI mouse model [34].
Taken together, we hypothesize that DUSP1 may influence the MAPK signaling pathway, which ultimately results in severe apoptosis
and contributes to the development of RIRI.

FOS (c-fos) is a member of the FOS family of transcription factors, encoding leucine zipper proteins involved in dimerization and
DNA binding [35]. Various studies have demonstrated that FOS is involved in IRI development, such as MIRI [36] and cerebral IRI
(CIRI) [37]. Previous studies suggested the possible involvement of FOS in the development of RIRI. For example, in a study of renal
transplant rejection, upregulation of ET-1 was associated with the promotion of IRI-activated FOS expression in renal tubular epithelial
cells [38,39]. FOS is a crucial gene in the physiological and pathological processes of IRI-AKI, and its primary function is to modulate
the body’s immune microenvironment [40,41]. JUN (c-jun) is a member of the JUN family of transcription factors, which encodes a
protein initially identified in transformed cells carrying the replication-deficient avian sarcoma virus 17 (ASV 17) genome and shares
similarities with the yeast transcriptional regulatory protein Gen4 [42]. Activator protein 1 (AP-1) is a dimer composed of the FOS gene
family and the JUN gene family [43]. As subunits of AP-1, the relative abundance of FOS and JUN plays a decisive role in AP-1 affecting
cellular functions [44]. The cellular processes of differentiation, proliferation, survival, and apoptosis are all impacted by AP-1. AP-1 is
regulated by various stimuli, including oxidative stress [45], cytokines, growth factors [44], and oncogene activation [46], and
through this regulation, it regulates various cellular activities, including differentiation, proliferation, survival, and apoptosis [44].
Various stimuli can affect AP-1 activity by activating the MAPK cascade to regulate AP-1 subunits (especially JUN), such as phos-
phorylating c-jun and enhancing the DNA binding of c-jun to ATF [47]. Thus, influencing the MAPK signaling pathway by altering
stimuli to mediate AP-1 may be effective in inhibiting IRI, as verified by the studies of Shen et al. and Tan et al. [48,49]. In terms of
RIRI, AP-1 induces RIRI. Reznik et al. performed a transcriptome analysis of renal grafts reperfused after warm ischemia and found that
the transcript levels of the grafts were centered on AP-1 transcription factors and heat shock proteins instead of an overall change in
transcript levels [50]. Gerhardt et al. performed a transcriptome analysis of different mononuclear transcriptomic analyses of renal
proximal tubular cells from RIRI at different time periods and revealed significant activation of the AP-1 signaling pathway in late RIRI
[51].

IRI induces various types of immune responses, renal functional load, graft hypoxia, and fibrotic response to reduce the long-term
survival of grafts [52]. The complement system is continuously activated by IRI and imbalance, thus promoting the progression of
acute kidney injury (AKI) to chronic kidney disease (CKD). The imbalanced complement system leads to irreversible fibrosis and aging
of the kidney through the induction of the production of various cytokines and leukocyte chemotaxis, which results in decreased graft
survival [53]. The reduction in functional renal units by IRI leads to an overload of renal function, which leads to the accumulation of
toxic metabolites, exacerbates oxidative stress and inflammatory responses, and ultimately leads to graft inactivation [52]. To prevent
RIRI from interfering with graft survival, current measures focus on reducing early harmful hazards and improving long-term graft
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survival, as evidenced by ischemic preconditioning, machine perfusion, gas-protective agents, metabolic, anti-inflammatory measures,
antioxidant therapy, and suppression of innate immune responses [3]. Nevertheless, improving kidney graft survival remains a
difficult task in transplantation sessions. To this end, our study mined 3 signature genes that yielded promising results in the asso-
ciation between RIRI and graft survival. The signature genes also had good specificity and sensitivity for predicting the survival of
grafts, which reflected the reliability of our study. However, the survival curves for DUSP1 had no significance, and given this, we
speculate that it is the lack of sensitivity of the data due to insufficient sample size.

However, there are several limitations of our study that need to be addressed. First, the signature genes were searched through
retrospective data from public databases, and prospective data are needed to validate their clinical applicability. Second, the sample
size of our study is limited, which will lead to bias in the results of the study. In addition, the sample quality of the public database is
uncontrollable, which brings about confounding factors that will affect the results of our research to a certain extent. Therefore,
collecting more cohort samples and strictly controlling the impact of confounding factors is the direction of our future research.

5. Conclusions

In this study, we identified 3 signature genes (DUSP1, FOS, JUN) based on machine learning and WGCNA. Good predictive per-
formance indicates their accurate diagnostic ability in RIRL, suggesting that they will be potential therapeutic targets against RIRI. FOS
and JUN were accurate in predicting the graft survival of RIRI patients. The probability of graft survival can be predicted by FOS and
JUN, which is expected to enable patients to receive appropriate treatment immediately before RIRI progresses. Collectively, these
results may contribute to new insights into the diagnosis and treatment of RIRI.
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