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Abstract
Delayed graft function (DGF) is one of the key post-operative challenges for a subset of kidney transplantation (KTx) patients. 
Graft survival is significantly lower in recipients who have experienced DGF than in those who have not. Assessing the risk 
of chronic graft injury, predicting graft rejection, providing personalized treatment, and improving graft survival are major 
strategies for predictive, preventive, and personalized medicine (PPPM/3PM) to promote the development of transplant 
medicine. However, since PPPM aims to accurately identify disease by integrating multiple omics, current methods to predict 
DGF and graft survival can still be improved. Renal ischemia/reperfusion injury (IRI) is a pathological process experienced 
by all KTx recipients that can result in varying occurrences of DGF, chronic rejection, and allograft failure depending on its 
severity. During this process, a necroinflammation-mediated necroptosis-dependent secondary wave of cell death significantly 
contributes to post-IRI tubular cell loss. In this article, we obtained the expression matrices and corresponding clinical data 
from the GEO database. Subsequently, nine differentially expressed necroinflammation-associated necroptosis-related genes 
(NiNRGs) were identified by correlation and differential expression analysis. The subtyping of post-KTx IRI samples relied 
on consensus clustering; the grouping of prognostic risks and the construction of predictive models for DGF (the area under 
the receiver operating characteristic curve (AUC) of the internal validation set and the external validation set were 0.730 and 
0.773, respectively) and expected graft survival after a biopsy (the internal validation set’s 1-year AUC: 0.770; 2-year AUC: 
0.702; and 3-year AUC: 0.735) were based on the least absolute shrinkage and selection operator regression algorithms. 
The results of the immune infiltration analysis showed a higher infiltration abundance of myeloid immune cells, especially 
neutrophils, macrophages, and dendritic cells, in the cluster A subtype and prognostic high-risk groups. Therefore, in the 
framework of PPPM, this work provides a comprehensive exploration of the early expression landscape, related pathways, 
immune features, and prognostic impact of NiNRGs in post-KTx patients and assesses their capabilities as.

–	 predictors of post-KTx DGF and graft loss,
–	 targets of the vicious loop between regulated tubular cell 

necrosis and necroinflammation for targeted secondary 
and tertiary prevention, and

–	 references for personalized immunotherapy.
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Introduction

Current situation and challenges in the post‑KTx 
complication management under PPPM

As a life-saving therapy, kidney transplantation (KTx) is 
the established treatment of choice for patients with end-
stage renal disease (ESRD) who are suitable for operation. 
The increased demand for KTx has driven the development 
of kidney transplant medicine. According to data from the 
World Health Organization (WHO) Global Observatory on 
Donation and Transplantation (GODT) in 2021, the yearly 
global total kidney transplants per million population were 
92,532, representing a 14.3% increase compared to the pre-
vious year [1]. While the upward trend in the total number 
of yearly kidney transplants has fluctuated in recent years 
due to the impact of the COVID-19 pandemic [2], it has 
risen by approximately 20% in just a decade from 2012 to 
2021 [3]. Consequently, the pressure of post-KTx compli-
cation management has increased. Delayed graft function 
(DGF), which is usually defined as the need for dialysis 
during the first week after KTx, is the major post-opera-
tive complication [4, 5]. The rate of DGF in living donor 
transplants ranges from about 4 to 10%, while 29–38% of 
deceased-donor KTx recipients are estimated to be com-
plicated by DGF [6–8]. Particularly in recent years, as the 
proportion of donation after cardiac-death (DCD) donors 
has increased [9], the DGF rate has increased from 24.4 to 
42.5% compared to KTx with donation after brain-death 
(DBD) donors [10]. The worse outcome relevance of KTx 
patients who have experienced DGF is mainly reflected in 
renal dysfunction, graft loss, rejection, and mortality [11, 
12]. Therefore, early prediction and targeted intervention 
are especially important.

Predictive preventive personalized medicine (PPPM) is 
a future-oriented healthcare strategy that aims to continu-
ously incorporate new biotechnologies to accurately predict 
diseases, improve preventive measures, and create personal-
ized therapies [13, 14]. Previous medical practice has been 
to treat symptoms as they arise, which has led to limited 
improvement in the prognosis for some diseases, especially 
for diabetes, cardiovascular disease, and cerebrovascular 
disease. The advent of PPPM has led to a shift in medical 
treatment from reactive medicine to predictive diagnosis and 
targeted intervention [13]. In recent years, the PPPM model 
has been widely proposed for health monitoring and the pre-
vention and precision medicine of many diseases, including 
cancers, diabetes and its complications, vascular function 
and lesions, and oral lesions [14–19]. The development of 
regenerative medicine was also strongly advanced by PPPM; 
it is dedicated to optimizing the current situation of organ 
transplantation in the following aspects [13]:

–	 donor–recipient matching,
–	 assessing individual risk for chronic graft injury,
–	 predicting allograft rejection, and
–	 establishing algorithms for personalized immunosup-

pressive therapy.

While KTx for ESRD patients is a delayed treatment 
under the paradigm and expectation of PPPM, the con-
cept of primary, secondary, and tertiary prevention is also 
applicable to the management of post-KTx complications 
when we consider KTx as a new beginning of life for those 
patients. However, the application of PPPM in KTx medi-
cine is clearly limited compared to those diseases we have 
mentioned before. While PPPM has helped clinicians to 
better match donors and recipients, early prediction and 
prevention of post-KTx complications, such as DGF and 
graft loss, are not enough. The previous biopsy-based 
pathology scores were apparently a delayed diagnosis, 
which did not meet the requirements of PPPM [13]. Fur-
thermore, some previous predictive models had limited 
ability to predict DGF [20]. Indeed, researchers have been 
constantly trying to find biomarkers to diagnose or predict 
renal allograft dysfunction, and some of the findings have 
had varying degrees of success in the preclinical and clini-
cal stages [21, 22]. However, there is growing evidence 
that a perfect single marker may not exist [13]. Within 
the framework of PPPM, the improvement of multi-stage 
and multi-omic diagnosis is the key to achieving targeted 
prevention and personalized treatment, avoiding unneces-
sary medication, and reducing the morbidity of post-KTx 
complications. Bioinformatics has long been considered an 
enabler for the advances in PPPM [23]. In recent years, the 
rapid development of this discipline has also demonstrated 
the great potential of improving the post-KTX PPPM; its 
application in KTx to identify biomarkers is consequently 
necessary.

IRI, a contributor to DGF and graft loss

Ischemia/reperfusion injury (IRI), as a common cause of 
acute kidney injury (AKI), is a mostly inevitable patho-
logical process in patients undergoing KTx or other types 
of kidney operations, such as partial nephrectomy [24]. 
Severe IRI often leads to a higher tendency of developing 
severe DGF, which can result in an unpromising progno-
sis such as long-term chronic rejection or even graft loss 
[4, 5, 25]. However, IRI-induced AKI (IRI-AKI) and the 
possible subsequent occurrence of DGF remain critical 
concerns, with a limited comprehensive understanding of 
their mechanisms, reliable predictive methods, and alter-
native therapeutic options [26, 27].
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IRI‑induced renal tubular cell death

Tubular cell death is an important characteristic of AKI. 
Multiple regulated cell deaths (RCDs), including apoptosis 
and regulated necroses (RNs) via ferroptosis, pyroptosis, 
necroptosis, and NETosis, have been reported to be involved 
in the loss of tubular cells during IRI-, sepsis-, or folic acid 
(FA)-induced AKI [28–30]. As research into AKI has pro-
gressed, scholars have increasingly focused on the timing of 
the occurrence of these RCDs, the position they occupy, and 
the intersections. Necroptosis, characterized by cell swelling 
and rupture as well as the increased release of DAMPs and 
pro-inflammatory cytokines, is an inflammation-associated 
RN driven by activated RIPK1or other receptor-interacting 
protein kinase (RIP) homotypic interaction motif (RHIM) 
domain-containing proteins (such as TRIF or ZBP1) via 
the sequential phosphorylation of downstream RIPK3 and 
MLKL [31]. Martin-Sanchez et al. revealed that, during the 
initial 48 h, primitive insult-induced RNs—mainly ferrop-
tosis—contribute to the first wave of tubular cell death [32]. 
Ferroptotic and other regulated necrotic cells trigger inflam-
mation and cytokine release through the release of intracel-
lular components as well as damage-associated molecular 
patterns (DAMPs); this is called necroinflammation, and it 
leads to secondary cell death, especially necroptosis, thus 

engendering a vicious cycle [33–35] (Fig. 1). On the other 
hand, ferroptosis, necroptosis, and apoptosis are substitut-
able; inhibition in one pathway causes cells to be sensitive 
to death through another pathway [33, 34, 36]. While early 
blockade of the necroptosis-related pathway lacks a signifi-
cant protective effect on renal function in the first 48 h, it 
is effective in preventing vicious cycling and improving the 
prognosis of renal function [33, 34].

Working hypothesis

Recently, necroptosis has been reported to be implicated 
in the evolution of cardio-cerebrovascular, autoimmune, 
inflammatory, infectious, and malignant diseases, as well as 
AKI and IRI [37, 38]. However, a comprehensive description 
of necroptosis-related genes (NRGs), especially necroin-
flammation-associated NRGs (NiNRGs), with regard to the 
expression at the early stage of IRI-AKI is lacking. Thanks 
to the rapid development of sequencing technologies, bioin-
formatics analysis integrating machine learning algorithms 
has promoted the identification of disease biomarkers [39, 
40], providing opportunities for advancing early prediction, 
precise diagnosis, targeted intervention, and personalized 
treatment of diseases in the framework of PPPM [16]. There-
fore, this study aimed to investigate the expression landscape 

Fig. 1   Association between necroinflammation and tubular cell 
death. The primitive insult (ischemia/reperfusion, folic acid, sepsis, 
etc.) mediates the first wave of cell death and the release of DAMPs, 
cytokines, and cellular contents, thus inducing a loop between necro-
inflammation and the secondary wave of cell death. DAMPs, damage-

associated molecular patterns; IL-6, interleukin-6; MCP-1, monocyte 
chemoattractant protein-1; TNF-α, tumor necrosis factor-α. Parts of 
the figure were drawn by using or modifying pictures from Servier 
Medical Art, provided by Servier, licensed under a Creative Com-
mons Attribution 3.0 Unported License
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of NiNRGs at the early stages after IRI, identify biomarkers, 
and construct predictive models of graft status by integrating 
machine learning algorithms based on the gene expression 
differences between test and control groups. In this work, 
we focused on the identification of KTx prognostic biomark-
ers by NiNRG expression profiling to provide a predictive 
tool for predicting DGF and graft loss, as well as a basis 
for individualized prevention and intervention to reach the 
goal of PPPM of improving graft survival and reducing the 
incidence of complications.

Study design

We downloaded the IRI-AKI-related datasets from the 
Gene Expression Omnibus (GEO) database and extracted 
the necroinflammation-related genes (NiRGs) and NRGs 
from the GeneCards website as well as previous reports. 
Subsequently, NiNRGs were obtained through a correla-
tion analysis of NiRGs and NRGs, and the differentially 
expressed NiNRGs (DE-NiNRGs) were finally acquired 
based on the differentially expressed genes (DEGs) of the 
IRI-AKI dataset. These DE-NiNRGs were used to perform 
further analyses, such as the biological function annotation. 
We utilized DE-NiNRGs to conduct an unsupervised cluster-
ing of IRI samples to generate different necroinflammation-
related necroptosis phenotypes, and a diagnostic model was 
constructed to predict the occurrence of post-IRI DGF and 
long-term graft loss by integrating machine learning. Fur-
thermore, we analyzed the differences in gene expression, 
immune characteristics (including immune infiltration and 
immune response), and graft function among the different 
phenotypes and different prognostic risk groups. Figure 2 
illustrates the step-by-step procedures of our study.

Materials and methods

Dataset acquisition and processing

Expression profiling by array or high-throughput sequencing 
was set as the prerequisite to retrieve KTx-, IRI-, DGF-, and 
allograft survival-related datasets from the GEO database 
(https://​www.​ncbi.​nlm.​nih.​gov/​geo/) [41]. Five datasets (sum-
marized in Table S1) were finally chosen for the subsequent 
analysis and validation: (a) the GSE43974 dataset [42] con-
sists of 188 pre-recover and 203 post-ischemia/reperfusion 

(IR) renal biopsies; (b) the GSE90861 dataset [43] contains 
23 pairs of pre- and post-reperfusion biopsies, which 11 have 
been diagnosed as immediate graft function (IGF) and the 
other 12 as DGF; (c) the GSE126805 dataset [44] includes 
41 and 42 kidney biopsies from before and after reperfusion, 
respectively; (d) the GSE10419 dataset [45] comprises 29 
early post-KTx biopsies from 15 living and 14 DCD donors; 
and (e) the GSE21374 dataset [46] holds 282 late post-KTx 
biopsies. The R (version 4.1.2) packages “lumi” and “limma,” 
as well as log2 transformation, were used for data normali-
zation, transformation, background correction, and quality 
control.

Collection of NRGs and NiRGs

A total of 165 NRGs (Table S2) were acquired by running 
a search for “necroptosis” on GeneCrads (https://​www.​
genec​ards.​org/) with specific criteria (category protein cod-
ing and score > 0.8) or in previous reports [33–35, 47], and 
88 NiRGs (Table S3) were obtained by running a search for 
“necroinflammation” with “protein coding” as the criterion 
on GeneCards.

DE‑NiNRG identification and validation

The R package “limma” was employed to identify the posi-
tive DGEs in the GSE43974 dataset, with the cutoff criteria 
of a false detection rate (FDR) < 0.05 and a log2 fold change 
(logFC) > 0.5. The expression matrices of NiRGs and NRGs 
extracted from the GSE43974 dataset were correlated using 
the “cor.test” function of R software, and NiNRGs (Table S4) 
were output with the |correlation coefficient (R)|> 0.3 and a p 
value < 0.05. DE-NiNRGs were obtained by taking the inter-
section of DEGs and NiNRGs, which has been shown by the 
Venn network (Fig. 3B) drawn by EVenn [48]. The GSE90861 
and GSE126805 datasets were set as two independent cohorts 
to further validate the post-IRI expression of DE-NiNRGs.

Exploration of the proteinaceous association 
of DE‑NiNRGs

The protein–protein interaction (PPI) network demonstrates 
the known and potential associations among the proteins 
encoded by the nine DE-NiNRGs; this network was con-
structed by the STRING database [49] based on a certain 
criterion (organism: Homo sapiens; medium confidence: 
0.400; FDR < 0.05).

Enrichment analysis of biological processes, 
molecular functions, and pathways

The Gene Ontology (GO) and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) enrichment analyses of 

Fig. 2   Flowchart of this study. DE-NiNRGs, differentially expressed 
necroinflammation-associated necroptosis-related genes; GF, graft 
function; KTx, kidney transplantation; LASSO, least absolute shrink-
age and selection operator. Parts of the figure were drawn by using 
or modifying pictures from Servier Medical Art, provided by Ser-
vier, licensed under a Creative Commons Attribution 3.0 Unported 
License

◂

https://www.ncbi.nlm.nih.gov/geo/
https://www.genecards.org/
https://www.genecards.org/
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DE-NiNRGs were conducted using the R package “cluster-
Profiler” [50], with the two gene annotations obtained via 
the R package “org.Hs.eg.db” and the KEGG rest appli-
cation programming interface (https://​www.​kegg.​jp/​kegg/​
rest/​kegga​pi.​html) [51] as the background (Tables S5 and 
S6). Gene set variation analysis (GSVA) was conducted 
using the R package “GSVA,” referring to the H: hallmark 
gene sets (h.all.v2022.1.Hs.symbols.gmt) obtained from 
the Molecular Signatures Database (MSigDB; http://​www.​
gsea-​msigdb.​org/​gsea/​msigdb/​index.​jsp) [52], to identify 
the biological pathway differences in two IRI subtypes 
(Table S7). The significantly enriched functions and path-
ways were output when the FDR was < 0.05.

Analysis of immune characteristics

To understand the immune characteristics, single sample 
gene set enrichment analysis (ssGSEA) was applied to 
estimate the abundance of immune cell populations and 
the activity of immune response in each sample via the 
following R packages: “GSVA” and “GSEABase.” The 
abundance of macrophages and neutrophils was further 
validated by TIMER [53], xCELL [54], and ImmuCellAI 
[55]. The R function “cor.test” contributed to the correla-
tion analysis of immune characteristics and DE-NiNRGs.

Consensus clustering

To determine distinct necroinflammation-related necrop-
tosis subtypes, a cluster analysis of all the IRI samples in 
the GSE43974 dataset was performed using the R package 
“ConsensusClusterPlus” [56] based on the expression of 
DE-NiNRGs; the number of clusters (k) was set between 
2 and 8; the “partitioning around medoids” cluster algo-
rithm with “1-Spearman correlation” distance was used; 
and 80% of the samples were resampled for 50 repetitions. 
The determination of the optimal k was dependent on the 
best consensus among the items in each cluster.

Machine learning‑based construction 
of the post‑KTx DGF predictive model

First, 202 post-IRI early KTx samples from the GSE43974 
dataset recorded with graft function were divided 7:3 
into training and internal testing sets using the R package 
“caret.” Subsequently, the candidate genes with their regres-
sion coefficients were further generated from the training 
set by the tenfold cross-validated least absolute shrinkage 
and selection operator (LASSO) [57] regression using the 
R package “glmnet.” Binominal deviance values were used 
to select the key λ values by using the minimum criteria 
(lambda.min) and the 1 standard error of the minimum 
criteria (lambda.1se). Variables with non-zero coefficients 
decrease with increasing λ. Based on the minimum criterion, 
lambda.min was identified as the optimal λ. The candidate 
genes and coefficients can be identified by the optimal λ, 
and then the model is constructed. Furthermore, the risk 
scores were calculated using a linear combination of the 
regression coefficient and the expression of candidate genes 
( Riskscore =

∑n

i=1
[geneCoef

i
× geneExp

i
] ). The model’s 

robustness was validated by the internal testing set and an 
external set (the GSE90861 dataset), and the performance 
was evaluated through the receiver operating characteristic 
(ROC) curves based on the risk scores. Moreover, in agree-
ment with the ratio of the sample sizes of DGF and IGF, risk 
scores were used to organize the IRI patients into high- and 
low-risk groups for the subsequent study.

Recognition of long‑term allograft survival‑related 
DE‑NiNRGs

Considering the potentially vicious cycle of necroinflam-
mation and necroptosis, we explored the impact of the sus-
tained expression of these genes on long-term graft survival. 
Univariable Cox regression (hazard ratio (HR) ≠ 1 and p 
value < 0.05) was used to screen out long-term prognosis-
related DE-NiNRGs using the R package “survival,” refer-
ring to the GSE21374 dataset.

Construction of the graft survival predictive model

For the long-term prognosis-related DE-NiNRGs expres-
sion matrix extracted from the GSE21374 dataset (all sam-
ples were divided 7:3 randomly into training and testing 
groups), the predictive genes and coefficients were estab-
lished through the LASSO regression algorithm with tenfold 
cross-validation; the time-dependent ROC curves were used 
to illustrate the performance of the model. Based on the 
risk scores ( Riskscore =

∑n

i=1
[geneCoef

i
× geneExp

i
] ) and 

their median, the 206 samples with graft status information 
within 3 years (105 graft survival and 51 graft loss sam-
ples; 56 rejection and 150 non-rejection samples) from the 

Fig. 3   Identification of the nine DE-NiNRGs in post-IRI KTx sam-
ples. A Volcano plot of DEGs with labeled DE-NiNRGs. B Venn 
network of the DEGs and NiNRGs. C Correlation of the NiRGs and 
nine DE-NiNRGs. D Expression heatmap of the nine DE-NiNRGs 
in control and post-IRI samples. E Box plot of the expression of 
the nine DE-NiNRGs at the two time points. F, G Raincloud plots 
showed the expression of the nine DE-NiNRGs in the validation 
datasets GSE90861 (F) and GSE126805 (G). DEG, differentially 
expressed gene; DE-NiNRG, differentially expressed NiNRG; IRI, 
ischemia/reperfusion injury; NiNRG, necroinflammation-associated 
NRG; NiRG, necroinflammation-related gene. *p < 0.05; **p < 0.01; 
***p < 0.001

◂

https://www.kegg.jp/kegg/rest/keggapi.html
https://www.kegg.jp/kegg/rest/keggapi.html
http://www.gsea-msigdb.org/gsea/msigdb/index.jsp
http://www.gsea-msigdb.org/gsea/msigdb/index.jsp
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GSE21374 were subsequently divided into two different risk 
groups of graft loss. The prognostic differences between the 
two groups were assessed using the Kaplan–Meier (K–M) 
graft survival analysis, risk curve, and Chi-square test.

Statistical analysis

R software was utilized to carry out the statistical analysis. 
The distributions of continuous and nominal variables were 
characterized by descriptive statistics. Student’s t-test and 
Mann–Whitney U nonparametric test were applied to nor-
mal and abnormal distribution variables, respectively. The 
differences between the two IRI subtypes and risk groups of 
classified data were appraised using a two-sided Chi-square 
test, and Fisher’s exact test was used instead when the total 
sample size was less than 40. Pearson’s correlation method 
was employed to identify the association between genes and 
immune characteristics; a p value or DFR < 0.05 indicated 
statistical significance, while |R|> 0.3 was considered to be 
correlated.

Results

The early expression landscape 
of necroinflammation‑correlated NRGs in the KTx 
patients

A differential expression analysis of the expression profiles 
from 188 pre-IR and 203 post-IR kidney biopsies (under-
went cold ischemia and were recovered 1 h after reperfusion) 
yielded a total of 196 upregulated DEGs (Fig. 3A). Fur-
thermore, as described in previous sections, considering the 
close association between necroinflammation and necropto-
sis, 132 NiNRGs were obtained via a correlation analysis of 
the extracted expression matrices of the NiRGs and NRGs 
(Fig. S1; Table S4). Based on the DEGs and NiNRGs, nine 
genes (ANXA1, EGR1, HSP90AA1, IL6, JUN, MYC, NFK-
BIA, SERTAD1, and TNFAIP3) were finally identified as 
DE-NiNRGs; these are shown by the Venn network (Fig. 3B) 
and positioned in the volcano diagram (Fig. 3A). Notably, 
in accordance with the current understanding, these genes 
exhibited a more positive correlation with necroinflamma-
tion according to our analysis (Fig. 3C). The heat map and 
box plot more clearly present the expression landscape of 

the nine DE-NiNRGs in the control and IR kidney biopsies 
(Fig. 3D–E). To exclude any interference resulting from 
chance, we also validated the expression of the nine DE-
NiNRGs in two additional independent KTx profiles; the 
consistent results further demonstrated the upregulation and 
significance of these genes in the IR kidneys (Fig. 3F, G).

Interactions, functions, and immune correlation 
of DE‑NiNRGs

To capture the potential associations and bio-functions 
involved in the nine DE-NiNRGs, these genes were sub-
jected to functional enrichment analysis. As shown by the 
PPI network, the proteins encoded by DE-NiNRGs, with 
the exception of SERTAD1, are considered to engage in a 
high degree of interaction (Fig. 4A). Further results showed 
that these genes are involved in signaling pathways such 
as necroptosis, apoptosis, graft-versus-host disease, and 
inflammatory and immune responses, based on the KEGG 
pathway analysis; this is generally consistent with the anno-
tation results of biological and molecular functions (Fig. 4B; 
Tables S5 and S6). Therefore, we analyzed the differences 
in the abundance of immuno-infiltration and activity of the 
immune response at the early stage of IR compared to con-
trols. While the immune infiltration analysis did not show 
many differences, there was a broad upregulation of path-
ways related to inflammation and the immune response early 
after IR (Fig. 4C, D); it should be noted that these results 
were also influenced by potential graft rejection. The cor-
relation heat map further shows the potential relationships 
between the nine DE-NiNRGs and these immune charac-
teristics (Fig. 4E). In particular, we extracted and exhib-
ited the most positive and most negative associations: MYC 
was most positively correlated with mast cells and inter-
leukins, whereas NFKBIA was most negatively correlated 
with immature dendritic cells (DCs) and the TGFb family 
member receptor (Fig. 4E).

Identification of necroinflammation‑correlated 
necroptosis subtypes in the IRI patients

The degree of IRI varies from patient to patient, resulting 
in different extents of tubular cell death and thus causing 
different graft functions. Therefore, we aimed to investi-
gate the differences between the subtypes by stratifying 203 
IRI patients on the basis of the expression of the nine DE-
NiNRGs. We prioritized the consensus of items within the 
clusters to obtain the best k based on the consensus clus-
tering results (Fig. 5B). Ultimately, compared to the other 
values for k (Fig. S2), the IRI samples could be divided into 
two subtypes (Fig. 5A): cluster A (n = 92) and cluster B 
(n = 111). The principal component analysis (PCA) indicated 
a remarkable difference in DE-NiNRG expression between 

Fig. 4   Interaction, functional enrichment, and immune characteristic 
analysis of the DE-NiNRGs. A Protein–protein interactions among 
the nine DE-NiNRGs. B Biological process, molecular function, and 
KEGG pathway annotation of the nine DE-NiNRGs. C, D Differ-
ences in immune infiltration (C) and immune response activity (D) 
before and after IRI. E Correlation between the DE-NiNRGs and 
immune characteristics. MDSC, myeloid-derived suppressor cell. 
*p < 0.05; **p < 0.01; ***p < 0.001; ns, p ≥ 0.05

◂
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the two IRI subtypes (Fig. 5C). Gene expression differences 
were observed using a heat map (Fig. 5D). In particular, 
compared to cluster A, cluster B exhibited a higher expres-
sion of ANXA1, HSP90AA1, and MYC, while EGR1, NFK-
BIA, and SERTAD1 were downregulated; the remaining three 
DE-NiNRGs (IL6, JUN, and TNFAIP3) were not differen-
tially expressed (Fig. 5E, F). The differential expression of 

the DE-NiNRGs suggests potential differences in the extent 
of necroptosis in the two subtypes. The increasing levels 
of ANXA1 and HSP90AA1, as two DAMPs (key compo-
nents in the necroinflammation-associated necroptosis loop; 
Fig. 1) [37], may predict more severe cell death. However, 
the upregulation of NFKBIA—a classical inhibitor of the 
NF-κB pathway (another important pathway involved in 

Fig. 5   Identification of two IRI subtypes based on the DE-NiNRGs. 
A Consensus clustering matrix for k = 2. B Consensus of the items 
(k = 2–4) in each cluster. C Three-position PCA plot showing expres-
sion patterns of DE-NiNRGs between the two clusters. D–F Expres-
sion differences of the nine DE-NiNRGs between the two subtype 

clusters shown in the heatmap (D), box plot (E), and radar plot (F). 
BD, brain dead; CD, cardiac dead; DGF, delayed graft function; IGF, 
immediate graft function. *p < 0.05; **p < 0.01; ***p < 0.001; ns, 
p ≥ 0.05
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the necroinflammation-induced necroptosis process) [12, 
38]—appears to limit cell loss. These results suggested that 
cluster B patients may experience milder necroptosis and 
necroinflammation and were thus associated with distinct 
clinical features (Fig. 5D).

Immune characteristics, enrichment features, 
and clinical correlation of the two IRI subtypes

We explored the differences between the biological char-
acteristics of the two IRI clusters. The immune signature 
analysis revealed a distinct difference in immune activity 
between the two clusters. Compared to Cluster A, Cluster 
B exhibited an extensive downregulation of immune infil-
tration, accompanied by a lower activity of the immune 
response (Fig. 6A); this is in line with our previous discus-
sion. To further explore whether the expression of bio-path-
ways differed between the two IRI clusters, we performed 
a GSVA enrichment analysis based on the H: hallmark 
gene sets obtained from MSigDB (Table S7). The heat map 
shows the top 15 differentially expressed pathways based 
on FDRs (Fig. 6B). Notably, all 15 pathways were activated 
less in cluster B, especially allograft rejection, inflammation 
response, INF-α/γ response, IL6-JAK-STAT3 signaling, and 
IL2-STAT5 signaling (Fig. 6C, D).

Following this, the clinical features of the two subtypes 
were next revealed. In accordance with our findings, com-
pared to Cluster A, the quantity and proportion of DGF in 
cluster B were noticeably lower (p = 0.001), which seemed to 
indicate a better short-term prognosis (Fig. 6F). Regarding 
the types of donors, there are three kinds: living, DCD, and 
DBD donors. While there were no differences associated 
with DBD donors between the two groups, the other two 
types showed contrasting results (p < 0.0001): living donors 
were completely classified into the cluster B subtype, while 
cluster A had a higher proportion of DCD donors (Fig. 6E). 
We attempted to explore the expression differences in post-
KTx biopsies from different donors based on a new dataset 
(GSE10419) for the purpose of validation. Compared to 
living donor kidneys, kidneys extracted from DCD donors 
appeared to have an upregulation of ANXA1, HSP90AA1, 
and MYC after IR, which is in line with the results for cluster 
A (Fig. 6G).

Construction and validation of a DGF predictive 
model based on DE‑NiNRGs

The three candidate genes (ANXA1, HSP90AA1, and 
NFKBIA), with their regression coefficients (Fig. 7A–C; 
Table S8), used to construct the DGF predictive model, 
were selected from the training set (constructed by randomly 
selecting 70% of the 202 IRI samples from the GSE43974 
dataset) via the LASSO regression algorithm derived from 

the expression of the nine DE-NiNRGs. The accuracy of 
the risk score for the model was assessed using the ROC 
curve, and the area under the curve (AUC) was 0.791, 0.730, 
and 0.772 for the training set, the internal testing set, and 
the complete set, respectively (Fig. 7D–F). Furthermore, 
the GSE90861 dataset was used for further validation as an 
external test set, and the AUC was 0.773 (Fig. 7G).

Clinical characteristics and myeloid immune 
infiltration of the different DGF risk groups

The IRI sample was grouped by the risk scores. The high-
risk group retained higher amounts of DGF (p < 0.0001, 
Fig. 7H), which was also obtained in the external validation 
set (p = 0.0033, Fig. 7I). The donation of kidneys is closely 
linked to the occurrence of DGF; in particular, patients who 
receive kidneys from DCD donors experience a greater 
proportion of DGF [58, 59]. The subsequent analysis also 
demonstrated differences in kidney donation between the 
two groups. The high-risk group had more DCD donors, 
while the low-risk group had more living and DBD donors 
(p < 0.0001, Fig. 8A). Notably, the test of the variances in 
the subtype composition of the two risk groups showed that 
cluster B was more associated with lower risk (p < 0.0001), 
confirming our previous suppositions (Fig. 8A). The San-
key diagram visualizes the composition of donor type, graft 
function, subtype, and DGF risk in IRI samples (Fig. 8B).

Recent reports have suggested that myeloid immune cells 
may be critical for necroinflammation-mediated next wave 
of cell death, especially macrophages, DCs, and neutrophils 
[34, 35]. Therefore, we assessed the myeloid immune cell 
infiltration difference of the two risk groups using ssGSEA, 
which revealed a higher abundance of immature or plasma-
cytoid DCs, eosinophils, and macrophages in the high-risk 
group (Fig. 8C). Afterward, the abundance of both mac-
rophages and neutrophils was further evaluated using three 
other algorithms: TIMER, xCELL, and ImmuCellAI. In 
contrast to ssGSEA, these three algorithms showed differ-
ences in neutrophils between the two groups. Furthermore, 
the xCELL-based results demonstrated that macrophage dif-
ferences seem to arise mainly from the M1 type rather than 
the M2 type (Fig. 8C).

Exploration of NiNRGs for predicting long‑term 
graft survival

A continuous loop between necroinflammation and pro-
grammed necrosis is conceivable in the absence of effective 
intervention. We noticed that the graft rejection pathway was 
more activated in cluster A (Fig. 6B–D). As the occurrence 
of post-KTx DGF often leads to chronic rejection and future 
allograft loss, we further explored the potential of DE-NiN-
RGs for predicting graft survival time after a biopsy. The 
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long-term prognosis-related DE-NiNRGs (ANXA1, NFKBIA, 
IL6, JUN, EGR1, MYC, and TNFAIP3) in the GSE21374 
dataset that were screened using univariate Cox regression 
are displayed in the forest plot (Fig. 9A).

We randomized all of the recipients in the GSE21374 
dataset into two sets (in a 7:3 division) for training and 
testing, respectively. Based on the seven prognostic NiN-
RGs, the LASSO regression analysis was conducted for 
the training set to identify the risk genes, and five genes 
were finally selected (ANXA1, EGR1, JUN, MYC, and NFK-
BIA; Fig. 9B–C). The final risk score for each sample was 
obtained by summing the products of gene expression and 
coefficients (Fig. 9D; Table S9). In the training set, the time-
dependent ROC curves yielded the AUCs (0.817, 0.852, and 
0.862) of risk scores for 1–3 years of survival; the corre-
sponding values in the test set were 0.770, 0.702, and 0.735, 
respectively (Fig. 9E, F). The predictive accuracy of the 
risk score in the complete set was 0.802, 0.814, and 0.833 
(Fig. 9G). These results demonstrated that the seven-NiNRG 
predictive model was capable of predicting the long-term 
prognosis of allografts.

By grouping patients (based on the median risk scores), 
we compared the differences in graft loss and rejection 
between the two risk groups. Obviously, the higher-risk 
recipients were more likely to suffer allograft loss (Fig. 10A, 
B). Similar results are also reflected in graft rejection 
(Fig. 10C). The K–M curve intuitively shows that outcomes 
became worse in the high-risk group as the year increased 
(Fig. 10D). Finally, we summarized the composition of the 
patients using the Sankey diagram (Fig. 10E).

Discussion

In this study, we first comprehensively explored the necro-
inflammation-associated necroptosis in the early post-IRI 
stage and its impact on short-term graft function and long-
term graft survival. NiNRGs were obtained using correla-
tion analysis, and we selected nine upregulated DE-NiNRGs 
(ANXA1, EGR, HSP90AA1, IL6, JUN, MYC, NFKBIA, SER-
TAD1, and TNFAIP3) in the post-IR renal biopsies. Based 
on the expression profile of DE-NiNRGs, we clustered the 
post-KTx IRI patients to determine the biological processes, 

immune characteristics, and clinical features of the two 
different subtypes. Finally, we constructed a DE-NiNRG-
dependent DGF and long-term graft survival prediction 
model with good predictive validity.

Current knowledge of cell death in IRI‑AKI

The post-AKI cell death process has been attracting increas-
ing attention from researchers. According to the latest con-
sensus of the Nomenclature Committee on Cell Death in 
2018, cell death can be classified into accidental cell death 
and RCD; the latter can be further divided into 12 forms, 
namely intrinsic apoptosis, extrinsic apoptosis, mitochon-
drial permeability transition-driven necrosis, necroptosis, 
ferroptosis, pyroptosis, parthanatos, entosis, NETosis, lyso-
some-dependent cell death, autophagy-dependent cell death, 
and immunogenic cell death [60]. In addition, some other 
types of cell death are being increasingly reported, including 
calcicoptosis [61] and cuproptosis [62]. Researchers have 
long sought to understand which cell deaths contribute to 
the loss of renal tubular cells, as well as the proportion, 
order, and crosstalk of these cell deaths. Pathologists ini-
tially described the histopathological changes after IRI-AKI 
as acute tubular necrosis (ATN), until it was first linked with 
apoptosis by Schumer et al. in 1992 [63]. Afterward, as the 
understanding deepened, more evidence for the involvement 
of cell death in AKI was presented, especially for ferrop-
tosis [64] and necroptosis [65]. However, recently, there 
has been further understanding of such cell deaths during 
AKI, as detailed in the previous sections. Therefore, while 
blocking ferroptosis resulted in a greater benefit for renal 
hypofunction within the initial 24 h after reperfusion, the 
vehicle targeting the necroinflammatory-associated necrop-
tosis-associated pathway did cut off the vicious loop to pre-
vent the ensuing cell loss [32–34, 66]. Consequently, early 
mitigation of cell loss is crucial to achieving PPPM in post-
KTx patients.

Expected impact of the current study on the PPPM 
model for maintaining graft adaptation

Achieving PPPM is an exciting vision for the field of trans-
plantation medicine. As we have discussed previously, 
multi-stage prediction, prevention, and treatment should be 
applied to the management of post-KTx complications.

First stage

Identifying prognosis-related factors in the donor’s kidney 
during the pre-transplant stage. For example, the available 
evidence suggests an association between donor-specific 
antibodies and poor KTx outcomes [7, 67]. Furthermore, 
exploring the impact of pre-donor and pre-transplant therapy 

Fig. 6   Immune characteristics, biological pathways, and clinical cor-
relations of the two subtypes. A Inter-subtype differences in immune 
infiltration and immune response activity. B, C Heatmap (B) and box 
plot (C) showed the different hallmarks between the two clusters. D 
T value of the GSVA analysis. E, F Stacked bar charts compare the 
differences in donor type (E) and graft function (F) between the two 
clusters. G Comparison of DE-NiNRG expression between CD and 
living donors in dataset GSE10419. CD, cardiac dead; DGF, delayed 
graft function; IGF, immediate graft function. *p < 0.05; **p < 0.01; 
***p < 0.001; ns, p ≥ 0.05

◂
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on the renal allograft. Ngamvichchukorn et al. revealed that 
pre-transplant peritoneal dialysis was associated with a 
lower risk of overall graft loss and DGF, but more data is 
needed to validate this finding [68]. Moreover, more accu-
rate donor–recipient matching, shorter ischemic period, and 
more suitable graft storage conditions are also essential.

Second stage

Early post-KTx prediction of complications, especially DGF, 
is crucial for intervention, which is the objective of our work. 
DGF is strongly implicated in higher rates of allograft rejec-
tion and inferior short- or long-term prognosis [4, 69], which 

Fig. 7   Establishment and validation of the DGF predictive model. 
A Selecting λ in the LASSO model using tenfold cross-validation. 
Two vertical dotted lines were drawn at the lambda.min (the optimal 
λ, left) and lambda.1se (right). B LASSO coefficient profiles of the 
nine DE-NiNRGs. The dotted line was drawn at the optimal λ and 
resulted in 3 nonzero coefficients. C Coefficients of the candidate 
NiNRGs. D, E The ROC curves show the performance of the model 

on the training set (D), the internal test set (E), and the complete set 
(F). G Validation of the DGF predictive model on the external test 
set GSE90861 by ROC curves. H, I Donor type differences between 
the high- and low-risk groups of the whole set (H) and external test 
set (I). AUC, area under the curve; DGF, delayed graft function; IGF, 
immediate graft function
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is an important challenge for a subset of KTx patients that 
needs to be addressed at the early post-surgical stage. How-
ever, while some previous predictive tools have been widely 
applied, their effectiveness is still limited [20]. Therefore, 
effective predictive strategies for DGF and graft failure need 
to be explored. The identification of biomarkers will facili-
tate the early identification and development of novel drugs 
targeting DGF to improve the prognosis of KTx. Consen-
sus clustering provided us with two IRI subtypes. Cluster 
A patients appeared to experience more severe necroptosis 
and necroinflammation, supported by upregulated DAMPs 
(ANXA1 and HSP90AA1) as well as decreased NFKBIA 
expression; furthermore, this cluster was more associated 
with DGF and DCD donors and had a higher allograft rejec-
tion pathway activity. On the other hand, the LASSO regres-
sion identified the final candidate NiNRGs for predicting 
DGF occurrence (ANXA1, HSP90AA1, and NFKBIA) and 
allograft loss (ANXA1, EGR1, JUN, MYC, and NFKBIA); 
this helped us to construct different prognostic predictive 

models for KTx patients by machine learning algorithms. 
Higher risk scores are associated with a poorer prognosis, 
including a higher incidence of DGF and shorter graft sur-
vival. These results suggested the significance of NiNRGs in 
the early prediction of graft dysfunction. In high-risk patient 
groups, breaking the loop between necroinflammation and 
necroptosis and limiting the infiltration of myeloid immune 
cells are particularly important to prevent complications and 
improve graft adaptation. In other words, different manage-
ment patterns for different subtypes are more conducive to 
precision medicine. The potential of NiNRG-targeted ther-
apy will be discussed in a later section.

Third stage

After the complications have passed through the pre-
clinical stages and have shown observable clinical signs, 
the key to management is to stop further deterioration 
that could lead to graft loss or patient mortality. The 

Fig. 8   Clinical correlations and myeloid immune infiltration of the 
two DGF risk groups and the optimization of the DGF predictive 
model. A Stacked bar charts compared the differences in donor type 
and IRI subtype between the two groups. B Sankey diagram showing 
the relationships among the donor type, graft function, IRI cluster, 

and the risk of IRI samples. C Myeloid immune infiltration of the two 
DGF risk groups. BD, brain dead; CD, cardiac dead; DGF, delayed 
graft function; IGF, immediate graft function. *p < 0.05; **p < 0.01; 
ns, p ≥ 0.05
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necroinflammation–necroptosis loop is an important con-
tributor to persistent tubular cell death and renal allograft 
dysfunction. Potential interventions based on NiNRGs 
may be beneficial in this phase, but further research is 
still needed.

Potential of NINRG‑targeted treatment

Our pathway annotation results showed that the IL-17 
signaling pathway, the TNF signaling pathway, the Toll-
like receptor (TLR) signaling pathway, chronic myeloid 

Fig. 9   Establishment and validation of the long-term graft survival 
predictive model. A Forrest plot of univariate Cox regression analy-
sis of the nine DE-NiNRGs. B, C Five candidate NiNRGs acquired 
via tenfold cross-validated LASSO regression. D Coefficients of the 

candidate NiNRGs. E–G Time-dependent ROC evaluated the perfor-
mance of the long-term graft survival predictive model in the training 
set (E), the testing set (F), and the whole set (G). AUC, area under 
the curve
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interleukins, the PI3K-Akt signaling pathway, the NF-κB 
signaling pathway, and the JAK-STAT signaling pathway 
were enriched. In 2012, Linkermann et al. identified that 
TNF-α-mediated Rip1-dependent post-IRI renal tubular 
epithelial cell death could be ameliorated by necrostatin-1 
(Nec-1); it could also attenuate organ injury and failure, pro-
viding initial evidence for necroptosis-related tubular cell 
loss [65]. TNF-α, commonly elevated after IRI, is consid-
ered to be one of the key molecules triggering necropto-
sis, and the in vitro application of Nec-1 has been found to 
mitigate the death of murine tubular epithelial cells [34, 65, 
70]. Recent reports have demonstrated that the upregulated 
TWEAK/Fn14 pathway during AKI promotes the release of 
MCP-1 and IL-6 from bone marrow-derived immune cells 
and proximal tubular cells via the RIPK3-evoked activation 

of NF-κB; these inflammatory factors subsequently mediate 
a necroptosis-dependent second wave of tubular cell death 
[35]. Indeed, RIPK1 is also implicated in the mediation 
of TRIF-dependent NF-κB activation via TLR3/4 [71]. In 
addition, Leng et al. reported that EP3 signaling can also 
mediate necroinflammatory responses to promote necrop-
tosis, while EP3-deficiency ameliorates IRI-induced AKI 
by breaking the cycle from necroinflammation to RN [34]. 
Moreover, IL-6 is capable of activating the JAK-STAT sign-
aling pathway [72, 73], which could downregulate the cas-
pases, including caspase-8 (the switch between necroptosis 
and apoptosis) [74]. Thus, the suppression of necroinflam-
mation-associated necroptosis may lead to the induction of 
the apoptotic pathway [33, 34]. Similarly, IL-17 has been 
reported to contribute to defective autophagy and has been 

Fig. 10   Clinical correlations of the two long-term risk groups. A Risk 
map of the two long-term risk groups. B K–M survival plot shows 
graft survival over time. C, D Stacked bar charts compare the differ-

ences in the occurrence of graft failure (C) and rejection (D) between 
the two long-term risk groups. E Relationship among the occurrence 
of long-term graft failure, graft rejection, and the risk of recipients
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associated with increased necroptosis [75]; however, there 
is a dearth of relevant studies on its role in IRI or AKI. 
The relevance of these pathways also laterally corroborates 
the activation of necroinflammation-associated necroptotic 
pathways in the early post-IRI stage. Furthermore, caspase-8 
is involved in the switch from RN to pyroptosis when apop-
tosis and necroptosis are both blocked [76]. We drew an 
association between this and the recently proposed term, 
PANoptosis, a distinct form of cell death that integrates 
pyroptosis, apoptosis, and necroptosis and is regulated by 
the PANoptosome [77]. Targeting ferroptosis early after IRI 
can effectively alleviate cell loss, while blocking necroin-
flammation-associated necroptosis and caspase-8 seems to 
yield more benefits. With the technological development of 
engineered extracellular vesicles, targeting these pathways 
in the kidney will become more feasible [78].

The immunoinfiltration analysis showed a higher propor-
tion of DCs and macrophages in both Cluster A and the 
high-DGF-risk group; the latter also had a higher neutrophil 
abundance. In a recent report, Martin-Sanchez et al. con-
firmed the key role of bone marrow-derived macrophages 
(BMDMs) and bone marrow DCs (BMDCs) in evoking 
necroinflammation via RIPK3, although renal tubular epi-
thelial cells are also involved in the release of inflammatory 
mediators [35]. However, compared to BMDCs, BMDMs 
are more dominant, as RIPK3 not only increases IL-6 and 
IL-1β but also MCP-1 [35]. The role of BM-derived cells, 
especially myeloid cells, has also been emphasized by Leng 
et al.; EP3 deficiency in myeloid cells and global EP3 dele-
tion have the same ameliorative effect on renal function after 
IRI [34]. These findings, combined with our results, suggest 
that macrophages, DCs, and neutrophils may be promising 
targets.

Limitations

In the PPPM framework, multi-stage and multi-omics pre-
diction is the key to achieving accurate early intervention 
and treatment [13]. Here, we have mainly explored the con-
tribution of high-throughput sequencing, machine learning, 
and comprehensive bioinformatics. Future studies need to 
integrate classical and emerging indicators or biomark-
ers, pathology, and imaging. With further improvement of 
the clinical information of KTx patients or in combination 
with certain laboratory indicators, a nomogram can be con-
structed to obtain better predictive ability. New studies on 
necroinflammation and necroptosis are emerging, so the 
relevant genes and pathways reported in these articles will 
expand our gene sets. Moreover, while this study focuses 
primarily on IRI, AKI caused by other factors warrants fur-
ther exploration. The stability of the prediction model also 
requires more data to be validated. The results of this study, 

along with the multicenter permission for obtaining clinical 
samples, can also guide future experiments.

Conclusions and expert recommendations

In conclusion, NiNRGs were upregulated early in the renal 
allograft after experiencing IR and are risk factors for sub-
sequent DGF. NiNRG expression was closely associated 
with the necroinflammatory response, cell death, and graft 
rejection pathways; the patient group with higher risk scores 
based on the NiNRGs showed more activated inflammatory 
responses, especially infiltration of myeloid-derived immune 
cells. Dependent on late post-KTx biopsies, a high-risk score 
also suggested a worse prognosis, including a correlation 
with chronic rejection and shorter graft survival. The predic-
tive models we constructed were capable of assessing KTx 
prognosis.

Predictive medical approach

Expression of some NiNRGs was upregulated in renal 
allografts and was associated with poor prognosis in KTx 
patients. Based on the results of our analysis, we suggested 
that ANXA1 and HSP90AA1 may be potential biomarkers 
for predicting DGF in the early post-KTx stages, while NFK-
BIA was found to be protective against the development of 
DGF. Excessive upregulation of ANXA1, MYC, and JUN in 
later stages after KTx may indicate an increased risk of graft 
loss, whereas NFKBIA and EGR1 had the opposite effect. 
These NiNRGs could be useful for developing a multi-stage 
and multi-omics post-KTx PPPM model in the future.

Targeted prevention

Our work focuses on secondary and tertiary prevention of 
DGF and graft loss. The expression of NiNRGs reflected 
the prognostic as well as the immunological characteristics 
of KTx patients. Identification of these markers in the early 
post-KTx phase and providing effective targeted interven-
tions may be able to prevent the shift from the pre-clinical 
to the clinical phase of DGF. NiNRGs have also shown their 
potential in predicting the risk of late graft loss, which is a 
prerequisite for treatment to avoid further deterioration in 
those symptomatic patients.

Personalized treatments

Early identification of necroinflammatory-associated 
necroptosis can contribute to the clustering of patients and 
assigning risk levels, thus facilitating different management 
strategies for different subtypes. For high-risk patients, it is 
particularly important to target NiNRGs to break the vicious 



325EPMA Journal (2023) 14:307–328	

1 3

cycle. NiNRG expression may be a marker of excessive infil-
tration of myeloid immune cells or, alternatively, evidence 
for the development of personalized immunotherapy. Tar-
geting these genes may be able to improve the efficacy of 
immunotherapy while alleviating graft dysfunction. On this 
basis, combining multi-omics diagnostic and therapeutic 
strategies under the framework of PPPM can enable per-
sonalized treatment of post-KTx patients.
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