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Abstract. Ferroptosis and lethal sepsis are interlinked, although 
this association remains largely unknown to clinical panels. 
Sepsis is characterized by dysfunction of the inflammatory 
microenvironment. Most septic biomarkers lack independent 
validation, and a comprehensive diagnosis comprising biomarker 

assessment combined with clinical evaluation may improve 
sepsis management. Targeting ferroptosis regulators may offer 
new hope for uncovering the inflammatory machinery and for 
developing novel diagnostic methods for sepsis, and bioinfor‑
matics analyses are a valuable tool to investigate this further. In 
the present study, septic datasets were obtained from the Gene 
Expression Omnibus database. Differentially expressed genes 
(DEGs) were subsequently introduced in enrichment analyses 
and intersected with ferroptotic genes for acquiring ferrop‑
tosis‑related DEGs (FRDEGs). A protein‑protein interaction 
network (PPIN) was then constructed to retain hub‑FRDEGs, 
and this was imported into three machine learning algorithms. 
A nomogram based on the logistic regression model was 
subsequently built and validated in silico. CIBERSORT and 
single‑sample gene set enrichment analysis were used to carry 
out an analysis of the immune microenvironment, and inflam‑
matory associations with the hub‑FRDEGs were examined. 
A cellular model was subsequently applied to substantiate the 
results of the bioinformatic analyses. A total of 94 FRDEGs 
were obtained from the overlap of 4,410 DEGs and 506 ferrop‑
totic genes. One PPIN of FRDEGs was constructed to identify 
38 hub‑FRDEGs, and the three machine learning algorithms 
were subsequently analyzed, which resulted in the identification 
of three hub‑FRDEGs, namely ataxia telangiectasia mutated, 
dipeptidyl peptidase 4 and thioredoxin. One diagnostic nomo‑
gram was advanced and scrutinized for its diagnostic accuracy. 
The functions and pathways of the DEGs were revealed to 
be mainly concentrated on the immune response and cellular 
transportation. A notably wide discrepancy was demonstrated 
to exist between the hub‑FRDEGs and the immunocytes. In 
conclusion, three potential hub‑FRDEGs connected with sepsis 
were identified in the present study. Their diagnostic accuracy 
and immune association demonstrated that ferroptosis is impli‑
cated in the inflammatory dysfunction of sepsis, and based on 
these findings, novel strategies for pharmacological interference 
and improving diagnostic utility may be developed to facilitate 
improved management of sepsis.

Introduction

The incidence of sepsis globally has been estimated at 
48.9 million, and sepsis accounts for 19.7% of worldwide cases 

Combination of machine learning and protein‑protein 
interaction network established one ATM‑DPP4‑TXN 

ferroptotic diagnostic model with experimental validation
MENGZE WU1,2*,  ZHAO ZOU1,2*,  YUCE PENG1,2  and  SUXIN LUO1,2

1Division of Cardiology, The First Affiliated Hospital of Chongqing Medical University, Yuzhong, Chongqing 400016, P.R. China; 
2Cardiovascular Disease Laboratory, Chongqing Medical University, Yuzhong, Chongqing 400016, P.R. China

Received February 18, 2025;  Accepted June 11, 2025

DOI: 10.3892/mmr.2025.13604

Correspondence to: Dr Yuce Peng, Cardiovascular Disease 
Laboratory, Chongqing Medical University, 1 Yixueyuan Road, 
Yuzhong, Chongqing 400016, P.R. China
E‑mail: china.pyc@live.com

Dr Suxin Luo, Division of Cardiology, The First Affiliated Hospital 
of Chongqing Medical University, 1 Youyi Road, Yuzhong, 
Chongqing 400016, P.R. China
luosuxin@hospital.cqmu.edu.cn

*Contributed equally

Abbreviations: ACSL4, acyl CoA synthetase long chain family 
member  4; AUC, area under curve; ATM, ataxia telangiectasia 
mutated; BP, biological process; CC, cellular component; CDF, 
cumulative distribution function; DEGs, differentially expressed 
genes; DPP4, dipeptidyl peptidase  4; FRDEGs, ferroptosis related 
DEGs; FRGs, ferroptosis related genes; GEO, Gene Expression 
Omnibus; GO, Gene Ontology; GSVA, gene set variation analysis; 
GPX4, glutathione peroxidase 4; oxidized glutathione; GSSG; 
KEGG, Kyoto Encyclopaedia of Genes and Genomics; LASSO, least 
absolute shrinkage and selection operator; LPS, lipopolysaccharide; 
MF, molecular function; MDA, malondialdehyde; si, small 
interfering; NC, negative control; NCOA4, nuclear receptor 
coactivator 4; NK, natural killer; OD, optical density; PMA, phorbol 
myristate acetate; PCA, principal component analysis; PPIN, protein 
protein interaction network; ROC, receiver operating characteristic; 
Tregs, regulatory T  Cells; RMA, robust multiarray averaging; 
ssGSEA, single sample gene set enrichment analysis; STRING, 
Search Tool for the Retrieval of Interacting Genes/Proteins; 
SGLT2, sodium glucose cotransporter 2; SVM‑RFE, support vector 
machine‑recursive feature elimination; TXN, thioredoxin

Key words: sepsis, ferroptosis, immune microenvironment, ataxia 
telangiectasia mutated, DPP4, thioredoxin

https://www.spandidos-publications.com/10.3892/mmr.2025.13604


WU et al:  ATM-DPP4-TXN FERROPTOTIC DIAGNOSTIC MODEL WITH VALIDATION2

of mortality (1). Resulting from infections, sepsis manage‑
ment is important for patients given the high mortality rate in 
hospitals (>10%) (2), and therefore the rapid diagnosis of sepsis 
is important. Biomarkers have been revealed to be invaluable 
in terms of differentiating and predicting the prognoses for 
suspected septic cases (3). However, the majority of septic 
biomarkers need to be validated and evaluated independently 
of their clinical utility (4). Therefore, the deficiencies that 
currently exist in the knowledge of diagnosing sepsis act as 
a stimulant for the development and validation of novel septic 
diagnostic utilities.

Ferroptosis is a type of regulated cell death that is character‑
ized by iron‑dependent metabolic imbalance and phospholipid 
peroxidation (5). The enzyme glutathione (GSH) peroxidase 4 
(GPX4) serves a role in monitoring the level of lipidic oxida‑
tive stress, and an increase in GPX4 leads to a decrease in the 
level of oxidative stress resulting from phospholipid peroxi‑
dation; therefore, either reducing the level of this enzyme, or 
impairing its activity, may commit the cells to ferroptosis (5). 
Inflammation and ferroptosis are interlinked: Inflammation 
may trigger ferroptosis (6), whereas a previous study demon‑
strated that the latter may amplify inflammation (7). Regarding 
sepsis, ferroptosis and immune microenvironment dysfunction 
are implicated in this process, and both exercise mediatory 
roles in its progression. Ferroptosis has been revealed to exac‑
erbate sepsis induced encephalopathy, cardiomyopathy, acute 
lung injury and acute kidney injury (8). Methyltransferase‑like 
3 contributes to septic acute lung injury via neutrophil extra‑
cellular traps‑mediated m6A modification, and subsequently, 
alveolar epithelial cellular ferroptosis (9), whereas the nuclear 
factor, interleukin 3 regulated‑acyl‑CoA synthetase long‑chain 
family member 4 (ACSL4) signaling axis was revealed to 
regulate ferroptosis and inflammation in septic acute kidney 
injury (10). However, additional studies are required to prop‑
erly delineate the roles of ferroptosis and immune infiltration 
in septic pathogenesis and development.

The present study has concentrated on screening and vali‑
dating novel septic biomarkers from the perspective of their 
involvement in ferroptosis and their inflammatory roles in 
sepsis. The aim was to analyze septic transcriptomic data via 
next‑generation sequencing, and candidate biomarkers were 
selected using a protein‑protein interaction network (PPIN) 
and machine learning algorithms. The diagnostic accuracy of 
the candidate biomarkers was then investigated separately and 
holistically, and their correlation with the immune microen‑
vironment was analyzed using immune infiltration scoring. 
Subsequently, in vitro experiments were designed to experi‑
mentally validate the bioinformatics results, which identified 
three potential hub ferroptosis‑related differentially expressed 
genes (FRDEGs) that were shown to be associated with sepsis. 
Taken together, the findings of the present study have provided 
a promising and practical contribution to the diagnosis and 
management of sepsis.

Materials and methods

Data collection. Sepsis‑associated gene expression datasets 
were obtained from the Gene Expression Omnibus (GEO) 
database (ncbi.nlm.nih.gov/geo/) searching the keywords 
‘sepsis’ and ‘Homo sapiens’. The transcriptomic datasets 

that were selected were required to conform to the following 
criteria (11): i) Samples had been collected from whole blood; 
ii) samples contained healthy control and septic patients (in a 
state of either sepsis or septic shock); and iii) the sample size 
was >50. Ultimately, four datasets (dataset nos. GSE185263, 
GSE57065, GSE131761 and GSE95233) were downloaded 
from the GEO database. Of these datasets, GSE185263 was the 
only one generated by a high‑throughput sequencing platform, 
the other datasets were generated by a microarray platform.

The batch effect from experimental restrictions in data 
batches often impedes subsequent analysis with statistical 
heterogeneity (12), and the dataset bias from the significant 
difference in the principle and measurement of microarray 
data (the continuous measurement on the signal sensitivity of 
probes) (13) and high‑throughput data (integer counts on the 
copy number of transcripts) (14) causes the incomparability 
of transcriptomic profiling (15). The design of two previous 
septic studies were consulted (11,16) to avoid the batch effect 
and dataset bias simultaneously. The authors had selected one 
high‑throughput dataset and multiple microarray datasets and 
separately used each dataset by using the high‑throughput 
dataset as a training cohort and microarray datasets as inde‑
pendent external validations. Following the aforementioned 
precedents, GSE185263 (high‑throughput dataset) was 
assigned as the training cohort and the three other micro‑
array datasets (GSE57065, GSE131761, and GSE95233) were 
assigned as the independent external validation cohorts.

GSE185263, the training cohort, generated by the 
GPL16791 high‑throughput sequencing platform, consists 
of 348  septic and 44 control samples  (17). The GRCh38 
Human Genome Assembly (ncbi.nlm.nih.gov/data‑
sets/genome/GCF_000001405.40/) was downloaded, the raw 
counts of the RNA‑sequencing dataset were annotated and the 
data were normalized as transcripts per kilobase million (18).

The three other microarray datasets, GSE57065, 
GSE131761 and GSE95233, were annotated by matching series 
matrices and corresponding annotation files, and the data were 
uniformly normalized using robust multiarray averaging, 
with log2 transformation. GSE57065, the test cohort, gener‑
ated by the GPL570 microarray platform, included 82 septic 
and 25 control samples (19), whereas GSE131761 (validation 
cohort A), generated by the GPL13497 microarray platform, 
contained 81 septic and 15 control samples (20) and GSE95233 
(validation cohort B), generated by the GPL570 microarray 
platform, comprised 102 septic and 22 control samples (21).

Differentially expressed gene (DEG) analysis. In the 
training cohort, DEGs were screened using the R 
package ‘edgeR’ version  4.6.2 (bioconductor.org/pack‑
ages/release/bioc/html/edgeR.html) with a threshold of |log 
fold change|≥1 and a false discovery rate <0.05 (22). DEGs 
were then visualized using the R packages ‘ggplot2’ and 
‘pheatmap’.

Enrichment analyses. Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) enrichment 
analyses of DEGs were performed using the R package 
‘clusterProfiler’ (23); gene set variation analysis (GSVA) was 
performed to reveal the status of signaling pathways between 
groups using the R packages ‘GSVA’ (24) and ‘DOSE’ (25). 
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All results were filtered through a threshold of P≤0.05, and 
data were visualized using the R package ‘enrichplot’.

FRDEG screening. In the present study, FRDEGs were defined 
as the overlapping genes of DEGs and ferroptosis‑related genes 
(FRGs). The latter were separately obtained from the FerrDb 
database (26) (n=484) and the GeneCards database (27) (n=92), 
genes with a relevance score >3 were retained. After combining 
the two lists of FRGs, duplicated genes were removed and a set 
of unique FRGs (n=506) was generated. The intersection of 
DEGs and FRGs was visualized using the R package ‘ggvenn’ 
and the intersecting genes were identified as FRDEGs.

PPIN construction. PPINs have been applied to identify key 
regulators in biological processes (28). In the present study, 
a PPIN was used to identify key regulators in sepsis‑associ‑
ated ferroptosis, and these key regulators were defined as 
hub‑FRDEGs. To build the PPIN, FRDEGs were imported into 
the Search Tool for the Retrieval of Interacting Genes/Proteins 
(STRING) online database (29), the PPINs were then imported 
into Cytoscape (30) for visualization.

To select hub‑FRDEGs from the raw PPIN, ‘cytoHubba’, a 
Cytoscape plugin for network ranking, was deployed in order 
to rank the topological importance of each PPIN node using 
different algorithms (31). In the present study, five CytoHubba 
algorithms, Maximum Neighborhood Component, Density 
of Maximum Neighborhood Component, Maximal Clique 
Centrality, Edge Percolated Component and Degree, were 
used to rank the PPIN nodes, and the top 50 nodes from each 
algorithm were chosen, intersected and pinpointed as hub 
FRDEGs. In addition, chromosomal locations of hub FRDEGs 
were recognized and portrayed using the R package ‘RCicos’.

Machine learning analysis. Machine learning algorithms 
enable the number of candidate hub‑FRDEGs to be reduced 
using the modelling fitting of the transcriptomic profile. 
Conforming to specific key parameters, the hub‑FRDEGs 
selected by the machine learning algorithms were deemed 
to be the hub‑FRDEGs that were most relevant to sepsis. 
In the present study, three machine learning algorithms, 
namely the least absolute shrinkage and selection operator 
(LASSO), support vector machine‑recursive feature elimina‑
tion (SVM‑RFE) and random forest, were used to select the 
hub‑FRDEGs that were most relevant to sepsis.

For the LASSO algorithm, the key parameter was the λ 
value determining the binomial deviance of model fitting, 
and the λ value responding to the minimum binomial devi‑
ance was deemed as optimal (32). Under the optimal λ, all 
hub‑FRDEGs retained in the LASSO fitting model were 
selected using the R package ‘glmnet’  (33). Regarding the 
random forest algorithm, the key parameter was the Gini 
index, and all hub‑FRDEGs were rated and selected below the 
specific Gini index using the R package ‘randomForest’ (34). 
Considering the SVM‑RFE algorithm, realized using the 
R package ‘e1071’, all the hub‑FRDEGs that minimized the 
10‑fold cross‑validation error rate were recommended (35). 
Overlapping hub‑FRDEGs, as selected by the algorithms, 
were deemed to be the hub‑FRDEGs for further study, and 
their closeness with other genes was analyzed and visualized 
using the GeneMANIA database (36).

Logistic regression and nomogram construction. In the 
training cohort, logistic regression analysis was performed to 
build a predictive model of sepsis using the R package ‘rms’. A 
diagnostic nomogram was subsequently constructed according 
to the logistic regression formula, and its diagnostic accuracy 
was evaluated using the calibration curve, the confusion 
matrix, the decision curve and the receiver operating charac‑
teristic (ROC) curve. The differences in expression were then 
identified by comparing the hub‑FRDEGs between the control 
and sepsis samples, and these were subsequently visualized 
using heatmaps and box‑plots, whereas their diagnostic accu‑
racy was assessed using the ROC curve. The calibration curve 
with Homer‑Lemeshow test, decision curve, heatmap, ROC 
curve and box plots were constructed using the R packages 
‘caret’, ‘rmda’, ‘pheatmap’, ‘pROC’ and ‘ggplot2’, respectively. 
Finally, the confusion matrix was calculated using the R 
package ‘caret’, and subsequently visualized for presentation.

To validate the diagnostic accuracy of the hub‑FRDEGs 
and nomogram, the changes in expression of hub‑FRDEGs 
under septic conditions were quantified, the area under the 
curve (AUC) values in the ROC curves of the hub‑FRDEGs 
and nomogram were calculated, and all results in the test 
cohort (GSE57065), validation cohort A (GSE131761) and 
validation cohort B (GSE95233) were visualized. The changes 
in hub‑FRDEGs resulting from sepsis were visualized using 
box plots and heatmaps, whereas the diagnostic accuracies 
of hub‑FRDEGs and nomograms were visualized using a 
confusion matrix and calibration curve, respectively.

Ferroptotic clustering of septic samples. Consensus clus‑
tering analysis revealed the distinct ferroptotic patterns of 
sepsis samples using the R package ‘ConsesusClusterPlus’. 
According to the change in area under the cumulative distri‑
bution function curve, the optimal number of clusters (with 
k ranging from 2‑10) was determined, and septic samples 
were classified based on the expression level of the ferroptotic 
gene signature. Principal component analysis (PCA) of septic 
clusters was subsequently performed to reveal the disparities 
in the septic data using the R package ‘factoextra’. The tran‑
scriptomic differences of the hub‑FRDEGs between clusters 
were subsequently evaluated and visualized using box plots 
and heatmaps. The immunocyte abundance between septic 
clusters was measured after analyzing the immune microen‑
vironment in all the samples. DEGs between septic subgroups 
were screened using the R package ‘edgeR’, and enrichment 
analyses (GO and KEGG) were then performed to reveal their 
metabolic differences.

Immune microenvironment analysis. In the training cohort, 
22 types of immune cellular components and degrees were 
measured using the R package ‘CIBERSORT’ (37). Septic 
changes of the immunocytes were calculated and visualized 
using box plots, and the correlation between immunocyte 
abundance and the hub FRDEG transcriptomic profile was 
quantified and plotted. The correlation between infiltrating 
immunocytes was also measured using Pearson's correlation 
coefficient and visualized using the R package ‘corrplot’. 
Furthermore, the infiltration score of 28 immunocytes (38) was 
computed using single‑sample gene set enrichment analysis 
(ssGSEA). The ssGSEA algorithm was used to calculate the 
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proportion of immunocytes using the R‑package ‘GSVA’ (24) 
and the metagene list of 28 immunocytes (38). Results were 
expressed in the form of an infiltration score between 0 and 1. 
The ssGSEA algorithm and CIBERSORT were often revealed 
to be mutually complementary to each other with respect 
to evaluating the immune infiltration  (39‑41). Using the 
ssGSEA algorithm, the immune cell proportions comparing 
between samples that exhibited a differential expression of 
hub‑FRDEGs were compared and visualized.

Cell culture and treatment. All reagents and resources used 
in the present study are presented in Table SI. The human 
monocyte cell line THP‑1 was obtained from Wuhan Pricella 
Biotechnology Co., Ltd ., and the cells were cultured in 
RPMI‑1640 medium containing 10% fetal bovine serum and 
0.05 mM β‑mercaptoethanol in an incubator at 37˚C in an 
atmosphere containing 5% CO2.

THP‑1 cells were treated with 100 nM phorbol myristate 
acetate (PMA) for 24 h to induce their differentiation into macro‑
phage‑like cells at 37˚C. The treated cells were further cultured 
in medium without PMA for 24 h to enable them to stabilize 
and mature into M0 macrophages (42) at 37˚C. To simulate the 
sepsis microenvironment, lipopolysaccharide (LPS; 1 µg/ml) 
was added following the induction of THP 1 differentiation, and 
the incubation was allowed to continue for 24 h at 37˚C (43).

Reverse transcription‑quantitative polymerase chain reac‑
tion (RT‑qPCR) assay. Total RNA was isolated from 2.5x106 
adherent cells using TRIzol® reagent (cat.  no.  15596026; 
Invitrogen; Thermo Fisher Scientific, Inc.). and reverse‑tran‑
scribed into cDNA using PrimeScript™ RT reagent Kit with 
gDNA Eraser (Takara, catalog number RR047A) at 37˚C 
for 15 min), step 2 (85˚C at 5 sec), and step 3 (4˚C). SYBR 
Green qPCR Master Mix solution (MedChemExpress, 
catalog number HY‑K0501), was used for PCR following the 
manufacturer's instructions.

Primers were obtained from the Beijing Tsingke Biotech 
Co., Ltd.. RT‑qPCR analysis was performed using a CFX96 
Touch Real‑Time PCR Detection System (C1000Touch™; 
Bio‑Rad Laboratories, Inc.). Thermocycling conditions were 
as follows: Initial denaturation at 95˚C for 30 sec, followed 
by 40 cycles of 5 sec at 95˚C and 30‑60 sec at 60˚C. ACTB 
(β‑actin) was amplified as the internal reference gene. The 
2-ΔΔCq method was applied for quantification of the data (44).

Western blot analysis. Cells were lysed in RIPA lysis buffer 
containing PMSF, protease and phosphatase inhibitor cock‑
tail for 30 min at 4˚C, and then centrifuged at 12,000 x g for 
15 min in 4˚C. The protein supernatant was concentrated, 
and the protein concentration was measured using a BCA 
protein assay kit. Subsequently, 10% SDS‑PAGE electro‑
phoresis was used to separate 10 µl protein samples at the 
concentration of 2 µg/µl. Subsequently, the gels containing 
the separated proteins were cut horizontally according to the 
corresponding molecular weights of the protein, and the gel 
slices were transferred to polyvinylidene fluoride membranes, 
followed by blocking with 5% skimmed milk for 1 h at room 
temperature. The membranes were incubated overnight at 4˚C 
with primary antibodies (1:1,000 dilution; diluted according 
to the instructions of the manufacturer). The membranes 

were then incubated with horseradish peroxidase‑conjugated 
secondary anti‑rabbit or anti‑mouse IgG (1:10,000 dilution) 
for 1 h at room temperature. Finally, the levels of the proteins 
were detected using a chemiluminescence reagent kit, and the 
protein expression density was quantified using Quantity One 
Software (Bio‑Rad Laboratories, Inc.).

Small interfering (si)RNA transfection. Thioredoxin 
(TXN)‑targeting siRNA (si‑TXN; 5'‑UUU​GAC​UUC​ACA​
CUC​UGA​AGC‑3') or non‑targeting control siRNA (si‑NC; 
5'‑CCU​ACG​CCA​CCA​AUU​UCG​U‑3') were synthesized by 
the Beijing Tsingke Biotech Co., Ltd. Induced 1.5x106 M0 
macrophage cells in the exponential growth phase were 
seeded into 6‑well plates. These cells were subsequently 
transiently transfected with either 10 µl si‑TXN or si‑NC 
(100 nmol/l) using Advanced Transfection Reagent (Zeta Life, 
cat. no. AD600150). The duration of transfection was 24 h at 
37˚C, and the duration between the end of transfection and 
subsequent experiments was 24 h.

Malondialdehyde (MDA) assay. MDA content was measured 
following the manufacturer's protocol. In brief, fresh 
THP‑1‑derived macrophages were collected and lysed on ice for 
20 min to prepare samples. After the MDA solution was added 
to each sample or standard, the mixture was heated at 100˚C for 
15 min and subsequently centrifuged at 1,000 x g for 10 min to 
harvest the supernatant at 4˚C. The absorbance of the supernatant 
was then measured at optical density (OD)= 532 nm using a colo‑
rimetric method, and MDA levels were expressed as nmol/mg.

Determination of reduced glutathione (GSH)/oxidized gluta‑
thione (GSSG) activity. GSH/GSSG detection was performed 
according to the manufacturer's instructions. Briefly, fresh 
THP‑1‑derived macrophages were collected. Each sample 
was divided into two aliquots: One for measuring the GSSG 
content following treatment with the GSH clearing reagent, 
and the other for measuring the total GSH content without 
treatment. The OD values were measured at 412 nm using a 
Multiskan™ FC Microplate Photometer (cat. no. 51119100; 
Thermo Fisher Scientific, Inc.), and the contents of total GSH, 
GSSG and reduced GSH were calculated.

Measurement of Fe2+ levels. Fe2+ levels were evaluated 
using the FerroOrange staining method. After removing the 
previous culture medium, the cells were washed twice in a 
serum‑free RPMI‑1640 medium. A working solution of l µmol/l 
FerroOrange fluorescent probe was prepared in a serum‑free 
RPMI‑1640 medium before being added to the cells. The cells 
were incubated at 37˚C in a dark environment for 30 min. 
Subsequently, the nuclei were labelled with Hoechst 33342. 
The cells were then observed and images were captured using a 
Leica DMi8 fluorescence microscope. Finally, the fluorescence 
intensity due to FerroOrange staining was quantified using 
ImageJ software version 1.54m (National Institutes of Health).

Statistical analysis. The bioinformatical data obtained from 
the various analyses underwent statistical evaluation using R 
software (version 4.2.2). The Shapiro‑Wilk test was deployed 
to assess the normality of the data, and the unpaired Student's 
t‑test or Wilcoxon rank sum test was used to compare the 
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differences in transcriptomics and immune infiltration. 
Comparisons between multiple groups were made by one‑way 
analysis of variance, followed by the Bonferroni post hoc test. 
Data analysis and the construction of graphs were performed 
using GraphPad Prism 10 (Dotmatics). P<0.05 was considered 
to indicate a statistically significant difference.

Results

Identification of FRDEGs between the control and sepsis groups. 
The overall design of the present study is presented in Fig. 1. 

Datasets acquired are summarized in Table I. A total of 4,410 
DEGs between the sepsis and control groups were obtained from 
the training cohort (Table SII). The Volcano plot (Fig. 2A) and 
heatmap (Fig. 2B) reveal the transcriptomic distribution of DEGs. 
FRGs (n=506; Table SIII) were obtained and aggregated from the 
FerrDb and GeneCards database (Fig. 2C), and overlapping genes 
(n=94; Fig. 2D) between the DEGs (n=4,410) and FRGs were 
identified as FRDEGs for the subsequent analytic steps.

Selection of hub‑FRDEGs. FRDEGs were loaded into 
the STRING database in order to construct the PPIN, and 

Figure 1. Flow chart of the study. FRDEG, ferroptosis‑related differentially expression genes; PPI, protein‑protein interaction; LASSO, least absolute shrinkage 
and selection operator; SVM‑FRE, support vector machine recursive feature elimination; ROC, receiver operating characteristic.

https://www.spandidos-publications.com/10.3892/mmr.2025.13604


WU et al:  ATM-DPP4-TXN FERROPTOTIC DIAGNOSTIC MODEL WITH VALIDATION6

hub‑FRDEGs (n=84) were selected as the nodes (Fig. 2E). 
Hub‑FRDEGs were ranked according to five internal algo‑
rithms of CytoHubba in the Cytoscape desktop utility, and the 
top 50 hub‑FRDEGs from diverse rankings were then inter‑
sected (Table SIV and Fig. 2F). Shared hub‑FRDEGs (n=38) 
were identified as candidates for determining machine learning 
algorithms, and their chromosomal positions are shown in 
Fig. 2G. LASSO was employed as the machine learning algo‑
rithm, and 18 hub‑FRDEGs were selected for the minimum 
binomial deviance (Table SV; Fig. 3A and B); upon employing 
random forest, three hub‑FRDEGs below the cut‑off Gini of 6 
were selected (Table SVI; Fig. 3C‑D); upon using SVM‑RFE, 
the lowest 10‑fold error rate was attained when considering 
38 of the hub‑FRDEGs (Table SVII and Fig. 3E). Intersection 
among the three machine learning algorithms determined the 
hub‑FRDEGs (n=3) that were most relevant to sepsis, namely 
ataxia telangiectasia mutated (ATM), dipeptidyl peptidase 4 
(DPP4) and TXN (Fig. 3F), with the predicted interaction 
network shown in Fig. 3G.

Construction, visualization and validation of diagnostic 
model. In the training cohort, a binary logistic model was 
purposed for classifying the status of patients into either of 
the control or sepsis groups according to the ATM, DPP4 and 
TXN expression levels. The logistic formula applied was as 
follows: Logit (P=Sepsis) =0.2244‑(0.0704 x ATM expression 
levels)+(0.0755 x TXN expression levels)‑(0.0840 x DPP4 
expression levels). The diagnostic nomogram was subsequently 
plotted (Fig. 4A). The decision curve revealed the acceptable 
clinical utility of this nomogram to be 0‑1 when predicting the 
septic status (Fig. 4B).

The transcriptomic septic changes of the hub‑FRDEGs 
were initially examined in the training cohort (Fig. 4C and 
Table SVIII), the test cohort (Fig. 4D and Table SIX), valida‑
tion cohort A (Fig. 4E and Table SIX) and validation cohort B 
(Fig. 4F and Table SIX), which revealed that the expression 
levels of both ATM and DPP4 were significantly decreased 
in the sepsis group when compared with control. TXN also 
revealed a transcriptomic elevation when examining the 
septic status. Subsequently, the ROC curves of biomarkers 
and the nomogram in the training cohort, test cohort, valida‑
tion cohort A and validation cohort B showed the diagnostic 
accuracy of both hub‑FRDEGs and nomogram was high in 
all cohorts(Fig.  4G‑J), and these data are summarized in 
Table II. Furthermore, the confusion matrix of this nomogram 
in the training cohort (Fig. 4K) revealed that the model had an 

acceptable specificity (65.91%), high sensitivity (98.56%) and 
high diagnostic accuracy (94.90%), and the confusion matrix 
of this nomogram in the test cohort, validation cohort  A 
and validation cohort B (Fig. 4L‑N) revealed comparable or 
elevated values for the specificity, sensitivity and accuracy. 
Moreover, the unsupervised hierarchical clustering of the 
three hub‑FRDEGs revealed their strength in distinguishing 
septic from control status (Fig. 4O); in addition, their strong 
performance in classifying sepsis in the test cohort, valida‑
tion cohort A and validation cohort B was also confirmed 
(Fig. 4P and R). Finally, the calibration curve of the nomo‑
gram in the training cohort was drawn with the P‑value of the 
Homer‑Lemeshow test >0.05, which revealed a satisfactory 
performance in modelling fitness (Fig. 4S); parallel fitness of 
this diagnostic logistic model was also demonstrated by the 
calibration curve in the test cohort, validation cohort A and 
validation cohort B (Fig. 4T‑V).

Enrichment analyses of dysfunctional signaling pathways. 
GO functional enrichment analysis of DEGs from the training 
cohort consists of biological process (BP), cellular component 
(CC) and molecular function (MF) categories (Table SX and 
Fig. 5A and B). The BP category included processes such 
as the ‘production of molecular mediators of the immune 
response’, ‘humoral immune response’ and ‘immunoglobulin 
production’. The CC category contained processes such as the 
‘immunoglobulin complex’, the ‘external side of the plasma 
membrane’ and the ‘immunoglobulin complex, circulating’. 
Finally, the MF category featured processes such as ‘antigen 
binding, ‘immunoglobulin receptor binding’ and ‘structural 
constituents of chromatin’. KEGG pathway enrichment 
analysis of the DEGs mainly revealed processes such as 
‘neutrophil extracellular trap formation’, ‘systemic lupus 
erythematosus’, transcriptional mis‑regulation in cancer’ and 
‘alcoholism’ (Table SXI and Fig. 5C and D). The results from 
GSVA revealed that septic progression primarily activates 
inflammatory and metabolic signaling pathways, including 
‘cysteine‑type endopeptidase inhibitor activity’, ‘antimicrobial 
humoral immune response mediated by an antimicrobial 
peptide’, ‘fatty acid binding’, ‘defense response to fungus’ 
and ‘endopeptidase regulator activity’, and cellular axes such 
as tissue morphogenesis and transformation were found to be 
deactivated, including ‘embryonic appendage morphogenesis’, 
‘lung saccule development’, ‘regulation of animal organ 
morphogenesis’ and ‘negative regulation of vascular‑associated 
smooth muscle cell differentiation’ (Table SXII and Fig. 5E).

Table I. Datasets acquired for the present study.

						      Number of	 Number of
					     Sample	 control	 sepsis
Dataset	 Platform	 Species	 Tissue	 Type	 size	 samples	 samples

GSE185263	 GPL16791	 Homo sapiens	 Whole blood	 High‑throughput	 392	 44	 348
				    sequencing
GSE57065	 GPL570	 Homo sapiens	 Whole blood	 Microarray	 107	 25	 82
GSE131761	 GPL13497	 Homo sapiens	 Whole blood	 Microarray	 96	 15	 81
GSE95233	 GPL570	 Homo sapiens	 Whole blood	 Microarray	 124	 22	 102
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Consensus clustering distinguished two ferroptotic 
septic patterns. Using the transcriptomic profile of three 
hub‑FRDEGs as a suitable base, two distinct septic patterns 

were identified by consensus clustering, which were termed 
cluster A and cluster B (Table SXIII and Fig. 6A‑D). A PCA 
plot of the septic clusters revealed their ferroptotic disparity 

Figure 2. Screening of hub ferroptosis‑related DEGs. (A) Volcano plot of DEGs. (B) Heatmap of top 15 upregulated and downregulated DEGs. (C) FRGs 
collected from FerrDb and GeneCards. (D) Venn diagram of DEGs and FRGs for attaining FRDEGs. (E) Protein‑protein interaction network by the Search 
Tool for the Retrieval of Interacting Genes/Proteins database. (F) Venn diagram of multiple ranking algorithms for hub‑FRDEGs. (G) Chromosomal locations 
of hub‑FRDEGs. DEG, differentially expressed genes; MNC, maximum neighborhood component; DMNC, density of maximum neighborhood component; 
MCC, maximal clique centrality; EPC, edge percolated component; FRGs, ferroptosis‑related genes; FRDEGs, ferroptosis‑related differential expression 
genes.

https://www.spandidos-publications.com/10.3892/mmr.2025.13604
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(Fig.  6E). Compared with cluster A, the TXN and ATM 
expression levels were reduced in cluster B, and DPP4 revealed 
a comparable distinction between the clusters (Fig. 6F and G). 
After the subsequent analysis of the septic immune microenvi‑
ronment, the abundance of 22 immunocytes between the two 
clusters was discerned using CIBERSORT (Fig. 6H). Analysis 

revealed ~50% of the immunocytes were differentially 
distributed, including M0 macrophages, CD4+ memory resting 
T Cells, γδT Cells, regulatory T Cells (Tregs), monocytes, 
resting natural killer (NK) cells and neutrophils. Differential 
expression analysis of the clusters was subsequently 
performed, followed by GO and KEGG enrichment analyses. 

Figure 3. Selection of candidate hub‑FRDEGs by machine learning. (A) LASSO selection operator model. (B) Cross‑validation for tuning the parameter 
selection in the LASSO regression. (C) Correlation between the number of trees and model error in the random forest algorithm. (D) Results obtained by Gini 
coefficient method in the random forest algorithm. (E) SVM‑RFE algorithms. (F) Venn diagram of multiple machine learning algorithms. (G) Interaction 
network of three hub‑FRDEGs (ATM, DPP4 and TXN) and their predicted genes with predicted weight percentages using GeneMANIA. FRDEGs, ferrop‑
tosis‑related differential expression genes; CV, cross validation; LASSO, least absolute shrinkage and selection operator algorithms; SVM‑RFE, support vector 
machine recursive feature elimination algorithms; ATM, ataxia telangiectasia mutated; DDP4, dipeptidyl peptidase 4; TXN, thioredoxin.
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Figure 4. Ferroptotic septic prediction model. (A) Nomogram for predicting the risk of sepsis by the ferroptotic panel. (B) Decision curve of the nomogram 
on the training cohort. Boxplot of ATM, DPP4 and TXN on the (C) training cohort, (D) test cohort, (E) validation cohort A and (F) validation cohort B. ROC 
curves of ATM, TXN, DPP4, and the nomogram on the (G) training cohort, (H) test cohort, (I) validation cohort A and (J) validation cohort B. Confusion 
matrix of model on the (K) training cohort, (L) test cohort, (M) validation cohort A (N) and validation cohort B. Unsupervised clustering heatmap of ATM, 
TXN, and DPP4 on the (O) training cohort, (P) test cohort, (Q) validation cohort A and (R) validation cohort B. Calibration curve of nomogram on (S) training 
cohort, (T) test cohort, (U) validation cohort A and (V) validation cohort B. ****P<0.0001, respectively. ATM, ataxia telangiectasia mutated; DDP4, dipeptidyl 
peptidase 4; TXN, thioredoxin.

https://www.spandidos-publications.com/10.3892/mmr.2025.13604
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GO enrichment analysis of the clusters revealed that the BP 
category mainly contained ‘immunoglobulin production’, 
‘complement activation, classical pathway’; the CC category 
predominantly included ‘immunoglobulin complex’, ‘immu‑
noglobulin complex, circulating’ and ‘hemoglobin complex’; 
and the MF category included processes such as ‘antigen 
binding’, ‘immunoglobulin receptor binding’ and ‘haptoglobin 
binding’ (Fig. 6I). By contrast, KEGG enrichment analysis of 
the clusters only revealed an association with the ‘malaria’ 
pathway (Fig. 6J).

Immune microenvironment analysis of sepsis. Septic changes 
of the immune microenvironment were investigated using the 
CIBERSORT and ssGSEA algorithms, respectively. Initially, 
the quantitative differences of the 22 immunocytes between the 
control and sepsis groups were analyzed (Table SXIV; Fig. 7A 
and B). The majority of the immunocytes were revealed to be 
septically modulated, as exemplified by the aggravated infiltra‑
tion of neutrophils, monocytes and M0 macrophages, and the 
sepsis‑induced decreases in the populations of CD4+ memory 
resting T Cells, CD8+ T Cells and resting NK cells. The corre‑
lation between the transcriptomics of the hub‑FRDEGs and 
the abundance of immunocytes was subsequently visualized 
by heatmap analysis (Fig. 7C). Both ATM and DPP4 were 
revealed to be positively associated with CD4+ memory resting 
T Cells, CD8+ T Cells, resting NK cells and naive B cells. TXN 
was negatively correlated with neutrophils, T follicular helper 
cells, M0 macrophages and γδT Cells. The correlation between 
immunocytes was also visualized(Fig. 7D) . Furthermore, the 
immune scores comparing between samples with differential 
expression of hub‑FRDEGs were compared using ssGSEA 
(Table SXV and Fig. 7E‑G). Samples with a high expression 
of ATM were revealed to have increased infiltrated levels 
of activated B cells, activated CD4+ T Cells and activated 
CD8+ T Cells, although the opposite findings were obtained 
for activated dendritic cells, macrophages, monocytes and 

type 2 T helper cells (Fig. 7E). Similar results were observed 
in samples with high expression of DPP4, except for mono‑
cytes and type 2 T helper cells (Fig. 7F). However, samples 
with high expression of TXN exhibited reduced proportions 
of activated CD8+ T Cells, CD56+ NK cells, CD4+ central 
memory T Cells and CD8+ effector memory T Cells, whereas 
the oppose degree of infiltration was observed for activated 
CD4+ T Cells and γδT Cells (Fig. 7G).

Validation of hub genes in the in vitro model. To validate 
the expression of key genes in sepsis‑induced ferroptosis, 
THP‑1‑derived macrophages were treated with LPS for 24 h to 
mimic this process and to establish an in vitro model. Findings 
of RT‑qPCR and western blotting data were consistent with 
those of the bioinformatics data analysis. Primer sequences 
are presented in Table III. Compared with the control group, 
the relative mRNA expression levels of DDP4 (Fig. 8A) and 
ATM (Fig. 8B) were significantly decreased, whereas that of 
TXN (Fig. 8C) increased in the model group when compared 
with control. The results of the western blotting experiments 
revealed that, compared with the control group, the expres‑
sion levels of ATM and DPP4 protein in the model group were 
significantly decreased, whereas that of TXN was increased 
(Fig. 8D and E).

TXN inhibition is able to augment ferroptosis in macrophages 
following sepsis. TXN is a key antioxidant and regulator of 
ferroptosis (45). TXN was demonstrated to alleviate ferroptosis 
by the upregulation of GPX4 in a mouse model of Parkinson's 
disease (46), and has been identified as a hub ferroptotic regu‑
lator of proliferative diabetic retinopathy (47). Furthermore, 
TXN has been identified as the downstream target of retinoic 
acid receptor α, and as an inhibitor of ferroptosis in lung 
adenocarcinoma  (48). The present study revealed that the 
AUC value of TXN was the highest among the ROC curves 
constructed for the three hub‑FRDEGs. Therefore, TXN was 

Table II. The AUC of biomarkers and nomogram's ROC curve with 95%CI.

	 Training cohort	 Test cohort	 Validation cohort A	 Validation cohort B
Gene	  (95% CI)	 (95% CI)	 (95% CI)	 (95% CI)

ATM	 0.828 (0.765‑0.892)	 0.926 (0.876‑0.977)	 0.989 (0.973‑1.000)	 0.987 (0.971‑1.000)
DPP4	 0.884 (0.838‑0.930)	 0.994 (0.985‑1.000)	 0.994 (0.984‑1.000)	 0.981 (0.961‑1.000)
TXN	 0.904 (0.866‑0.942)	 0.991 (0.980‑1.000)	 0.995 (0.985‑1.000)	 1.000 (1.000‑1.000)
Nomogram	 0.822 (0.751‑0.894)	 0.920 (0.881‑0.961)	 0.944 (0.910‑0.979)	 0.990 (0.977‑1.000)

Table III. Primer sequences in real‑time quantitative polymerase chain reaction detection

Gene in
Homo sapiens	 Forward primer sequences (5' to 3')	 Reverse primer sequences (5' to 3')

ATM	 CCAGGCAGGAATCATTCAG	 CAATCCTTTTAAATAGACGGAAAGAA
DPP4	 AGTGGCACGGCAACACAT	 AGAGCTTCTATCCCGATGACTT
TXN 	 ATGAAAGAAAGGCTTGATCATTTTGC	 TAAACTTGTAGTAGTTGACTTCTCAGC
ACTB	 GGCACCACACCTTCTACAATGAG	 GGATAGCACAGCCTGGATAGCA
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further investigated to validate these findings. Reduced TXN 
expression was revealed in samples treated with si‑TXN when 
compared with control (Fig. 8F‑G). Ferroptosis‑associated 

markers in TXN‑inhibited and control macrophages were 
examined following LPS treatment. Western blotting experi‑
ments revealed significantly reduced expression levels of the 

Figure 5. Functional enrichment analysis. (A) GO enrichment analysis. (B) GO enrichment analysis chord diagram. (C) KEGG enrichment analysis. (D) KEGG 
enrichment analysis chord diagram. (E) GSVA Enrichment Analysis. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; GSVA, gene 
set variation analysis.

https://www.spandidos-publications.com/10.3892/mmr.2025.13604
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Figure 6. Distinct ferroptotic patterns of sepsis. (A) Consensus matrix (k=2). (B) Consensus CDF curve. (C) δ area curve. (D) Tracking plot. (E) Principal 
component analysis plot of two clusters. (F) Boxplot of TXN, ATM and DPP4 between clusters. (G) Heatmap of TXN, ATM and DPP4 between clusters. 
(H) Comparison of the abundance of 22 immunocytes between two clusters. (I) Gene Ontology enrichment analysis of clusters. (J) Kyoto Encyclopedia of 
Genes and Genomes enrichment analysis of clusters. *P<0.05, **P<0.01, ***P<0.001 and ****P<0.0001, respectively. CDF, cumulative distribution function; ATM, 
ataxia telangiectasia mutated; DDP4, dipeptidyl peptidase 4; TXN, thioredoxin. Dim, dimension; ns, not significant.
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Figure 7. Immune microenvironment analysis. (A) Stack plot of 22 immunocytes distribution in the training cohort. (B) Comparison of the abundance of 
22 immunocytes between control group and sepsis group. (C) Correlation between TXN, ATM and DPP4 and 22 immunocytes. (D) Correlation between 
22 immunocytes. Immune microenvironment in groups with differential expression of (E) ATM, (F) DPP4 and (G) TXN using single sample gene set 
enrichment analysis. *P<0.05, **P<0.01, ***P<0.001 and ****P<0.0001, respectively. ATM, ataxia telangiectasia mutated; DDP4, dipeptidyl peptidase 4; TXN, 
thioredoxin.

https://www.spandidos-publications.com/10.3892/mmr.2025.13604
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proteins solute carrier family 7 member 11, GPX4 and ferritin 
heavy chain 1, which act as defenders against ferroptosis, in 
the LPS group compared with the control group. Compared 

with the si‑NC+LPS and LPS groups, their expression was 
further decreased in the si‑TNX+LPS group, compared with 
the LPS only treated group. Furthermore, the level of the 

Figure 8. Validation of hub genes in the in vitro model. Quantification of mRNA expression levels of hub‑FRDEGs (A) DPP4, (B) ATM and (C) TXN 
in THP‑1‑derived macrophages in control and LPS‑treated model group, ACTB was used as an internal reference gene. (D) Representative western blot‑
ting images of hub‑FRDEGs and β‑actin in control and model group. (E) Semi‑quantitative analysis of hub‑FRDEGs was performed. (F) Representative 
western blotting images of TXN and β‑actin in control group, si‑NC group, and si‑TXN group. (G) Semi‑quantitative analysis of TXN was performed. 
(H) Representative western blotting images of ferroptosis‑related biomarkers (ACSL4, SLC7A11, GPX4, FTH1), TXN and β‑actin in control group, LPS group, 
LPS+si‑NC group and LPS+si‑TXN group. (I) Semi‑quantitative analysis of ACSL4, SLC7A11, GPX4, FTH1 and TXN was performed. (J) Representative 
images of FerroOrange staining (red, FerroOrange‑positive staining; blue, Hoechst 33342) in each group. Characteristic biological changes of ferroptosis in 
TXN inhibited and non‑inhibited macrophages after LPS exposure are (K) GSH/GSSG (L) MDA. Scale bar, 50 µm. Relative fluorescence intensity was quanti‑
fied using ImageJ. n=6 per group. Data are shown as the mean ± SD. **P<0.01, ***P<0.001, and ****P<0.0001 respectively. ATM, ataxia telangiectasia mutated; 
DDP4, dipeptidyl peptidase 4; TXN, thioredoxin; LPS; si, small interfering; NC, negative control; ACSL4, acyl‑CoA synthetase long‑chain family member 4; 
SLC7A11, solute carrier family 7 member 11; GPX4, glutathione peroxidase 4; FTH1, ferritin heavy chain 1; GSH, glutathione; GSSG, oxidized glutathione; 
MDA; malondialdehyde; FRDEGs, ferroptosis‑related differential expression genes.
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lipid peroxidation‑promoting protein ACSL4 was increased 
following LPS treatment compared with control, and treatment 
with si‑TXN led to a further elevation of its expression level 
when compared with LPS only treated group (Fig. 8H and I). 
The FerroOrange staining experiments further suggested that 
LPS treatment caused an increase in Fe2+ levels in macro‑
phages, and subsequent treatment with si‑TXN augmented this 
increase (Fig. 8J). Treatment with LPS led to a decrease in the 
GSH/GSSG ratio of macrophages compared with control, and 
subsequent si‑TXN treatment caused a further decrease in this 
ratio compared with LPS only treated samples (Fig. 8K). In 
addition, the MDA detection experiments suggested that treat‑
ment with LPS led to an increase in the lipid peroxidation level 
of the macrophages compared with control, and subsequent 
si‑TXN treatment caused a further increase compared with the 
LPS only treated group (Fig. 8L). Taken together, these results 
reveal that treatment of the cells with TXN resulted in an 
increased level of ferroptosis in macrophages following sepsis.

Discussion

Sepsis invokes inflammatory dysfunction and subsequently, 
fatal multi‑organ dysfunction (49). In addition, the outcomes 
of sepsis management programs, at present, are unsatisfactory, 
as characterized by the high mortality rates of patients with 
sepsis (It is associated with a mortality rate of 10‑20%) (50), 
highlighting the urgent need for rapid diagnosis and effective 
therapies  (49). However, the majority of the known septic 
biomarkers lack sufficient and independent validation, and a 
comprehensive diagnosis comprising biomarker assessment 
combined with clinical evaluation would be expected to 
improve sepsis management (51). Moreover, the overall role 
of inflammation in sepsis is complicated as it has a dual role 
in hyper‑inflammation and immuno‑suppression  (50), and 
further work to elucidate a complete understanding of the 
mechanisms underlying the role of inflammation in sepsis.

Ferroptosis is a type of programmed cell death, mainly 
comprising iron metabolism disturbance, lipid peroxidation and 
collapse of the antioxidant system (52). Inflammatory signaling 
pathways may initially trigger ferroptosis (6). Inflammation 
combined with ferroptosis has been demonstrated to result in 
extensive septic organ damage (53). Sepsis‑induced cardiac 
injury was revealed to be rescued by blocking ferroptosis (54), 
and targeting ferroptosis was revealed to alleviate the septic 
damage induced in the lung (55), kidney (56) and brain (57). 
Nevertheless, the network of ferroptosis regulation in sepsis 
requires further investigation to enable ferroptosis to be 
effectively targeted for clinical utility.

Overall, in building the ferroptotic diagnostic model, the 
present study has examined transcriptomic profiles through 
differential expression analysis, constructing the PPIN and the 
employment of three machine learning algorithms, resulting 
in the identification of ATM, DPP4 and TXN. Their diagnostic 
value was evaluated from both separate and holistic perspec‑
tives. Moreover, enrichment analyses were performed, which 
suggested that a hyper‑activation of the immune response and 
inhibition of tissue morphogenesis and transformation were 
involved in the process. Furthermore, disparities of the septic 
patterns according to the three‑panel ferroptosis signature 
were investigated, revealing their distinct features when facing 

septic challenges. Finally, the identified septic changes of the 
three hub‑FRDEGs were validated in vitro, which demon‑
strated that TXN rescued macrophages from ferroptosis under 
conditions of LPS‑induced sepsis.

Ferroptotic associations among the three hub FRDEGs 
(namely, ATM, DPP4 and TXN) and sepsis were disclosed in 
the present study. ATM has been revealed to function as a key 
sensor of DNA damage responses, and as a redox sensor (58,59). 
ATM also has a role in maintaining iron homeostasis (60), 
and was demonstrated to mediate the ATM‑nuclear receptor 
coactivator 4 (NCOA4) ferroptotic signaling pathway induced 
by deoxynivalenol (61,62). The regulation of iron metabolism 
mediated by ATM is especially noteworthy. ATM was revealed 
to be sensitive to changes in the concentration of (chelated) 
iron (63). In another study, compared with wild‑type mice, 
ATM‑deficient mice exhibited increased labile iron levels (64), 
and a different study, revealed that a tendency to accumulate 
iron was associated with a marked increase in hepatic oxida‑
tive stress  (65). ATM inhibition alleviates ferroptosis by 
activating iron regulators that are responsible for iron storage 
and export (60). The transcriptomic levels of ATM were also 
revealed to be considerably reduced in pediatric sepsis (66), 
and a similar trend was observed in heart tissue derived from 
a LPS‑induced animal model (67), findings that are consistent 
with the results of the present study.

The association between DPP4 and ferroptosis, however, 
remains poorly understood. Tumor suppressor p53 was 
demonstrated to invoke ferroptosis by facilitating DDP4 
nuclear localization, and DPP4 has been identified as a novel 
diagnostic marker of inflammatory diseases such as athero‑
sclerosis (68) and ulcerative colitis (69). Septic changes and 
the targeting of DPP4 have disclosed its therapeutic potential. 
DPP4 was revealed to be markedly reduced in leukocytes 
obtained from patients with sepsis (70). In the present study, 
the septic changes of DPP4 were investigated bioinformati‑
cally, and subsequently validated experimentally. However, 
the clinical application of DPP4 remains a challenge in 
terms of the currently available methods of sepsis manage‑
ment. Compared with patients treated with sodium‑glucose 
cotransporter 2 (SGLT2) as an inhibitor, both hospital admis‑
sions due to sepsis and the mortality rate increased in those 
administered DPP4 as an inhibitor (71,72). An investigation 
of the TXN redox system upon treatment with TXN revealed 
an eradication of oxidative stress levels and a sustainment of 
the redox balance (68). TXN was revealed to interrupt ferrop‑
tosis through activating GPX4, and overexpression of TXN 
reversed the effects of knocking down retinoic acid receptor‑α 
on ferroptosis both in vitro and in vivo (48). TXN was identi‑
fied as a ferroptosis‑associated biomarker in proliferative 
diabetic retinopathy (47) and its septic role was disclosed in 
the perspective of studies undertaken on the endoplasmic 
reticulum (73) and PANoptosis (namely, a novel inflammatory 
cell death mechanism that combines features of pyroptosis, 
apoptosis and necroptosis) (74). The present study showed that 
TXN may influence the development of sepsis by regulating 
ferroptosis, as an innovative insights about the role of TXN in 
sepsis. Additionally, the diagnostic accuracy of ATM, DPP4 
and TXN was also demonstrated, and the AUC values of their 
ROC curves demonstrated their potential role as separate 
septic classifiers in all cohorts.

https://www.spandidos-publications.com/10.3892/mmr.2025.13604
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Although TXN was investigated for further valida‑
tion, similar septic findings regarding ATM and DPP4 are 
noteworthy. ATM was downregulated in the septic status, 
and it was identified as a cellular senescence‑associated 
key gene both in sepsis and sepsis‑induced acute respira‑
tory distress syndrome  (75). It was also recognized as a 
key immune‑related gene of pediatric sepsis  (66). ATM 
was revealed to mitigate the LPS‑induced disruption 
of the blood‑brain barrier by regulating mitochondrial 
homeostasis (76), and it was indispensable for the anthracy‑
clines‑induced protection against severe sepsis by regulating 
DNA damage response  (77). However, the level of DPP4 
also decreased in septic shock with moderate diagnostic 
accuracy (AUC =0.86) (78). DPP4 was identified as one core 
therapeutic target in sepsis (79), and its septic association 
with ferroptosis was also demonstrated (70). DPP4 inhibi‑
tors initially demonstrated their therapeutic effect on sepsis. 
DPP4 inhibitors aggravated the risk of hospital admission for 
infection (odd ratio=1.04) (80), and targeting DPP4 during 
sepsis‑induced hyper‑procalcitonemia significantly reduced 
capillary leakage by 60.4±6.9%  (81). In endotoxemic 
mice, the DPP4 inhibitor linagliptin alleviated endothelial 
inflammation  (82), improved microvascular function  (83) 
and demonstrated therapeutic effects comparable to DPP4 
knockout  (84). Linagliptin alleviated LPS‑induced acute 
lung injury by preserving the pulmonary microvascular 
barrier (85) and improved the survival of the CLP‑induced 
rat  (86). However, the future of DPP4‑oriented therapy 
for sepsis remains controversial. Compared with patients 
prescribed DPP4 inhibitors, sodium‑glucose cotransporter 2 
inhibitors were considerably associated with a lower risk of 
sepsis‑related mortality (hazard ratio=0.39) (72). Both septic 
admissions and septic mortality were significantly reduced 
in SGLT2 inhibitor users compared with DPP4 inhibitor 
users [admissions for sepsis: 45 [0.4%]  vs.  134 [0.8%]; 
and mortality: 59 [0.6%] vs. 414 (2.3%], respectively) (71). 
Glucagon‑like peptide‑1 receptor‑deficient endotoxemic 
mice were also insensitive to linagliptin and liraglutide (87). 
Due to the detailed dissection of the roles of ATM and DPP4 
and the lack of previous studies investigating the role of 
TXN in sepsis, TXN was selected as the target of further 
investigation.

To the best of our knowledge, the present study is the first 
to have built and validated a septic diagnostic nomogram 
based entirely on the novel ATM‑DPP4‑TXN ferroptotic 
signature using logistic regression analysis and multiple 
external validations. Previous studies have mainly focused 
on the prognostic model of sepsis from the perspective of 
ferroptosis  (88‑90). These models were mainly based on 
the combination of several clinical variables and one or 
two ferroptotic biomarker(s); for example, ribonucleotide 
reductase M2 and ribosomal protein L7A (89), Lipin‑1 (88) 
or Alox5 (90). In constructing ferroptotic diagnostic models 
of sepsis, one study proposed a seven‑panel ferroptotic 
diagnostic model, reporting an AUC value of 1.000 without 
visual nomogram and external validations  (91). Another 
study established a two‑panel ferroptotic diagnostic model 
using the ‘XGBoost’ classifier, which included high AUC 
values, both with the training cohort (AUC=0.711) and two 
validation cohorts (AUC=0.961 and 0.913) (16). Compared 

with these two models, the model created in the present study 
may offer a more promising option for clinical septic diag‑
nosis using a smaller panel of ferroptotic biomarkers, since 
this model was constructed as one three‑panel ferroptotic 
diagnostic model of sepsis, using logistic regression, which 
demonstrated comparable AUC values with the training 
cohort (AUC=0.822) and multiple external validations (test 
cohort, AUC=0.921; validation cohort A, AUC=0.944; and 
validation cohort B, AUC=0.99).

Nevertheless, there remain unresolved problems in the 
application of this nomogram. First, the model lacked the 
validation of diverse populations. The model was constructed 
using only the transcriptomic profile of three genes; other 
clinical variables (for example, age, sex and comorbidity) 
should be also integrated for accurate diagnosis. In addition, 
given the medical laws that protect the privacy of patients, 
electronic records which could provide clinical variables are 
essentially inadmissible. Secondly, the samples in the present 
study were collected from whole blood, which requires 
RT‑qPCR analysis in the clinic; because of the rapid progres‑
sion and high mortality rates of sepsis, the time required to 
carry out routine RT‑qPCR of hub‑FRDEGs and subsequent 
model diagnosis could seriously delay both the diagnosis and 
treatment of sepsis. The feasibility of conducting RT‑qPCR 
analysis should be balanced against the availability of time 
for evaluation and treatment. Finally, the application of this 
diagnostic model was limited to the septic classification, 
which would not be applicable to samples originating from 
septic organ damage. There are certain lethal septic compli‑
cations that require rapid diagnosis and treatment, including 
sepsis‑induced acute lung injury, septic cardiomyopathy and 
sepsis‑induced acute respiratory distress syndrome. The 
model created in the present study was essentially constructed 
on samples from patients with sepsis/septic shock and 
control patients, and further training and validation would 
be required for other septic complications. Future working 
will include collecting the matching clinical information of 
patients with sepsis for validation of diverse populations, 
combining the transcriptomic profiles of the hub‑FRDEGs 
with more accessible clinical variables in order to assess 
balancing the feasibility of treatment with the time that 
would be required for the therapy, and to complement the 
samples with those featuring other septic complications in 
order to broaden the diagnostic application.

The present study identified two septic patterns and 
their heterogeneity was assessed in terms of hub‑FRDEG 
expression and the signaling pathway status, which revealed 
two distinct and identifiable septic traits from the perspective 
of ferroptosis. In brief, the clinical utility of three hub‑FRDEGs 
was investigated from the perspective of differential diagnosis 
and their septic traits, and their ferroptotic roles in terms of 
controlling sepsis have been initially disclosed in the present 
study.

Also associated with septic ferroptosis in relation to the 
hub‑FRDEGs that were investigated in the present study is 
dysfunction in the immune microenvironment. In the present 
study, both ATM and DPP4 were revealed to be associated 
with the proliferation of CD4+ memory resting T  Cells, 
activated CD4+ T Cells, activated CD8+ T Cells and effector 
memory CD8+ T Cells. TXN exerted an inhibitory effect on 
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these inflammatory phenomena, also promoting a marked 
infiltration of neutrophils. From the onset of sepsis, marked 
reductions in the numbers of CD4+ T Cells were observed, and 
their participatory roles in cytokine production and immuno‑
genic proliferation were severely restricted (92). Similarly, the 
population of circulating CD8+ memory cells was temporarily 
compromised, and this disturbance was observed to continue 
during septic progression (93). Ferroptosis is associated with 
inflammation, and therefore the role of ferroptosis‑mediated 
immune responses is pivotal in terms of the progression 
of sepsis  (8). The ferroptotic death of CD4+ T  Cells was 
previously reported in the onset of sepsis caused by severe 
polytrauma (94). A close association of GPX4 with naive CD4+ 
and CD8+ T Cells and Tregs in pediatric sepsis has also been 
reported (95). NCOA4, a ferroptotic regulator, was revealed 
to aggravate septic inflammatory responses by interacting 
with the stimulator of interferon response cGAMP interactor 
1 in macrophages (96). However, further investigations are 
required to improve understanding of the septic context of 
the ferroptosis‑mediated immune response. In this regard, 
the present study has increased the knowledge of the role of 
ferroptosis in septic inflammation from the perspective of 
analyzing three hub‑FRDEGs and monitoring the changes in 
T Cells, and targeting T Cells may offer a promising avenue 
for treating sepsis in the future.

Numerous limitations are associated with the present study. 
For example, all samples from datasets were derived from the 
blood and septic changes of these three hub‑FRDEGs in other 
tissues were not examined. Given that rescuing critical patients 
is an emergency, collecting blood samples was determined to 
be the most convenient method for potentially providing new 
options for septic diagnosis and management. Septic samples 
derived from additional tissues will be investigated in future 
studies.

Additionally, the specific mechanism underlying how the 
three hub‑FRDEGs regulate the septic immune microenviron‑
ment has yet to be fully elucidated. Due to the complexity of 
the regulatory network of these hub‑FRDEGs, future studies 
should investigate their associated machinery to help explain 
the exact septic implications.

In conclusion, the present study performed a bioinformatics 
analysis of septic changes at the transcriptomic level, thereby 
identifying three hub‑FRDEGs (ATM, DPP4 and TXN) as a 
future basis for septic diagnosis and management. The diag‑
nostic accuracies of the three hub‑FRDEGs were examined 
separately, and then translated into one diagnostic nomogram, 
with excellent performance and external validation. Septic 
dysfunction in the immune microenvironment, as determined 
from the aberrant infiltration of immune cells, was also asso‑
ciated with ferroptosis in connection with the hub‑FRDEGs. 
Moreover, two distinct ferroptotic septic patterns were recog‑
nized and analyzed, demonstrating the challenges presented 
by heterogeneity. Future investigations will mainly focus on 
hub‑FRDEG‑induced pharmacological interventions against 
sepsis, with the intention of delving deeper into the intricate 
mechanisms underlying ferroptosis‑associated sepsis.
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