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Ferritinophagy-related prognostic
genes UBE2Q1, NEDDA4L, and
TCP11L2 for prognosis prediction in
sepsis
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Sepsis remains a critical global health threat characterized by high mortality and complex immune-
metabolic dysregulation. This study identifies ferritinophagy-related prognostic genes (FRGs) that
are causally linked to sepsis outcomes using a multi-omics approach integrating bulk and single-cell
transcriptomics with Mendelian randomization. Among 1047 candidate genes, UBE2Q1, NEDD4L, and
TCP11L2 were selected to build a risk model that effectively stratified sepsis patients and predicted
mortality. Functional enrichment analysis revealed associations with oxidative phosphorylation,
ribosome function, and Parkinson’s disease pathways. Immune infiltration analysis identified
increased y8 T and NK cell levels in high-risk patients, with significant correlations to prognostic
genes. Single-cell RNA sequencing further revealed dynamic gene expression shifts across key
immune cell types including T cells, monocytes, and platelets. Cell-cell communication and pseudo-
time analyses highlighted the roles of UBE2Q1 and NEDDAL in immune regulation and development.
This study provides preliminary clues that ferritin and autophagy-related genes may be involved in
the pathogenesis of sepsis, and proposes potential molecular targets that can be used for prognostic
evaluation and therapeutic intervention.
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GWAS Genome-wide association studies
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SIRS Systemic inflammatory response syndrome
WGCNA  Weighted gene co-expression network analysis
GEO Gene expression omnibus

PBMCs Peripheral blood mononuclear cells

IEU Integrative epidemiology unit

SNPs Single nucleotide polymorphisms

eQTL Expression quantitative trait loci

DEGs Differently expressed genes
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ME Module eigengene

GO Gene ontology

KEGG Kyoto encyclopedia of genes and genome
PPI Protein-protein interaction
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lJiangxi Provincial Key Laboratory of Respiratory Diseases, Jiangxi Institute of Respiratory Diseases, The
Department of Respiratory and Critical Care Medicine, The First Affiliated Hospital, Jiangxi Medical College,
Nanchang University, Nanchang 330006, China. 2China-Japan Friendship Jiangxi Hospital, National Regional Center
for Respiratory Medicine, Nanchang 330200, Jiangxi, China. ““email: ndyfy08810@ncu.edu.cn

Scientific Reports|  (2025) 15:43314 | https://doi.org/10.1038/s41598-025-29680-1 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-29680-1&domain=pdf&date_stamp=2025-12-8

www.nature.com/scientificreports/

LD Linkage disequilibrium

VW Inverse variance weighted
HRs Hazard ratios

LOO Leave-one-out

PH Proportional hazards

(N Overall survival

K-M Kaplan-Meier

ROC Operating characteristic
AUC Area under curve

QC Quality control

HVGs Highly variable genes

PCA Principal component analysis
PCs Principal components
UMAP Uniform manifold approximation and projection

Sepsis is a major global health issue characterized by a systemic inflammatory response that leads to organ
dysfunction and high mortality™. A 2020 study estimated approximately 19 million sepsis cases and 5 million
sepsis-related deaths worldwide each year’. Sepsis affects millions of people globally, with the incidence and
mortality rates varying by country®. Developed nations, such as the United States and Europe, have reported
a steady increase in sepsis cases. The annual standardized incidence of hospitalized sepsis in China has
increased from 328.25 421.85 cases per 100,000 people between 2017 and 2019, indicating an rising trend®.
Despite advancements in medical technology, the prognosis for patients with sepsis remains poor. Bacterial
infections are the most common and can result from viral, fungal, and parasitic infections®. The disease’s diverse
and variable presentation, increasing antibiotic resistance, and lack of effective early diagnostic markers pose
significant challenges for sepsis management’. Therefore, identifying key genes with diagnostic and prognostic
significance in sepsis may play a crucial role in improving the treatment and management of these conditions.

Ferritinophagy is a specific autophagy process that degrades ferritin to release iron ions (Fe?*), thereby
regulating the intracellular iron balance. Ferritin stores iron in the cytoplasm to prevent oxidative stress caused
by iron accumulation®. Ferritinophagy occurs primarily through the autophagy-lysosome pathway, and is
influenced by intracellular iron levels, oxidative stress, and nutritional status. It plays a crucial role in various
biological processes, including cell growth and division, oxidative stress responses, and immune response’.

Sepsis caused by infection triggers systemic inflammatory response syndrome (SIRS), which involves
inflammation, immune dysregulation, metabolic abnormalities, and organ damage!'®. Zhang et al. found that
by blocking ferritin autophagy, YAP1 reduced the availability of free iron, thereby reducing ferroptosis and
related cell damage in lung tissue. This mechanism highlights the potential therapeutic value of the ferritin
autophagy-ferroptosis pathway in treating sepsis-induced lung injury'!. However, the specific biological role of
ferritinophagy in sepsis remains unclear. The critical FRGs involved in sepsis are unclear, and their molecular
mechanisms and signaling pathways require further elucidation. Further research is needed to validate the
potential applications of ferritinophagy in sepsis prognosis and therapy.

This study employed the MR method to address confounding issues in causal inferences. MR offers evidence
levels similar to those of randomized controlled trials without the need for randomization. The method relies
on three key assumptions: first, the instrument variable must be strongly associated with the exposure factor;
second, the instrument variable should be independent of confounding factors affecting both exposure and
outcome; and third, the instrument variable should influence the outcome only through the exposure factor.
MR analysis uses natural genetic variations or other reliable instrumental variables to simulate randomized
controlled trials, thereby assessing the causal impact of the exposure factor on the outcome and reducing
confounding influences'2.

Given the potential importance of ferritinophagy in sepsis, this study aimed to explore new therapeutic targets
by identifying the prognostic genes related to ferritinophagy. This study provides new strategies for improving
sepsis prognosis and treatment, and utilizes sepsis-related datasets and FRGs from public databases. Differential
expression analysis, weighted gene co-expression network analysis (WGCNA), and MR were used to identify
prognostic genes related to ferritinophagy. Single-cell RNA sequencing analysis was used to identify the cell types
that could potentially affect sepsis. This study aimed to uncover the potential link between ferritinophagy and
sepsis, providing new insights and a theoretical foundation for understanding sepsis pathogenesis. Identifying
ferritinophagy-related prognostic genes may offer new targeted treatment strategies for sepsis prognosis and
therapy.

Materials and methods

Data sources

Sepsis-related datasets GSE65682 (platform: GPL13667) and GSE167363 (platform: GPL24676) were obtained
from the Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/) database. GSE165682
encompasses 760 whole blood samples from sepsis patients, with survival data available for 479 of these
patients, along with 42 blood samples from healthy individuals. The GSE167363 dataset consisted of peripheral
blood mononuclear cell (PBMCs) samples from 10 patients with sepsis and two healthy individuals. Twenty
ferritinophagy-related prognostic genes (FRGs) were cited in the literature'®, including USP24, PCBP1, ATG16L1,
ATG7, SNCA, FBXW7, TRIM7, TNF, ATG5, WDR45, CYB561A3, FTH1, NCOA4, HERC2, ALOX15. BECNI,
ELAVLI, ZFP36, BCAT2, and FTL. The expression quantitative trait loci (¢QTL) of exposure factors and GWAS
data for sepsis (ieu-b-4980) were obtained from the Integrative Epidemiology Unit (IEU) Open GWAS database
(https://gwas.mrcieu.ac.uk/). The ieu-b-4980 dataset comprised 12,243,539 single nucleotide polymorphisms
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(SNPs) from 486,484 Europeans. The above GWAS IDs were selected following the principle of the most recent
year with the highest number of SNPs, and the data were downloaded on 2 April 2024.

Acquisition of differently expressed genes (DEGs)

Initially, the R package ‘limma’ (version 3.54.0)!* was used for differential expression analysis to select DEGs
between sepsis patients and controls in the GSE65682 dataset (|Log,fold-change (FC)|> 0.5, p <0.05)">. All DEGs
and the top 10 genes upregulated in the sepsis group are shown using a volcano plot and heat map, respectively.
The result was visualized using ‘ggplot2’ (version 3.4.4)'°.

Identification of candidate genes

The FRGs scores of the sepsis group and control group in the GSE65682 dataset were evaluated based on
the FRGs gene set using the ssGSEA algorithm integrated in the R package “GSVA™. Sepsis samples in the
GSE65682 dataset were split into high- and low-scoring groups in compliance with the median FRGs score.
Kaplan-Meier (K-M) analysis was performed using the R package ‘survminer’ (version 0.4.9)!® to assess the
survival discrepancies of septic patients in the two scoring groups (p <0.05). Furthermore, key module genes
linked to FRGs score were identified via WGCNA, which was supported by R package ‘WGCNA' (version
1.7.1)'. Concretely, the median absolute deviation (MAD) of genes in GSE65682 dataset was discovered and
removed, and genes with MAD values in the bottom 50% as well as ineligible samples were removed utilizing
the ‘goodSamplesGenes’” function. Subsequently, the sepsis samples were subjected to cluster analysis using
the ‘hclust’ function to ensure the accuracy of the WGCNA by removing outlier samples. To ensure that the
gene interactions closely followed a scale-free distribution, the ideal soft threshold was determined when R?
exceeded 0.85, and the mean connectivity tended to be 0. Dissimilarity coefficients were calculated according
to the adjacency and similarity among genes, and a systematic clustering tree was generated. Following the
standards of the hybrid dynamic tree cutting algorithm, a minimum of 100 genes per module was established,
and a module merging threshold of 0.3 was applied to identify the clustering modules. Using FRGs scores as
traits, Pearson’s correlation analysis was performed between the module eigengene (ME) scores of the clustering
modules and the FRGs scores (|cor|[>0.3, p<0.05)%. The clustering modules with the highest positive and
negative correlations with FRGs scores were identified as the key modules. Genes included in key modules are
called key module genes. The intersecting DEGs and key module genes served as the candidate genes.

Functional exploration of candidate genes

To investigate the functions of the candidate genes, enrichment analyses were conducted using Gene Ontology
(GO) (p<0.05) and the Kyoto Encyclopedia of Genes and Genome (KEGG)?* (p<0.05). These analyses were
performed using the ‘clusterProfiler’ R package (version 4.7.1.003)?2. In addition, to explore the interactions
between candidate genes at the protein level, a protein—protein interaction (PPI) network was synthesized for
the candidate genes using the Search Tool for the Retrieval of Interacting Genes (STRING, https://string-db.org)
website (confidence=0.4).

Screening of instrumental variables (1Vs)

A univariate MR (UVMR) study was performed to identify key genes by evaluating the causality between
candidate genes (exposure factor) and sepsis (outcome). In this study, SNPs were used as the IVs. Firstly, the
‘extract_instruments’ and ‘extract_outcome_data’ functions from the R package ‘TwoSampleMR’ (version
0.5.7)% were utilized to determine exposure factors and outcomes, respectively. SNPs related to exposure factors
but unrelated to outcomes were ascertained (p<5x 1078, proxies = TRUE, rsq=0.8). Simultaneously, SNPs with
linkage disequilibrium (LD) were excluded (r?=0.001, kb=100)?*. Data on exposure factors and outcomes
were merged via the ¢ harmonize _data()” function to generate SNPs for subsequent screening. Additionally,
F-statistics of the SNPs were calculated, and weak SNPs with F less than 10 were eliminated. If the exposure
factor had fewer than three SNPs, it was excluded. The F-statistic was calculated as the following equation:

N-K-1 R?
F:
K C1-R?

The N was sample size for the GWAS, the K was the number of IVs, and R2 indicated the extent to which the IV
explained the exposure factors.

UVMR analysis

The effect alleles and effect sizes were standardized using the “ harmonize _data’ function. The ‘mr’ function was
then invoked to perform UVMR analysis, employing MR Egger?’, Weighted median®¢, Simple mode?, Inverse
variance weighted (IVW) method?® and Weighted mode?. The IVW method is the most commonly used. The
weighting formula for IVW was calculated as follows:

R
se? (02) se? (r;)

For the ith IV, i denoted the estimate of the effect of the IV on the exposure factor, yi denoted the estimate of
the effect of the IV on the outcome, and se denoted the standard error. If there were fewer missing values, the
observations containing the missing values were deleted directly, and the na.omit function could be used to

Scientific Reports |

(2025) 15:43314 | https://doi.org/10.1038/s41598-025-29680-1 nature portfolio


https://string-db.org
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

remove the missing values. If there were more missing values, multiple interpolation would be used to fill in the
missing values, with mice package.

Candidate genes were considered to have significant causality with sepsis if the p-value from the IVW method
was less than 0.05. Genes with hazard ratios (HRs) greater than 1 were considered risk factors for sepsis, whereas
those with HRs less than 1 were considered protective factors. Scatter plots, forest plots, and funnel plots were
created to present the UVMR findings.

Sensitivity analysis and Steiger test

Sensitivity analyses including heterogeneity, horizontal pleiotropy, and leave-one-out (LOO) tests were performed
to assess the dependability of the UVMR study. A heterogeneity test was conducted using the ‘mr_heterogeneity’
function to determine whether heterogeneity existed among samples. A Q_ p value greater than 0.05 indicated
no heterogeneity. To evaluate potential confounding factors in UVMR study, horizontal pleiotropy was assessed
with the ‘mr_pleiotropy_test’ function, supplemented by the ‘mr_presso’ function. A P value greater than 0.05,
suggested no horizontal pleiotropy. The ‘mr_leaveoneout’ function was employed to perform a LOO test, which
examined the impact of each SNP on the outcome. Significant changes in the results upon removal of a variable
indicated that the SNP had a substantial impact on the outcome. A Steiger test was employed to confirm the
directionality of UVMR analysis. Only candidate genes with a correct causal direction marked as TRUE and a
significance level of p <0.05, were deemed as key genes.

Development and verification of a risk model

First, in the GSE65682 dataset, univariate Cox regression analysis was used to identify prognostic genes
associated with survival in patients with sepsis from key genes (HR#1, p<0.01). Prognostic genes that
passed the proportional hazards (PH) assumption test (p>0.05) were selected for least absolute shrinkage
and selection operator regression (LASSO) regression analysis using the R package ‘glmnet’ (version. 4.1-4)%.
Samples with complete survival information in the GSE65682 dataset were randomly zoned as a training set
and a validation set at cut of 7:3. In the training set, a risk model was developed based on the expression levels
of prognostic genes and the overall survival (OS) information of patients with sepsis. A risk score equation
was determined based on the LASSO coefficient (coef) and prognostic gene expression (expr) as follows:
risk score = 2:1:1 coef (gene;) x expr(gene;). Subsequently, in the training set, patients with sepsis were
divided into high- and low-risk groups, according to the median risk score. Ulteriorly, in training and validation
sets, K-M curves were created via the R package ‘survminer’ to compare survival discrepancies between two risk
groups (p<0.05). Moreover, the R package ‘survivalROC’ (version. 1.0.3)*! was used to draw receiver operating
characteristic (ROC) curves to evaluate the effectiveness of the risk model by outputting the area under the
curve (AUC) values for 9, 18, and 27-day. An expression heatmap of prognostic genes in the two risk groups was
generated.

Establishment of a nomogram model and analysis of clinical characteristics

A nomogram model was established via the R package’ rms’ (version 6.5-0)*! in compliance with the expression
of each prognostic gene. The predictive precision of the nomogram was appraised using calibration curve,
decision, and ROC curves. To investigate the relation between risk score and clinical characteristics, in the
training set, age, gender, diabetes, endotype class, ICUA, and pneumonia diagnoses were categorized into
disparate clinical subgroups. The Wilcoxon rank-sum test was used to distinguish discrepancies in risk scores
among these subgroups (p <0.05). Stacked bar charts were generated to illustrate the proportion of patients in
the two risk groups across various clinical characteristics.

Characterization of immune infiltration and immune checkpoint analysis

The occurrence of the disease is usually inseparable from the role of the immune system; therefore, studying
the distribution of immune cells in sepsis can improve our understanding of its pathogenesis. First, the relative
percentages of 22 immune cells in the high- and low-risk groups of the training set were estimated using the
CIBERSORT algorithm?. Discrepancies in immune cell infiltration between the two risk groups were compared
via Wilcoxon rank-sum test (p < 0.05). Discrepancies in the expression levels of 28 immune checkpoints between
the two risk groups were estimated using the Wilcoxon rank-sum test (p < 0.05). Spearman’s correlation analysis,
supported by the R package” Psych * (version 2.2.9)%* was used to explore the correlations between prognostic
genes and discrepant immune cells as well as between prognostic genes and immune checkpoints.

Functional exploration of prognostic genes and molecular network construction

To delve deeper into the signaling pathways associated with prognostic genes and the potential mechanisms of
prognostic genes influencing sepsis, a Spearman correlation analysis was conducted on prognostic genes and all
genes in the training set through the ‘psych’ package in R. These genes were then ranked based on their correlation
coefficients from high to low, and GSEA was conducted on the sorted genes using the R package ‘clusterProfiler’
(p<0.05). To understand the expression patterns of prognostic genes, upstream molecules targeting these genes
were identified. Key miRNAs targeting prognostic genes were obtained by crossing the miRNAs predicted by the
miRanda (http://www.miranda-im.pl/) and miRDB (https://mirdb.org/ mining.html) databases. Subsequently,
the molecules upstream of these key miRNAs and IncRNAs were predicted using the starBase database (https://s
tarbase.info/). Additionally, the NetworkAnalyst database (https://www.networkanalyst.ca/) was used to retrieve
transcription factors (TFs) target prognostic genes. Cytoscape software (version 3.7.2)3* was used to construct
the mRNA-miRNA-IncRNA and TF-mRNA networks. To further understand the suborganelles of prognostic
genes, the UniProt database (https://www.uniprot.org/) was used for subcellular mapping of proteins coded by
prognostic genes.
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Disease association analysis, protein phosphorylation analysis and drug prediction

Disease association analysis aims to identify the causes and factors influencing diseases through systematic
research. In this study, diseases associated with prognostic genes were explored using the DisGeNet database
(https://www.disgenet.org/) and a prognostic gene-disease co-expression network was visualized using Cytoscape
software. To investigate the phosphorylation sites of prognostic genes at the protein level, the PhosphoSitePlus
database (https://www.phosphosite.org/homeAction.action) was utilized for analyzing the phosphorylation sites
of the corresponding proteins. The findings were presented visually on a Laplace plot. The Drug Signatures
Database (DsigDB, https://ngdc.cncb.ac.cn/databasecommons/database/id/4603) was used to predict targeted
drugs that were likely to act on prognostic genes, and a prognostic gene-drug network was built using Cytoscape
software.

Quality control (QC) and cell annotation

Using the GSE167363 dataset, the ‘Seurat’ package in R (version 4.3.0)*° was used for the data filtering.
Specifically, cells with fewer than 200 genes, genes present in fewer than three cells, cells expressing fewer than
350 genes or more than 3,000 genes, and genes with counts > 15,000 were excluded. Additionally, the proportion
of mitochondrial genes was limited to less than 15%. After data normalization, the ‘vst method was used to
extract the top 2,000 highly variable genes (HVGs) between cells for further analysis. Furthermore, the samples
were subjected to principal component analysis (PCA), the principal components (PCs) were extracted via the
JackStrawPlot’ and ‘JackStraw’ functions, and a PCA inflection plot was drawn to show the percentage of variance
represented by each PC. The ‘FindNeighbors’ and ‘FindClusters” functions were executed to do an unsupervised
cluster analysis of the cells. The Uniform Manifold Approximation and Projection (UMAP) method was used
to cluster the cells, resulting in cell clusters (resolution=0.3). Cell types were obtained based on the expression
of marker genes in cell clusters, which were obtained from a previous study*®. Simultaneously, the proportion of
each cell type in the discrepant samples from the GSE167363 dataset was determined.

Cell communication and pseudo-time analyses

The expression of prognostic genes in different cell types was estimated, and key cell types with significantly
different expression of prognostic genes in sepsis patients and controls were identified using the Wilcoxon
rank-sum test (p <0.05). To assess the patterns of interactions between cell types, cell communication analysis
was performed using the R package ‘CellChat’ (version 1.6.1)*. In addition, the patterns of receptor-ligand
interactions between different cell types were revealed. Unk ‘Monocle’ (version 2.26.0) package in R was used
to conduct a pseudo-time analysis of key cell types to reveal the dynamic perspective of key cell differentiation
state transformation and prognostic gene expression.

Gene set variation analysis (GSVA)

To explore changes in key cell-enriched pathways, GSVA was proceeded via the ‘GSVA' package (version
1.42.0)7, with the reference gene set h.all.v2023.2. Hs.symbols.gmt, from the Molecular Signatures Database (
https://www.gsea-msigdb.org/gsea/msigdb).

Statistical analysis

Bioinformatics analysis was performed using the R software (version 4.2.2). Differential expression analysis was
performed using limma (version 3.54.0) to identify differential genes between disease and normal samples; a
co-expression network was constructed via WGCNA and key modules were screened; clusterProfiler (version
4.7.1.003) was used to conduct GO/KEGG functional enrichment analysis on candidate genes; TwoSampleMR
was employed to perform Mendelian randomization analysis for inferring the causal relationship between genes
and sepsis; the construction of a prognostic model using survival (version 3.5-3) combined univariate Cox
regression and glmnet (version 4.1-4) LASSO regression, and rms (version 6.5-0) and nomogramFormula
(version 1.2.0.0) were utilized to construct and validate the nomogram model; immune infiltration analysis
was carried out to evaluate cell composition through CIBERSORT; for single-cell data analysis, Seurat (version
4.3.0) was used for quality control, standardization and clustering, CellChat (version 1.6.1) was applied to
analyze intercellular communication, and monocle (version 2.26.0) was used to perform pseudotime analysis; in
addition, GSVA (version 1.42.0) and enrichplot (version 1.18.3) were also used to conduct pathway enrichment
analysis. Discrepancies between the two groups were evaluated using the Wilcoxon rank-sum test, with a p-value
of less than 0.05 deemed statistically significant.

Results

A total of 1047 candidate genes linked to sepsis and ferritinophagy were obtained

In the GSE65682 dataset, differential expression analysis identified 3,920 sepsis-associated DEGs, comprising
1,245 upregulated and 2,675 downregulated genes (Fig. 1A, Table S1). A heatmap was generated to display the
expression patterns of the top 10 genes with the largest absolute log2 fold change values (Fig. 1B). The FRGs
score was higher in sepsis group (p <0.001). K-M analysis revealed that patients with sepsis in the high-scoring
cohort maintained a lower survival probability (p=0.00029) (Fig. S1A, B). No outliers were observed in the
GSE65682 dataset (Fig. S1C). The ideal soft threshold was determined to be 8, with an R? value approaching
0.85 and a mean connectivity near 0 (Fig. S1D). Twelve clustering modules were generated in the co-expression
network (Fig. S1E). Among these, the MEblue module showed the strongest positive correlation with the FRGs
scores (cor=0.93, p<0.001), whereas the MEturquoise module exhibited the highest negative correlation with
the FRGs score (cor=-0.63, p<0.001). Consequently, they serve as the key modules. A set of 3,06 key module
genes was obtained by merging the module genes from the two key modules (Fig. 1C). Subsequently, 1,047 genes
intersecting DEGs and key module genes were identified as candidate genes (Fig. SIF, Table S2).
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Fig. 1. Candidate genes related to ferritinophagy in sepsis were obtained. (A) DEGs between sepsis and
control samples in the GSE65682 dataset; (B) Heatmap of expression of up-regulated DEGs in the sepsis
group; (C) Correlation of modules with FRGs scores; (D) The top 5 entries for BPs, CCs, and MFs based on

enrichment analyses of candidate genes; (E) The top 10 KEGG pathways?!"*%; (F) PPI network of Candidate
genes.
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Candidate genes might be involved in protein regulation and modification, DNA
maintenance and repair, energy metabolism

Further enrichment analyses of candidate genes revealed that they were involved in 758 biological processes
(BPs), 124 cellular components (CCs), 135 molecular functions (MFs) and 38 KEGG pathways (Table S3). The
top five BPs, CCs, and MFs entries were presented in Fig. 1D, such as ATP hydrolysis activity and ubiquitin-like
protein transferase activity and so on. KEGG enrichment analysis identified a total of 38 pathways (Table S4).
The top 10 KEGG pathways***? included nucleocytoplasmic transport, protein processing in the endoplasmic
reticulum, and the cell cycle (Fig. 1E). Candidate genes may be involved in protein regulation and modification,
DNA maintenance and repair, energy metabolism, and cell cycle regulation. The PPI network revealed 8,167
interaction pairs between 1047 candidate genes, including ATP10D-TMEMS86B, GDE1-NAPEPLD, and
B3GALNT2-XYLT1. (Fig. 1F).

A number of 95 candidate genes retained significant causal relationships with sepsis

To clarify the potential causal relationship between candidate genes and sepsis, we employed a univariate
Mendelian randomization approach for analysis. The results showed that among the 1047 candidate genes, 95
genes had a significant causal relationship with sepsis. Among them, 47 candidate genes are risk factors for
sepsis, such as XBP1 (HR=1.060, p<0.001, 95% confidence interval [CI]: 1.04-1.081), FAM117B (HR=1.025,
p<0.001, 95% CI: 1.013-1.038) and MYBPC3 (HR=1.038, p<0.001, 95% CI: 1.024-1.052), while 48 candidate
genes were protective factors for sepsis, such as DPCD (HR=0.803, p <0.001, 95% CI: 0.742-0.869) and CTCF
(HR=0.805, p<0.001, 95% CI: 0.735-0.882) (Fig. 2A). Details of the 95 candidate genes are presented in
Supplementary Table S1. Using FAM117B as an example, the IVW method identified it as a risk factor for
sepsis owing to its positive slope, and its effect on sepsis was almost unaffected by confounding effects (Fig. 2B).
In addition, the MR effect size for FAM117B in sepsis was greater than zero in the forest plot, suggesting that
FAM117B may increase the risk of sepsis (Fig. 2C). The evenly distributed points on the funnel plots indicate
that the causal effect of FAM117B on sepsis adhered to Mendel’s second law (Fig. 2D). Both MR-Egger and IVW
methods showed Q_pval values above 0.05, confirming no heterogeneity (Table S5). The horizontal pleiotropy
test suggested no influence of confounding factors (p>0.05) (Tables S6, S7). In addition, none of the SNPs was
sensitive to sepsis upon sequential elimination, indicating that individual SNP effects were unlikely to affect the
causality of FAM117B in sepsis (Fig. 2E). The Steiger test further confirmed the causal direction of these genes
on sepsis (p<0.05), ruling out the possibility of reverse causality (Table S8). The results for the top 10 genes
ranked by p-values are presented in Supplementary File 1.

The risk model demonstrated reliable predictive ability on sepsis

Three prognostic genes were selected from 95 candidate genes (UBE2Q1, NEDDA4L, and TCP11L2) via univariate
Cox regression analysis and PH hypothesis testing (p>0.05) (Fig. 3A). Three genes were subjected to LASSO
regression analysis, and all three were retained in the most accurate model (lambda min=0.01648664) (Fig. 3B-
C). The LASSO regression coefficients for each prognostic gene are shown in Table S9 and are as follows: risk
score = UBE2QI x (-1.401702039) + NEDDA4L x (0.288855044) + TCP11L2 x (0.513506055). In the training set,
based on the risk model using these three prognostic genes, the K-M curve confirmed that high-risk patients
had a lower survival probability (p=0.012) (Fig. 3D). The risk model demonstrated credible predictive ability
as evidenced by the ROC curve, with AUCs of 0.65, 0.64, and 0.63 at 9, 18, and 27 days, respectively (Fig. 3E).
Additionally, the expression of UBE2Q1 was low in the high-risk group, whereas that of NEDD4L and TCP11L2
was high (Fig. 3F). Furthermore, the validation set proved the universality of the risk model, showing outcomes
similar to those of the training set (Fig. S2A-C).

The prognostic gene-based nomogram performed well in in predicting the risk of sepsis

A nomogram model was built to evaluate the predictive value of the prognostic genes. The risk of sepsis
increased with the increase in the total number of points (Fig. 4A). The calibration curve indicated a high fit for
the nomogram, supported by a Hosmer-Lemeshow test p-value of 0.616 (Fig. S3A). The decision curve showed
that the nomogram model provided a higher net benefit than any single diagnostic gene (Fig. 4B). Moreover, the
AUC value of the nomogram model was higher than that of individual prognostic genes (Fig. 4C). In summary,
the nomogram model appeared to be a credible tool for predicting sepsis risk. The samples were classified into
four phenotypes using the unsupervised consensus clustering method and named MARS1-4*!. Subsequent
analysis of the differences in risk scores between different clinical subgroups revealed evident differences in risk
scores among the endotype class subgroups, but not among other clinical subgroups. The risk score of Mars1 was
significantly higher than those of Mars2, Mars3, and Mars4 (p <0.001) (Fig. 4D, Fig. S3B-F). Additionally, there
were significantly more high-scoring patients in the Mars1 subgroup than in the low-scoring group (Fig. 4E, Fig.
S4A-E).

Totally 3 discrepant immune cells and 16 discrepant immune checkpoints were identified

The relative percentages of the 22 immune cells in the two risk groups in the training set are shown in Fig. 5A.
Among the 22 immune cells, activated natural killer (NK) cells, resting NK cells, and gamma delta (yd) T cells
maintained discrepant infiltration levels between the high- and low-risk groups, with high infiltration of resting
NK cells and y§ T cells in the high-risk group (p <0.05) (Fig. 5B). TCP11L2 was positively correlated with y§ T
cells (cor=0.14, p<0.01) and resting NK cells (cor=0.23, p<0.01), and negatively correlated with activated NK
cells (cor=-0.20, p<0.05). Conversely, UBE2QI expression negatively correlated with yd T cells (cor=-0.14,
p<0.05) (Fig. 5C). The expression of 28 immune checkpoints between the two risk groups was then estimated,
identifying 16 discrepant immune checkpoints. CD160, CD40LG, CD70, and ICOSLG were upregulated in the
high-risk group, whereas the other discrepant immune checkpoints were upregulated (Fig. 5D). Importantly,
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Fig. 2. A number of candidate genes retained significant causal relationships with sepsis. (A) UVMR analysis;
(B) Scatter plot of FAM117B in relation to sepsis; (C) Forest plot of FAM117B in relation to sepsis; (D) Funnel
plot with evenly distributed points (FAM117B); (E) Leave-one-out (LOO) tests(FAM117B).
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Fig. 3. The risk model on sepsis. (A) Selection of prognostic genes using univariate Cox regression analysis;
(B, C) LASSO regression analysis; (D) Kaplan-Meier (K-M) survival curve; (E) ROC curve; (F) Expression of

the prognostic genes.

among the immune checkpoints that were significantly correlated with prognostic genes, most of the immune
checkpoints were significantly negatively correlated with NEDD4L and TCP11L2, whereas UBE2Q1 was
significantly positively correlated with most of the immune checkpoints (Fig. 5E).
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Fig. 5. The differential immune cell infiltration and immune checkpoint expression between high-risk and
low-risk groups, as well as their correlations with prognostic genes. (A) Relative percentages of 22 immune
cell types in high-risk and low-risk teams from the training set; (B) Differential expression of immune cells in
high and low risk groups; (C) Correlation analysis of TCP11L2 and UBE2Q1 with differential immune cells;
(D) Expression analysis of 28 immune checkpoints between high-risk and low-risk groups; (E) Correlation

between immune checkpoints and prognostic genes.

Prognostic genes might be regulated by multiple miRNAs and TFs when performing
functions such as mitochondrial and protein synthesis

In GSEA, prognostic genes were clearly co-enriched in ribosomes, Parkinson’s disease, and oxidative
phosphorylation. This suggests that the functions of the prognostic genes might be related to mitochondrial
function and protein synthesis (Fig. 6A-C). The mRNA-miRNA-IncRNA network included three mRNA, seven
miRNAs, and 45 IncRNAs. AL031282.2 may simultaneously regulate the expression of UBE2Q1 and NEDD4L
by influencing hsa-miR-526b-5p (Fig. 6D). Moreover, in sum of 57 TFs targeting prognostic genes were retrieved
from the NetworkAnalyst database. As represented in the TF-mRNA network, the expression of UBE2Q1 and
TCP11L2 may also be simultaneously regulated by KLF16 and TFAP4, as well as TCP11L2 and NEDDA4L by
DMAP1 (Fig. 6E). Subcellular localization revealed that NEDD4L was mainly distributed in the cytoplasm
and endoplasmic reticulum, whereas UBE2Q1 and TCP11L2 were mainly distributed in the cytoplasm and

cytoskeleton, respectively (Fig. 6F-H).
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Fig. 6. Prognostic gene enrichment, network regulation and cellular localization. (A-C) Gene Set Enrichment
Analysis of prognostic genes (A: UBE2Q1 B: NEDD4L C: TCP11L2); (D) mRNA-miRNA-IncRNA network;
(E) TF-mRNA network; (F) Subcellular localization of NEDDA4L; (G) Subcellular Localization of TCP11L2; (H)
Subcellular localization of UBE2QI.

Scientific Reports|  (2025) 15:43314 | https://doi.org/10.1038/s41598-025-29680-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Similar diseases and common drugs targeting prognostic genes were identified

Only the diseases associated with UBE2Q1 and NEDDA4L were predicted in the DisGeNet database. Among these,
10 disease types, including breast carcinoma, tumor progression, malignant neoplasm of the breast, and tumor
cell invasion, were simultaneously correlated with UBE2Q1 and NEDDAL (Fig. S5A). Protein phosphorylation
analysis highlighted that the positions of the phosphorylated mutations in UBE2Q1, NEDDA4L, and TCP11L2
were concentrated between 375 and 475 amino acids, 300-500 amino acids and 0-50 amino acids (Fig. S5B-D).
In addition, the gene-drug network revealed 60 compounds that target prognostic genes. Recently, anisomycin,
VALPROIC, and trichostatin co-targeted NEDD4L and UBE2Q]1, while acetaminophen and benzo[a]pyrene
co-targeted NEDDA4L and TCP11L2 (Fig. S5E).

T cells, B cells, NK cells, monocytes and platelets were regarded as key cell types

The findings in Fig. S6 A-B depicted the scRNA-seq data before and after QC. The red spots in Fig. S6 C represented
the top 2,000 (HVGs). Based on the PCA results (p<0.05), the first 30 PCs were selected for subsequent
analysis (Fig.S6 D-E). Additionally, UMAP revealed that 21 cell clusters were combined into seven cell types
(T cells, B cells, NK cells, monocytes, platelets, erythroid precursors, and dendritic cells [DCs]) according to
the expression of marker genes in each cell clusters (Fig. 7A-C, Fig. S6F, Table S10). In summary, cell types in
which prognostic genes were expressed differentially included T cells, B cells, NK cells, monocytes, and platelets,
and were regarded as key cell types (Fig. S6 G-K). Cell communication analysis confirmed that in the controls,
T cells communicated more closely with monocytes and B cells, platelets with monocytes, monocytes with B
cells, B cells with monocytes, and NK cells with monocytes in quantity and strength (Fig. 7D, E). In addition,
the close interaction between T cells and B cells is mainly mediated by MIF — (CD74 + CXCR4). NK cells and
platelets communicated with monocytes mainly through CCL5-CCR1 (Fig. 7F). Pseudo-time analysis of key cell
types indicated that the differentiation of B cells and platelets included five branches (states 1-5) and they were
differentiated in order from state 1 (early development) to state 3/4 (late development). NK cells, monocytes,
and T cells had 11,3 and 9 branches, respectively. For NK cells and monocytes, state 1 was in the early stage of
development, whereas state 8 was in the early stage of T cell development. In sepsis, T cells predominated in
stages 1 and 3 of development (Fig. 8A). The expression of prognostic genes significantly increased from early
to late development of T cells, and the expression of UBE2Q1 increased with differentiation of each key cell type
(Fig. 8B).

The changes of classical signaling pathways in key cell types were revealed

GSVA revealed changes in classical signaling pathways in key cell types. For instance, in sepsis, Notch signaling
pathways are inhibited in NK cells and activated in platelets and T cells. P53 pathway was inhibited in the T cells,
B cells, NK cells, and platelets in the sepsis group (Fig. 8C-G).

Discussion

Sepsis remains a major global health issue and is characterized by a systemic inflammatory response that leads to
organ dysfunction and high mortality*?. Previous studies have highlighted the complexity of sepsis pathogenesis,
involving inflammation, immune dysregulation, metabolic abnormalities, and organ damage®. Despite
extensive research, the specific biological role of ferritinophagy in sepsis has not been adequately explored*‘.
This study addressed this gap by identifying the prognostic genes related to ferritinophagy and examining their
potential impact on sepsis outcomes. In this study, we identified three prognostic genes (UBE2Q1, NEDDA4L,
and TCP11L2) that are associated with ferritinophagy in sepsis. A prognostic model was developed based on
the genes that accurately predicted the outcomes of patients with sepsis. Subsequently, the potential functions
of these prognostic genes were explored using GSEA, molecular regulatory network construction, and immune
cell infiltration analyses. Additionally, single-cell RNA sequencing revealed dynamic changes in the expression
of these genes within the key cell types implicated in sepsis.

This comprehensive approach provides new insights into the role of FRGs in sepsis and offers novel
perspectives on the pathogenesis of the disease and potential therapeutic targets. Identifying these prognostic
genes not only enhances our understanding of sepsis but also paves the way for improved prognostic assessment
and targeted treatment strategies.

Each of these genes plays a crucial role in various diseases; however, their involvement in sepsis has not been
previously reported. As a member of the E2 ubiquitin-conjugating enzyme family, UBE2Q1 plays a central role
in the ubiquitin-proteasome system (UPS), which is essential for intracellular protein degradation, cell cycle
regulation, and cellular growth®~*7. Aberrant expression of UBE2Q1 has been documented in multiple types of
malignancies*. For instance, in hepatocellular carcinoma (HCC), UBE2Q1 is upregulated due to copy number
amplification and promotes tumor progression through activation of the p-catenin-EGFR-PI3K-Akt-mTOR
signaling pathway, indicating its pivotal role in cell proliferation and oncogenesis?®*°. Moreover, abnormal
UBE2Q1 expression has also been observed in colorectal and breast cancers®®°!.

Sepsis is a life-threatening syndrome characterized by dysregulated host responses to infection, leading
to organ dysfunction®’. The ubiquitin-proteasome system participates in regulating immune cell function
and inflammatory signaling pathways*>>. Among these, the NF-kB signaling pathway plays a crucial role in
mediating inflammatory responses during sepsis®*>. Previous evidence suggests that UBE2Q1 may indirectly
modulate cytokine production or immune cell activation by affecting the ubiquitination of key signaling
molecules. Although UBE2Q1 itself has not been directly investigated in this context, ubiquitination-mediated
regulation of the NF-kB pathway has been shown to enhance macrophage glycolysis and M1 polarization,
thereby exacerbating sepsis, highlighting the critical role of ubiquitin modification in the inflammatory response
during sepsis™.
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Fig. 7. Single-cell analysis. (A-C) Clustering of cells (A: Cells clustered into 21 cell clusters; B: Clustered into
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Fig. 8. Pseudo-timing and enrichment analysis of key cells. (A) Pseudo-temporal analysis of key cells (From
left to right are: B cells, monocytes, NK cells, platelets, T cells); (B) Expression of prognostic genes at different
time states in key cells(From left to right are: B cells, monocytes, NK cells, platelets, T cells) (C) Analysis of
pathways involved in key cells (From left to right are: B cells, monocytes, NK cells, platelets, T cells).

NEDDA4L, an E3 ubiquitin ligase, plays a critical role in the ubiquitin-proteasome system (UPS) by mediating
the specific ubiquitination of target proteins, thereby regulating their degradation, subcellular localization,
and activity"”*8. The most well-characterized substrate of NEDDAL is the epithelial sodium channel (ENaC),
which is predominantly expressed in pulmonary and renal epithelial cells and is closely associated with related
diseases*. In addition, NEDD4L promotes polyubiquitination and degradation of Smad2/3, thereby attenuating
the TGF- signaling pathway .

The TGF-p pathway plays a complex and context-dependent role in sepsis, exhibiting both immunosuppressive
and proinflammatory effects depending on the disease stage and microenvironment®.

Taken together, NEDD4L, as an E3 ubiquitin ligase, is pivotal in maintaining protein homeostasis and
regulating immune responses and intracellular signaling. Given the extensive involvement of the ubiquitin-
proteasome system in the multifaceted pathophysiology of sepsis, NEDDA4L is highly likely to influence the
onset, progression, and prognosis of sepsis through multiple regulatory mechanisms.

T-Complex Protein 11 like 2 (TCP11L2) is less well studied but is known to be involved in spermatogenesis
and has been linked to reproductive health®!. The role of these genes in other diseases and our findings suggest
that their dysfunction may contribute to the complex pathophysiology of sepsis. However, the exact mechanism
remains to be elucidated.

The current study is the first to link these three genes to sepsis and develop a prognostic model that accurately
predicts patient outcomes. GSEA results showed that these genes were co-enriched in pathways related to
ribosomes, Parkinson’s disease, and oxidative phosphorylation. Ribosomes are involved in protein synthesis,
which is essential for cellular repair and immune functions in sepsis®2. Parkinson’s Disease pathways suggest
possible roles in neuroinflammation and mitochondrial dysfunction, which are both relevant to the systemic
effects of sepsis®. In addition,oxidative phosphorylation is crucial for energy production and its dysregulation
can lead to metabolic abnormalities in sepsis®*. The co-enrichment of these genes in Parkinson’s disease and
oxidative phosphorylation pathways suggests broader implications beyond sepsis, potentially linking systemic
inflammation and metabolic dysregulation observed in other diseases. Investigating these cross-disease
pathways may not only enhance sepsis treatment strategies but also contribute to our understanding of other
inflammatory and neurodegenerative disorders. Ultimately, the insights gained from this study could pave the
way for personalized gene-targeted therapies to improve patient outcomes in sepsis and beyond.

Immune infiltration analysis revealed significant differences in resting NK cells and gamma delta (y§) T cells
between the high- and low-risk groups. Resting NK cells are involved in early immune responses and the control
of viral infections, with studies showing that their dysfunction in sepsis contributes to immune paralysis®.
Gamma delta T cells play roles in bridging innate and adaptive immunity and promoting inflammatory responses
and have been implicated in sepsis pathogenesis through their cytokine production and cytotoxic activity®. In
addition, correlation analysis showed a certain correlation between prognostic genes and differential immune
cells, suggesting that regulating the differential infiltration of immune cells through genes may have an inhibitory
effect on the immune dysregulation of sepsis.
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Single-cell RNA sequencing has identified five key cell types: T-cells, B-cells, NK cells, monocytes, and
platelets. Based on the role of these immune cells in immune response, they may also be critical for immune
dysregulation and inflammation in sepsis. Among them, T and B cells are involved in adaptive immunity, NK
cells are involved in innate immunity, the main function of monocytes is phagocytosis and participation in the
inflammatory response, and platelets regulate coagulation and inflammation. Recently, Bird et al. found that
NOP receptor signaling may adversely affect the outcome of sepsis by regulating the immune response of B cells
and T cells®’, and Yao et al. found that SI00A9 + monocytes exhibited profound immunosuppressive function in
the CD4 +T cell immune response®®. These results were consistent with our results.

Furthermore,cell communication analysis showed strong interactions between monocytes and other cell types,
primarily through the TN-TLR4 and CCL5-CCRI signaling pathways, which are important for inflammatory
responses®. Pseudo-time analysis indicated that the expression of UBE2Q1 increased with differentiation of key
cell types, suggesting its role in cell development and function in sepsis. These findings highlight the importance
of intercellular communication in sepsis progression and the potential impact of prognostic genes on these
processes.

GSVA was used to explore the biological pathways involved in key cells, and the results highlighted classic
signaling pathways, such as P53 and Notch. The P53 pathway is a crucial tumor suppressor involved in cell cycle
regulation and apoptosis, and its suppression can lead to uncontrolled cell proliferation and impaired immune
response in sepsis’’. Yu et al. found that P53 affects the occurrence of ferritinophagy by regulating autophagy-
related genes, iron metabolism-related proteins, NCOA4, and oxidative stress’!. In contrast, the Notch pathway
is vital for cell differentiation and immune regulation, and its dysregulation contributes to immune dysfunction
observed in sepsis72. However, Notch exists in different states in different cell types. In NK cells in sepsis, Notch
is inhibited but is activated in other key cells. This complex regulation suggests that immune cells and pathways
are involved in multiple mechanisms of sepsis, which require further exploration.

This study identified UBE2Q1, NEDD4L, and TCP11L2 as key ferritinophagy-related genes involved in
the prognosis of sepsis. We not only established a prognostic model capable of effectively stratifying patients
according to mortality risk but also, at single-cell resolution, uncovered the dynamic expression patterns of these
genes within immune cells and their close associations with specific immune subsets, such as y§ T cells and
NK cells. These findings introduce a novel paradigm for understanding the immunometabolic dysregulation of
sepsis from the perspective of iron metabolism-immune crosstalk, providing both a theoretical foundation and
potential targets for the development of innovative prognostic assessment tools and precision immunotherapeutic
strategies for sepsis in the future.

Despite the significant findings of this study, several limitations should be acknowledged. First, although three
ferritinophagy-related prognostic genes were identified and a risk prediction model was established, the specific
molecular mechanisms through which these genes influence sepsis remain to be elucidated. In particular, their
interactions with core molecules within the ferritinophagy pathway, as well as their regulatory roles in immune
dysregulation and metabolic abnormalities during sepsis, have not yet been fully clarified.Second, this study
primarily relied on bioinformatic analyses of public databases, lacking validation in independent clinical cohorts
and functional experiments to confirm the expression patterns, mechanistic roles, and causal relationships of the
key genes. Therefore, the generalizability and robustness of the prognostic model require further confirmation
through prospective studies.

Future research can advance in several directions. (1) In vitro cellular and in vivo animal experiments
should be conducted to elucidate the precise roles of these prognostic genes in the ferritinophagy process. (2)
Independent, multicenter clinical cohorts of sepsis patients should be collected to evaluate the correlations
between the expression of these genes and patient survival, inflammatory markers, and organ function scores,
thereby optimizing the risk model and nomogram to enhance clinical applicability.(3) Based on predictions
from the DisGeNet and DsigDB databases, drug repurposing studies involving compounds such as anisomycin
and valproic acid could be performed to verify their efficacy in improving sepsis outcomes by modulating these
prognostic genes. Moreover, integrating single-cell RNA sequencing data could help identify the key cellular
subpopulations involved and uncover the roles of these genes in cell-cell communication. Finally, exploring
potential cross-disease associations of these prognostic genes with disorders such as Parkinson’s disease or
cancer may provide novel insights into shared molecular mechanisms and open new avenues for therapeutic
innovation in sepsis.

Conclusion

This study successfully identified three ferritinophagy-related prognostic genes (UBE2Q1, NEDDA4L, and
TCP11L2) in sepsis using bioinformatic analysis and developed a predictive model based on these genes that
accurately forecast patient outcomes. Our findings indicate that these genes are enriched in pathways related to
ribosomes, Parkinson’s disease, and oxidative phosphorylation, suggesting that they may affect sepsis progression
through regulation of protein synthesis, mitochondrial function, and energy metabolism. Furthermore, immune
infiltration analysis revealed high levels of resting NK cells and gamma delta (y8) T cells in the high-risk group,
highlighting their crucial roles in the immune response to sepsis. Single-cell RNA sequencing provided insights
into the dynamic expression changes of these prognostic genes in key cell types, offering a new perspective on
the cellular and molecular mechanisms underlying sepsis.These findings have significant clinical implications
and provide a foundation for future research to further understand and treat sepsis.

Data availability
All data generated in this study are publicly available in the Gene Expression Omnibus (GEO) database (http://w
ww.ncbi.nlm.nih.gov/). Specifically, the datasets GSE154918 and GSE134347. All materials used in this study are

Scientific Reports |

(2025) 15:43314 | https://doi.org/10.1038/s41598-025-29680-1 nature portfolio


http://www.ncbi.nlm.nih.gov/
http://www.ncbi.nlm.nih.gov/
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

commercially available and are described in detail in the Methods section. Additional data supporting the find-
ings of this study are available from the corresponding authors upon request. The R script and all supplementary
materials are available at https://pan.baidu.com/s/1aCBDCFEjVMZda-JM0I9ukA Extraction code: 1234.
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