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Background: Peroxisomes are vital organelles involved in metabolic processes such as fatty acid metabolism and reactive oxygen
species detoxification. Their role in sepsis, characterized by systemic inflammation and organ dysfunction, is not well understood. This
study focuses on pediatric sepsis, utilizing gene expression profiles from pediatric sepsis patients and healthy controls.

Methods: We analyzed differentially expressed peroxisome-related genes (DPGs) using the GSE26378 dataset. ssGSEA assessed
peroxisome pathway activity, immune cell infiltration, and immune-related pathways, examining their relationships. Key marker genes
were identified using LASSO, RF, and Logistic Regression. A nomogram was constructed to predict sepsis risk based on these markers. An
in vivo animal model of LPS-induced sepsis was also utilized to validate the expression of key marker genes (EPHX2 and IDH1).
Results: Sixteen DPGs were identified in sepsis. Peroxisome pathway activity was significantly increased in the sepsis group,
positively correlating with neutrophils and macrophages, and negatively with NK cells. In sepsis, pathways related to immunity,
inflammation, and apoptosis were activated, with a strong positive correlation between peroxisome activity and these pathways.
Machine learning algorithms revealed key marker genes, EPHX2 and IDH1, validated through the GSE13904 and GSE26440 datasets,
and LPS-induced animal experiments.

Conclusion: Our findings underscore the significant role of peroxisome-related processes in sepsis, particularly their interaction with
immune dynamics and pathways. The identified marker genes may serve as potential therapeutic targets, by linking immune infiltration
to peroxisomal gene expression, enhancing our understanding of sepsis pathophysiology and improving clinical outcomes.
Keywords: sepsis, peroxisome, immune cell infiltration, RNA sequencing, biomarker identification

Introduction

Sepsis is a life-threatening condition characterized by a dysregulated host response to infection, leading to systemic
inflammation, multiple organ dysfunction, and high mortality rates.'> Despite advances in critical care, the pathophy-
siological mechanisms underlying sepsis remain incompletely understood, posing significant challenges to early diag-
nosis and effective treatment.”* Recent studies have pointed towards the crucial role of metabolic pathways and immune
responses in the progression of sepsis, yet the specific contributions of various cellular organelles and their related
processes are still being elucidated.

Peroxisomes are essential organelles involved in fatty acid B-oxidation, reactive oxygen species (ROS) detoxification,
and plasmalogen biosynthesis.”’ These processes help maintain cellular homeostasis and protect cells from oxidative
damage. The involvement of peroxisomes in immune regulation and their response during systemic inflammatory
conditions like sepsis is a relatively recent area of interest. However, the role of peroxisome-related processes in sepsis

has not been adequately explored, particularly in pediatric cohorts, where immune responses differ from adults. Previous
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research has established the importance of metabolic reprogramming and immune cell function in sepsis.®® Studies have
shown alterations in lipid metabolism and increased oxidative stress in septic patients, implicating peroxisomes in the
pathophysiology of sepsis.'”!" For example, elevated oxidative stress has been associated with impaired immune cell
function and heightened inflammatory responses, contributing to the severity of sepsis.'> Moreover, peroxisomal
enzymes such as catalase and superoxide dismutase play critical roles in mitigating ROS, which are often elevated
during sepsis.'>'* Despite these insights, few studies have specifically focused on the differential expression of
peroxisome-related genes (DPGs) and their impact on immune cell dynamics in sepsis. Most existing research has
been limited to animal models, leaving a significant gap in our understanding of how peroxisomal processes affect
patients differently. This highlights the need for studies that specifically address how peroxisomal processes influence
sepsis outcomes in pediatric patients.

The high morbidity and mortality associated with sepsis necessitate the identification of novel biomarkers and
therapeutic targets. Understanding the interactions between peroxisome-related processes and immune responses could
offer new avenues for early diagnosis and targeted therapies. Given the unique metabolic and immune characteristics of
patients, it is particularly important to investigate how peroxisomal function influences sepsis outcomes in children,
where immune responses may differ from those in adults. This study aims to address this gap by performing a detailed
bioinformatic analysis of DPGs in sepsis, utilizing advanced computational techniques to uncover potential biomarkers
and therapeutic targets. By linking peroxisome activity with immune cell infiltration and immune-related pathways, we
seek to provide a comprehensive overview of how peroxisomal processes contribute to the pathophysiology of sepsis.

Methods

Data Collection and Preprocessing

We sourced sepsis expression data from the Gene Expression Omnibus (GEO) database (accessed on June 19, 2024; https:/
www.ncbi.nlm.nih.gov/geo/), specifically datasets GSE26378 (21 healthy controls and 82 septic samples), GSE26440 (32 healthy
controls and 98 septic samples), and GSE13904 (18 healthy controls and 158 septic samples) as the validation cohort (Table S1).
Inclusion criteria for samples required: (1) cohort size >80 patients, (2) blood-derived samples, and (3) age-matched controls

without recent fever (within 2 weeks), anti-inflammatory drug use (within 2 weeks), or history of inflammatory diseases. The
demographic and clinical features of sepsis cases from the GSE26440 and GSE26378 datasets are summarized in Table S2.
Annotation files for GPL570, along with the matrix files from both datasets, were obtained from the GEO database. Quality
control of matrix files included outlier detection using RLE plot, with no samples excluded post-QC. Expression values were
generated using the Affy package (v1.86.0) with background correction and normalization via the gcrma package (v2.80.0). After
preprocessing, the final dataset included 20,549 genes.

Differential Expression Analysis

Peroxisome-related genes were curated from the “KEGG_Peroxisome” and “Hallmark Peroxisome” gene sets in the
Molecular Signatures Database (MsigDB), yielding 88 peroxisome-related genes for analysis. Differential expression
analysis was conducted using the limma package (v3.52.2) on 20,549 genes across all samples. The threshold for
significance was set at an adjusted p-value < 0.05 and |log2 fold change (log2FC)| > 0.5, a cutoff supported by prior
studies of sepsis-related transcriptomic changes.'> Among the analyzed genes, 16 peroxisome-related genes exhibited
significant differential expression. Visualization of results included: Volcano plots generated using the ggplot2 package
(v3.4.4); heatmaps created with the ComplexHeatmap package (v2.13.1); correlation networks constructed using igraph
(v1.4.1) and ggraph (v2.1.0) packages.

Single-Sample Gene Set Enrichment Analysis (ssGSEA)

To evaluate the peroxisome pathway’s activity, we employed ssGSEA, using R’s GSVA package, generating pathway
scores for each sample. Comparison of ssGSEA scores between sepsis and control groups allowed us to assess
peroxisome pathway activity. For immune cell infiltration analysis, we utilized marker gene sets of 24 immune cell

1.]6

types from Bindea et al.® For immune-associated pathway activity, gene sets were obtained from the ImmPort database
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(http://www.immport.org). The correlation between peroxisome pathway scores and immune cell infiltration/immune

pathway scores was calculated using Spearman correlation, with p-values adjusted for multiple comparisons using the
Benjamini-Hochberg method.

Enrichment Analyses

Gene Ontology (GO) functional annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrich-
ment analysis were performed on peroxisome-related genes using the clusterProfiler and enrichplot packages. GO
analysis covered all three ontology domains: Biological Process (BP), Cellular Component (CC), and Molecular
Function (MF). Statistical significance was defined as an adjusted p-value < 0.05 (Benjamini-Hochberg correction).

Gene Set Variation Analysis (GSVA)

The “hallmark” gene sets (50 pathways) from the MSigDB database were analyzed using the Limma and GSVA
packages to compare pathway activity between control and sepsis groups. Differential activity was assessed with
Limma’s linear models, applying an adjusted p-value threshold of < 0.05. Results are visualized in box plots.

Machine Learning for Key Gene ldentification

To identify potential marker genes from DPGs associated with sepsis, we employed three machine learning algorithms:
(1) LASSO regression, where the optimal lambda value was selected via 10-fold cross-validation; (2) Random Forest,
with hyperparameter tuning through grid search to optimize tree depth and the number of trees; and (3) Logistic
Regression, incorporating L2 regularization to prevent overfitting. Model performance was evaluated using 5-fold cross-
validation, with metrics including AUC, accuracy, sensitivity, and specificity. Class imbalance was addressed via
stratified sampling during cross-validation. The LASSO regression was optimized to determine the most effective
lambda value. Meanwhile, the Random Forest algorithm assessed the importance of genes based on mean decrease
accuracy, leading to the selection of the top 10 most significant genes. Genes consistently identified across all three
methods were selected as key markers for sepsis.

Nomogram Development and Validation

A nomogram was developed based on the expression levels of EPHX2 and IDH1 using multivariable logistic regression
with bootstrap resampling (1000 iterations). Model performance was assessed using AUC (with 95% confidence
intervals), calibration plots (Hosmer-Lemeshow test), and decision curve analysis (DCA). Internal validation was
conducted using the GSE26378 dataset, while external validation employed the GSE13904 dataset.

Animal Experiments

Male C57BL/6J mice, 8 weeks old, were obtained from the Laboratory Animal Center of Nanchang University. The
sample size (n = 12 per group) was chosen based on previous studies demonstrating significant effects of LPS at this dose
in similar experimental designs and our preliminary data, although a formal power calculation was not performed. The
mice were housed in a standard animal care facility under controlled conditions (temperature: 22 = 1°C, humidity: 55 +
5%, 12:12 hour light-dark cycle) with free access to standard chow and water. Mice were randomly assigned to either the
Control group or the Sepsis group (n = 12 per group) using a random number table generated prior to the start of the
experiment. The Control group received an intraperitoneal injection of sterile saline, whereas the Sepsis group received
an intraperitoneal injection of lipopolysaccharide (LPS) at a dose of 35 mg/kg (Sigma). Following LPS administration,
mice were monitored every 15 minutes for the first hour, then hourly for a total of 6 hours, for signs of severe distress
(eg, piloerection, lethargy, labored breathing, inability to access food/water). A predefined humane endpoint protocol was
established, requiring euthanasia if mice exhibited severe respiratory distress, unresponsiveness to stimuli, or inability to
remain upright. No animals reached these endpoints during the 1-hour experimental period prior to sample collection. All
experimental procedures were conducted in accordance with the guidelines approved by the Ethics Committee of
Nanchang People’s Hospital (Approval No. 20240161). Blood specimens were obtained via retro-orbital puncture
one hour following the administration of LPS. Personnel performing the blood collection, RNA isolation, cDNA
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synthesis, and subsequent qRT-PCR analyses were blinded to the group allocation of the samples (Control vs Sepsis).
Total RNA was isolated from the blood samples using TRIzol reagent (ThermoFisher Scientific, USA) following the
manufacturer’s instructions. The extracted RNA was then used to synthesize complementary DNA (cDNA) employing
the cDNA Synthesis Kit (ThermoFisher Scientific, USA). Quantitative real-time PCR (qRT-PCR) was performed using
the SYBR GREEN PCR Master Mix on a Real-Time PCR system (Applied Biosystems 7500). For each target gene
(EPHX2, IDH1) and the reference gene (B-actin), qRT-PCR reactions were run in technical duplicate for each of the 12
biological replicates (individual mice) per group. Amplification efficiency for each primer pair was validated prior to the
main experiment and fell within the acceptable range of 90—110%. Furthermore, melt curve analysis was performed at the
end of each qRT-PCR run to confirm the specificity of amplification and the presence of a single PCR product. The
relative mRNA expression levels of the target genes, EPHX2 and IDH1, were quantified using the 2" method.

Results

Identification of Differentially Expressed Peroxisome-Related Genes (DPGs) in Sepsis
Figure 1A presents a volcano plot summarizing the differential expression analysis between control and septic groups.
A total of 2446 genes showed significant differential expression, with 1290 genes upregulated and 1156 genes down-
regulated in the sepsis group compared to the control group, as indicated by red and blue dots, respectively. Among these,
16 peroxisome-related genes were identified as differentially expressed. To investigate the relationships between these
DPGs, the correlation network (Figure 1B) and heatmap (Figure 1C) were constructed. The results display strong
correlations among the 16 genes. Box plots in Figure 1D provide a comparative analysis of gene expression levels
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Figure | Analysis of differentially expressed peroxisome-related genes (DPGs) between sepsis and control groups. (A) Volcano plot displaying gene expression differences
between control (n = 21) and sepsis (n = 82) groups. Red dots represent upregulated genes, blue dots represent downregulated genes, and grey dots indicate genes with no
significant change. The 16 DPGs are labeled. (B) Correlation network of DPGs. Nodes represent genes, with edge thickness and color denoting the strength and direction of
the Spearman correlation (positive in red, negative in blue, and thicker edges indicating stronger correlations). (C) Heatmap showing Spearman correlation coefficients
among DPGs. Significant correlations are marked with * (p < 0.05), ** (p < 0.01), and *** (p < 0.001). (D) Box plots comparing gene expression levels of 16 DPGs between
control (blue, n = 21) and sepsis (red, n = 82) groups. Statistical significance was assessed using the Wilcoxon rank-sum test, and p-values were adjusted for multiple
comparisons using the Benjamini-Hochberg false discovery rate (FDR) method (** p < 0.01, *** p < 0.001).
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between control and septic groups. Each box plot represents the expression distribution of an individual gene in both
groups. Significant differences in expression levels were observed, with the sepsis group exhibiting markedly higher
expression levels for most of the 16 peroxisome-related genes (p < 0.01), confirming their upregulation in response to
sepsis. In addition, the functional enrichment analysis suggests that the DPGs in sepsis are primarily involved in fatty
acid metabolism and closely associated with peroxisomal functions, revealing potential mechanisms by which these
pathways may contribute to the pathophysiology of sepsis (Figure S1). In summary, these analyses identified and
characterized 16 peroxisome-related genes with significantly altered expression in sepsis, providing insights into their

potential roles in sepsis pathogenesis.

Assessment of Peroxisome Pathway Level and Its Relationship with Immune Cells

Figure 2A shows a box plot comparing the ssGSEA score of the peroxisome pathway between control and sepsis groups.
The peroxisome pathway activity was significantly higher in the sepsis group compared to the control group (p < 0.001),
indicating an upregulation of peroxisome-related activities during sepsis. In order to explore the relationship between
peroxisome pathway activity and immune cell infiltration, we performed a correlation analysis. Figure 2B highlights the
correlation coefficients between peroxisome score and various immune cell types. Neutrophils, macrophages, and Th17
cells exhibited a strong positive correlation with peroxisome scores. Conversely, several immune cell types, including
NK CD56bright cells and NK cells, exhibited negative correlations with peroxisome score. Significant differences in
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Figure 2 Evaluation of peroxisome pathway activity and its correlation with immune cells in sepsis. (A) Box plot comparing the ssGSEA score of the peroxisome pathway
between control (blue, n = 21) and sepsis (red, n = 82) groups. Statistical significance was determined using the Wilcoxon rank-sum test (*** p < 0.001). (B) Correlation
between peroxisome score and various immune cell types. The plot shows the Spearman correlation coefficients for each cell type, with significant values indicated (* p < 0.05,
*p<0.01,**p<0.001, ns indicates no statistical difference). (C) Box plots comparing ssGSEA scores of various immune cell populations between control (blue, n =21) and
sepsis (red, n = 82) groups. Statistical significance was assessed using the Wilcoxon rank-sum test, and p-values were adjusted for multiple comparisons using the Benjamini-

Hochberg FDR method (* p < 0.05, ** p < 0.01, *** p < 0.001).
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immune cell infiltration were observed (Figure 2C). In the sepsis group, higher infiltration levels of cells such as
neutrophils and macrophages were noted, while other cell types like NK CD56dim cells, B cells, T cells, and T helper
cells showed decreased infiltration levels. In summary, peroxisome pathway activity is significantly elevated in sepsis and
is associated with increased infiltration of specific immune cell types, notably neutrophils and macrophages, while being
inversely correlated with NK cells. These findings suggest a potential interplay between peroxisome-related processes

and immune cell dynamics in the context of sepsis.

Evaluation of Immune-Related Pathways and Their Correlation with Peroxisome Score
Figure 3A shows the comparison of ssGSEA scores for various immune-related pathways between control and sepsis
groups. While pathways like antimicrobials, cytokines, cytokine receptors, interleukin receptors, and TNF family
members showed significantly higher activity in sepsis (p < 0.05), indicating upregulated immune responses, the TCR
signaling pathway was notably downregulated (p < 0.001). In order to explore the link between peroxisome pathway
activity and immune response pathways, we performed a correlation analysis. As illustrated in Figures 3B-E, the scatter
plots reveal the Spearman correlation between peroxisome scores and various immune pathways (BCR signaling
pathway, interleukins receptor, natural killer cell cytotoxicity, and TNF family members). Notably, there are strong
positive correlations between the activity of the peroxisome pathway and these immune pathways. The analysis indicates
that immune-related pathways, especially those related to cytokines and TNF family members, are notably elevated in
sepsis. Additionally, there is a strong positive correlation between peroxisome pathway activity and these immune
pathways, highlighting a complex relationship between peroxisome functions and immune response in sepsis.

Assessment of Pathway Functions and Their Relationship with the Peroxisome Score
Figure 4A shows box plots comparing GSVA score of various pathways between control and sepsis groups. Numerous
pathways, including KRAS signaling up, bile acid metabolism, IL2 STATS5 signaling, reactive oxygen species pathway,
glycolysis, inflammatory response, apoptosis, PI3K-AKT-mTOR signaling, and TNFA signaling via NFKB, exhibited
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Figure 3 Evaluation of immune-related pathways and their correlation with peroxisome score in sepsis. (A) Box plot comparing ssGSEA score of various immune-related
pathways between control (blue) and sepsis (red) groups. Statistical significance was assessed using the Wilcoxon rank-sum test, and p-values were adjusted for multiple
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Figure 4 Evaluation of pathway activities and their correlation with peroxisome score. (A) Box plots comparing GSVA score of various pathways between control (blue)
and sepsis (red) groups. Statistical significance was assessed using the Wilcoxon rank-sum test, and p-values were adjusted for multiple comparisons using the Benjamini-
Hochberg FDR method (** p < 0.01, ** p < 0.001). (B) Correlation analysis between peroxisome score and differentially expressed pathways. The plot shows Spearman
correlation coefficients for each pathway, with significant correlations indicated (* p < 0.05, ** p < 0.01, ** p < 0.001, ns indicates no statistical difference).

significantly higher activities in the sepsis group compared to the control group (p < 0.01 for significant differences).
These findings indicate a pronounced upregulation of these pathways in pediatric sepsis. Figure 4B presents the
correlation analysis between peroxisome score and the pathways that are differentially expressed. Spearman correla-
tion coefficients (R) are used to evaluate the relationships. Notably, there are strong positive correlations between
peroxisome score and pathways related to protein secretion, the PI3K-AKT-MTOR signaling pathway, complement
activation, apoptosis, TNFA signaling via NFKB, IL6-JAK-STAT3 signaling, reactive oxygen species, and the
inflammatory response. In summary, the GSVA analysis identified significant upregulation of multiple pathways in
the sepsis group, highlighting immune and inflammatory responses as key features. Moreover, there is a considerable
positive association between peroxisome activity and several critical pathways, notably those involved in protein
secretion, signaling cascades, inflammation, and apoptosis, suggesting a potential functional interplay in the patho-
physiology of sepsis.

Identification of Key Marker Genes for Sepsis Using Machine Learning Algorithms
Figure 5A depicts the LASSO regression results, indicating the optimal lambda value with the smallest binomial
deviance. The LASSO model selected several genes, including ACAA1, ACSLI1, ECI2, EPHX2, IDH1, ISOCI,
PEX3, and PRDXS. Figure 5B shows the significance of genes identified by the Random Forest algorithm, ranked by
their mean decrease accuracy. Higher values reflect greater importance, and the top 10 genes were selected. Logistic
regression identified seven signature genes, as detailed in Table S3. Figure 5C shows a Venn diagram summarizing the
overlapping genes identified by the three machine learning models. Both EPHX2 and IDH1 were consistently identified
by all three algorithms, indicating their robust association with sepsis.

Construction and Validation of a Nomogram Based on EPHX2 and IDH| Expression
Figure 6A illustrates the box plots that compare the expression levels of EPHX2 and IDH1 between the control and
sepsis cohorts. In the GSE26378, the IDHI gene demonstrated a markedly elevated expression in the sepsis cohort
relative to the control cohort (*** p < 0.001), while EPHX2 exhibited a significantly reduced expression level in the
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RF analysis depicting the importance ranking of the genes based on the mean decrease accuracy. (C) Venn diagram illustrating the intersection marker genes identified by

LASSO, RF, and Logistic Regression models.
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Figure 6 Construction of a nomogram based on EPHX2 and IDHI expression. (A) Box plots comparing the expression levels of EPHX2 and IDHI between control (blue)
and sepsis (red) groups in the GSE26378 dataset. Statistical significance was determined using the Wilcoxon rank-sum test (*** p < 0.001). (B) Nomogram constructed to
predict sepsis risk based on the expression levels of EPHX2 and IDHI. (C) ROC curve evaluating the discriminative ability of the nomogram. (D) Calibration plot comparing
the predicted and actual probabilities of sepsis. (E) Decision curve analysis showing the net benefit of the nomogram model (blue line) across different risk thresholds,
compared to treating all patients (red line) or none (green line) as having sepsis.

sepsis cohort (*** p < 0.001). The genes EPHX2 and IDH1 were chosen not only because they were consistently

identified across LASSO, Random Forest, and Logistic Regression models, but also due to their high feature importance

scores in these models. Moreover, the biological functions of EPHX2 and IDH1 are well-documented in the context of

inflammation and oxidative stress, which are critical pathways in sepsis pathogenesis, ensuring both biological relevance

and clinical interpretability. Figure 6B shows a nomogram designed to estimate the risk of sepsis based on EPHX2 and
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IDH1 expression levels. Figure 6C displays the ROC curve, with an area under the curve (AUC) of 0.954, indicating high
accuracy of the model. Figure 6D features the calibration plot, which reflects a strong correlation between predicted and
actual sepsis probabilities, with the bias-corrected line closely aligning with the ideal line. Figure 6E presents the
decision curve analysis, where the nomogram model (blue line) demonstrates a significant net benefit across various risk
thresholds compared to the scenarios where all patients are assumed to have sepsis (red line) or none (green line).
Furthermore, we conducted a re-evaluation of the nomogram’s efficacy utilizing the GSE13904 dataset (Figures 7A—E)
and GSE26440 (Figure S2). The findings align with those obtained from the GSE26378 dataset. In summary, the
nomogram based on EPHX2 and IDH1 expression levels demonstrates robust predictive power and clinical utility for
identifying sepsis patients.

Validation of EPHX2 and IDH|I in a Sepsis Animal Model

The expression levels of target genes EPHX2 and IDH1 were evaluated in LPS-induced sepsis and control groups (Figure 8).
Compared to the control group, the relative mRNA level of EPHX2 was significantly decreased in the sepsis group (*p < 0.05).
In contrast, the relative mRNA level of IDH1 was significantly increased in the sepsis group compared to the control group
(**p < 0.01). These results suggest differential regulation of EPHX2 and IDHI in response to LPS-induced sepsis.
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Figure 7 Validation of a nomogram by GSEI3904 dataset. (A) Box plots comparing the expression levels of EPHX2 and IDHI between control (blue) and sepsis (red)
groups in the GSEI13904 dataset. Statistical significance was determined using the Wilcoxon rank-sum test (*** p < 0.001). (B) Nomogram constructed to predict sepsis risk
in patients based on the expression levels of EPHX2 and IDHI. (€) ROC curve evaluating the discriminative ability of the nomogram. (D) Calibration plot comparing the
predicted and actual probabilities of sepsis. (E) Decision curve analysis showing the net benefit of the nomogram model (blue line) across different risk thresholds, compared
to treating all patients (red line) or none (green line) as having sepsis.
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Figure 8 Validation of hub genes in a sepsis animal model. The bar graph shows the expression of EPHX2 and IDH| in control (blue) and LPS-induced sepsis (red) groups.
Statistical significance was determined using the Wilcoxon rank-sum test *p < 0.05, **p < 0.01.

Discussion

Peroxisomes are pivotal organelles involved in lipid metabolism, ROS detoxification, and the regulation of inflammatory
responses. Their dysfunction has been implicated in various metabolic and inflammatory disorders, highlighting their
potential role in the pathophysiology of complex diseases such as sepsis.'’ ' In sepsis, characterized by systemic
inflammation and multi-organ failure, understanding the involvement of peroxisome-related processes could unveil novel
diagnostic and therapeutic strategies.

Our study identified 16 DPGs in sepsis, indicating a significant alteration in peroxisome activity during the disease.
The increased activity of the peroxisome pathway in septic patients underscores the organelle’s potential involvement in
modulating the sepsis-induced inflammatory response. This is consistent with previous reports suggesting that peroxi-
somes play a crucial role in controlling inflammation and oxidative stress.”> 2% Furthermore, the altered expression of
these DPGs may offer novel therapeutic targets for sepsis management. By modulating peroxisome activity, it might be
possible to enhance the resolution of inflammation and reduce tissue damage. However, it is important to note that
bioinformatic predictions may not fully capture the functional dynamics at the protein level. Further validation using
proteomics and other experimental methods is necessary to confirm these findings and to better understand the precise
mechanisms at play. Future research should explore the mechanistic pathways through which these genes exert their
effects, potentially leading to innovative interventions aimed at improving patient outcomes in sepsis.

The relationship between immune cell infiltration and the pathology of sepsis provides crucial insights into the disease’s
progression and severity.”® Specifically, the correlations between peroxisome pathway activity and levels of immune cell
infiltration elucidate the complex immune dynamics in sepsis. Positive correlations with neutrophils and macrophages, and
negative correlations with NK cells, suggest a complex interaction between peroxisomes and the immune response.
Neutrophils and macrophages are key players in the innate immune response, often associated with the release of pro-
inflammatory cytokines and ROS, which can exacerbate tissue damage in sepsis.”* 2’ The observed increase in peroxisome
activity may reflect a compensatory mechanism to mitigate oxidative damage and modulate inflammatory responses, as
supported by studies indicating peroxisomes’ role in ROS detoxification, inflammation, and lipid metabolism.?*>!
Furthermore, our analysis revealed that pathways related to immunity, inflammation, and apoptosis are activated in sepsis,
with a strong positive correlation between peroxisome activity and these pathways. This aligns with the concept that
peroxisomes may influence immune responses and cell fate decisions during sepsis, potentially through the regulation of
lipid mediators and ROS signaling.**** The activation of apoptotic pathways in conjunction with increased peroxisome
activity suggests a dual role of peroxisomes in both promoting and resolving inflammation, as part of the immune system’s
efforts to contain the infection and prevent excessive tissue damage.*****> However, our study did not account for potential
sex differences (eg, using only male mice) or sepsis disease stages, which may limit the generalizability of our findings. Future
work should incorporate both sexes and longitudinal sampling to capture stage-specific peroxisomal dynamics.
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Our identification of key marker genes, EPHX2 and IDH]1, further emphasizes the critical role of peroxisome-related
processes in sepsis. Epoxide hydrolase 2 (EPHX2) is involved in the detoxification of epoxides and has been implicated
in inflammatory processes.*® Isocitrate dehydrogenase 1 (IDH1) plays a role in cellular metabolism and has been linked
to oxidative stress responses.>’*® The validation of these genes in an independent dataset strengthens their potential as
biomarkers for sepsis and suggests that targeting these genes could modulate peroxisome function and inflammatory
responses in septic patients. However, it is essential to consider potential confounders such as infection types,
comorbidities, and treatment status, as these factors could influence gene expression and immune responses in patients.
These confounders should be addressed in future studies to enhance the accuracy and relevance of the findings. The
novelty of our study lies in the comprehensive analysis of peroxisome-related processes in sepsis, a relatively unexplored
area. By integrating gene expression data with immune cell infiltration analyses and pathway activity assessments, we
provide a holistic view of how peroxisomes may influence the immune dynamics in sepsis. Despite the limitations
mentioned above, our findings not only enhance the understanding of peroxisome function in sepsis but also open new
avenues for therapeutic interventions aimed at modulating peroxisome activity to improve clinical outcomes.

In conclusion, this study underscores the significant role of peroxisome-related processes in sepsis, particularly their
interplay with immune cell dynamics and immune pathways. The identified marker genes, EPHX2 and IDHI1, may serve
as potential targets for future therapeutic strategies. Specifically, pharmacological modulation of EPHX2 or IDH1 could
be explored to mitigate peroxisome-associated inflammation in sepsis. Additionally, these genes may have diagnostic
utility as part of multi-marker panels for early sepsis detection or prognosis prediction. Further research is warranted to
explore the mechanistic details of these interactions and to validate our findings in larger, independent cohorts.
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