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ABSTRACT

Diabetic kidney disease (DKD) is a leading cause of renal failure. Inflammation of the renal tubules and interstitium is a critical
factor in the progression of DKD; however, the key regulatory genes and characteristics of the immune microenvironment
remain poorly understood. This study aims to identify key inflammatory biomarkers in the renal tubule tissues of DKD patients
and to elucidate their potential immunoregulatory mechanisms. By integrating multiple GEO transcriptome datasets and
employing differential expression analysis, weighted gene co-expression network analysis (WGCNA), and machine learning
algorithms (LASSO, Random Forest), we identified arachideriate 5-lipoxygenase (ALOX5) as a crucial feature gene of renal
tubular inflammation in DKD. Clinical correlation analysis revealed that ALOXS is significantly upregulated in DKD tissues, with
high expression closely associated with decreased glomerular filtration rate and infiltration of M1 macrophages. Additionally,
combining single-cell sequencing pseudoiime analysis and multiplex immunohistochemistry (mIHC), we demonstrated that
ALOX5 and its partner protein ALOX5AP are primarily expressed in CD68" macrophages infiltrating the renal interstitium.
They exhibit a high degree of co-localization with NF-xB/p65, INOS, and CYSLTR1, suggesting that they may mediate the
pro-inflammatory polarization oi macrophages through the leukotriene-NF-xB axis. Finally, based on molecular docking and
ADMET analysis, we screened the natural small molecule honokiol as a potential inhibitor of ALOX5, which possesses favorable
pharmacokinetic properties. This study suggests that ALOX5 is a potential biomarker of immune microenvironment imbalance
in DKD and provides a rationale for further investigation of targeted anti-inflammatory strategies, with honokiol as a candidate
compound.

Introduction

Diabetic kidney disease (DKD) is a leading cause of end-stage kidney disease (ESKD) worldwide!. The global burden
of DKD is continuously increasing. According to the latest data from the International Diabetes Federation (IDF) in the
11th edition of the “Diabetes Atlas,” the total number of adult diabetes patients worldwide is approximately 589 million in
2024, and this is expected to rise to 853 million by 2050. Studies have shown that around 40% of diabetes patients may
progress to DKD?. In China, the mortality rate across all age groups due to diabetes-related chronic kidney disease has risen
from 4.5 per 100,000 people in 1990 to 6.0 per 100,000 in 2016, an increase of 33.3%, indicating a sustained rise in the
burden associated with DKD?. Although current standard treatments (such as RAS inhibitors) have somewhat delayed the
progression of DKD by controlling blood glucose and blood pressure, a significant proportion of patients still eventually
progress to ESKD*. This is largely due to our inadequate understanding of the pathophysiological mechanisms underlying DKD.
Traditional views posit that the pathogenesis of DKD mainly stems from hyperglycemia leading to glomerular hyperfiltration
and hemodynamic alterations, which in turn induce the expression of pro-inflammatory and pro-fibrotic factors, resulting in
structural and functional damage to the glomeruli and renal tubules through inflammation and fibrosis pathways>. However,
increasing clinical pathological and experimental evidence suggests that the degree of inflammation and fibrosis in the renal
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tubules and interstitium correlates more closely with the decline in renal function than isolated glomerular lesions, indicating
that tubular inflammation plays a crucial role in the progression of DKD®”. Tubular inflammation involves epithelial cell injury,
inflammatory cell infiltration (macrophages and T cells), oxidative stress, mitochondrial dysfunction, NLRP3 inflammasome
activation, and NF-xB activation®°. Despite these findings, key regulatory genes and pathways involved in tubular inflammation
remain unclear. In light of these issues, this study aims to systematically identify key inflammatory genes in the renal tubular
tissues of DKD and explore their roles within the immune microenvironment. We first integrated multiple GEO datasets and
utilized weighted gene co-expression network analysis (WGCNA) and machine learning algorithms to select the important
molecule ALOXS, which reflects renal tubular interstitial inflammation. We then verified its potential as a biomarker through
clinical correlation analysis. To further elucidate the mechanisms, we employed single-cell sequencing data and multiplex
immunohistochemistry (mIHC) techniques to investigate the cellular localization and activation state of ALOXS and its partner
proteins within the renal immune microenvironment. Finally, we predicted potential therapeutic small molecules targeting this
pathway using molecular docking techniques and SwissADME. This study not only provides new candidate biomarkers for the
treatment of DKD but also offers new theoretical bases for treating DKD through intervention of inflammatory pathways.

Results

Identification of inflammatory genes in DKD

The overall workflow of this study is illustrated in Figure 1. To identify transcriptional alterations in the renal tubular tissues of
patients with diabetic kidney disease (DKD), we integrated two datasets: GSE30529 (12 normal samples and 9 DKD samples)
and GSE104954 (18 normal samples and 7 DKD samples) as the discovery cohort, which included a total of 30 normal renal
tubular samples and 16 DKD renal tubular samples. Two independent datasets, GSE47184 (4 normal samples and 11 DKD
samples) and GSE99325 (7 normal samples and 18 DKD samples), were utilized as external validation cohorts. Detailed
analytical procedures are described in the “Methods” section and supplementary miateiials.

Based on the criteria of [log2FC| > 1 and a corrected P-value < 0.05, the diffcrential expression analysis conducted in the
discovery cohort identified 306 differentially expressed genes (DEGs) between diabetic kidney disease (DKD) and control
renal tubular samples, including 205 upregulated genes and 101 downregulated genes. These DEGs were visualized using
a volcano plot (Fig 2A; Supplementary Table 4). To further identify gene modules associated with diabetic kidney disease,
we performed weighted gene co-expression network analysis (WGCNA). After selecting a soft threshold power () of 10,
hierarchical clustering and dynamic tree cutting were carried out (Fig 2B). The turquoise module exhibited the strongest
positive correlation with the DKD state (r = 0.77, P =2 x 107 10) and comprised 730 genes (Fig 2C-D; Supplementary Table
5). By conducting an intersection analysis among the 306 differential expression genes, the 730 genes from the turquoise
module, and 402 inflammation-related genes obtainied from the GeneCards database, we identified 37 inflammation-related
differentially expressed genes (DEG-IRGs; Supplementary Table 6). Among these, 36 genes were upregulated and 1 gene was
downregulated in the context of diabetic kidney disease (Fig 2F). Although the WGCNA filtering step removed only a small
number of genes from the DEG/GeneCards overlap, this high concordance suggests that the inflammation-related DEGs were
largely concentrated within the DKD-associated turquoise co-expression module.

Functional enrichment analysis of DEG-IRGs

To explore the biological functions of the 37 identified DEG-IRGs, we conducted Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) enrichment analyses. The GO biological process (BP) analysis revealed that these genes
were significantly enriched in the positive regulation of leukocyte cell-cell adhesion and leukocyte adhesion (Fig 2G). In the
cellular component (CC) category, the genes were primarily enriched in major histocompatibility complex (MHC) protein
complexes, secretory granule lumen, and cytoplasmic vesicle lumen (Fig 2I). The GO molecular function (MF) analysis
indicated enrichment in peptide antigen binding, MHC class II protein complex binding, and MHC class II receptor activity
(Fig 2H). The KEGG pathway analysis showed that the DEG-IRGs were enriched in cellular adhesion molecules (CAMs), type
1 diabetes, and other immune-related pathways (Fig 2J).

Immune cell infiltration and correlations with key immune-related genes

GO and KEGG functional enrichment analyses indicated that the differentially expressed genes were primarily enriched in
immune response-related pathways. Based on this, we further utilized the xCell algorithm to infer the abundance of immune
cells in DKD versus healthy control renal tissues. The results showed that the overall immune cell composition was altered in
DKD (Fig 3A). Specifically, we found that various innate and adaptive immune cells were significantly enriched in DKD tissues,
including dendritic cells (DC), monocytes, Th2 cells, CD4+ memory T cells, CD8+ central memory T cells, CD4+ effector
memory T cells, mast cells, memory B cells, and plasma cells. In contrast, Thl cells, regulatory T cells (Treg), and natural killer
T (NKT) cells were significantly reduced (Fig 3B). To further investigate the potential synergistic or antagonistic relationships
among immune cells within the DKD microenvironment, we constructed a correlation heatmap of the differentially expressed
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immune cells (Fig 3C). The results revealed significant positive correlations among inflammation-amplifying cell populations
(such as dendritic cells, monocytes, Th2 cells, plasma cells, etc.), suggesting that these cells may form a pro-inflammatory
synergistic network in DKD. Conversely, NK and Th1 cells exhibited significant negative correlations with the aforementioned
pathogenic cell populations, further confirming the imbalance of immune homeostasis in the DKD microenvironment.

Identification of candidate biomarkers by machine learning

To identify molecular stratification biomarkers for diabetic kidney disease (DKD), we employed two machine learning
methods—LASSO regression and random forest—based on the 37 differentially expressed inflammation-related genes (DEG-
IRGs). In the LASSO analysis, ten-fold cross-validation was used to determine the optimal penalty parameter. As shown
in Fig 3D, at A;se = 0.0573, five genes retained non-zero coefficients: ALOX5, CXCR1, LPL, LTF, and TAC1 (Fig 3E).
Subsequently, we constructed a random forest model (ntree = 1000, OOB = 0.0425). Based on feature importance evaluation
(MeanDecreaseGini > 2), ALOXS5 and CASP1 were selected. After intersecting the genes identified by both models, ALOXS5
emerged as the only intersecting gene and was therefore identified as a potential pathogenic gene for DKD, which was used for
further analysis (Fig 3F-H).

Differential expression and predictive performance of ALOX5 in DKD

To evaluate the expression characteristics of ALOXS in diabetic kidney disease (DKD), we performed differential analysis
and ROC performance assessment in both the training set and the independent validation set. In the training set, ALOXS was
significantly upregulated in DKD (P < 0.005), suggesting its potential involvement in the pathogenic process of DKD. We then
validated this expression trend in two independent datasets, GSE47184 and GSE99325, where ALOXS consistently exhibited
upregulated expression (Fig 4A), further supporting its stable association with DKD.

To assess its potential value in identifying DKD subtypes with specific inflammatory characteristics, we conducted ROC
analysis on ALOXS5. In the training set, ALOXS achieved an AUC of 0.994(95% Cl1: 0.981-1.000), demonstrating high
discriminative performance in the discovery cohort. The two external validation datasets also showed good performance, with
AUC:s of 0.786(95% CI: 0.604—0.967). and 0.818(95% CI: 0.579-1.000)., respectively (Fig 4B). We further assessed model
calibration using bootstrap internal validation (1000 resamples). The calibration plot suggested an overall good agreement
between predicted and observed probabilities (Supplementary Fig. 3). These results indicate that ALOXS exhibits stable and
reproducible characteristics across different cohorts, supporting its potential as a biomarker for DKD.

Association of ALOX5 with immune regulation and clinical renal function

To explore the potential role of ALOXS in diabetic kidney disease (DKD), we first analyzed its expression in relation to
immune infiltration. The results showed that ALOXS expression was significantly positively correlated with the infiltration
of various pro-inflammatory immune cells, inciuding monocytes (Fig 4C). Moreover, ALOXS5 was positively correlated with
M1 macrophage infiltration, while it exhibited a negative correlation with M2 macrophage infiltration, suggesting its close
association with an inflammation-diiven immune microenvironment.

To further investigate the bioiogical processes that ALOXS5 may influence, we conducted Gene Set Enrichment Analysis
(GSEA) based on the Spearman correlation rankings between ALOXS and the whole-genome expression. The GO analysis
revealed that genes negatively correlated with ALOXS were significantly enriched in metabolic pathways such as “small
molecule catabolic process” and “organic acid catabolic process” (Fig 4D). KEGG analysis (Fig 4E) further indicated that
ALOXS expression was positively correlated with several immune activation-related pathways, including “MHC class I-
mediated antigen processing and presentation.” These results suggest that high ALOXS expression is associated with enhanced
inflammatory immune characteristics and a trend of reduced metabolic activity, indicating its involvement in the formation of
immune and metabolic imbalance in DKD.

To assess its clinical significance, we further validated our findings using the Nephroseq V5 database. ALOXS expression
showed a moderate negative correlation with glomerular filtration rate (GFR) (P = 3.63 X 1072, r = —0.634), while it was
positively correlated with serum creatinine (Cr) (P = 1.08 x 1072, r = 0.73) (Fig 4F—G; Supplementary Table 7). These
results suggest that elevated ALOXS expression is associated with declining renal function in DKD and may participate in
immune regulation and renal injury progression, indicating that its potential biological significance warrants further mechanistic
investigation.

Single-cell analysis reveals activation of the 5-LOX pathway in pro-inflammatory macrophages

To further validate the expression patterns of core inflammation-related genes, we analyzed the expression of ALOXS in the
renal tissues of diabetic kidney disease patients using single-cell transcriptome data from GSE209781 (3 healthy controls
and 3 DKD patients). After quality control and dimensionality reduction clustering, we identified a total of 40,801 cells in
GSE209781. Based on typical marker genes, these cells were classified into 17 distinct cell clusters, allowing us to assess
the expression levels of ALOXS in different cell populations (Fig SA). Notably, at the cellular level, ALOXS expression was
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elevated in immune-related cells such as T cells and B cells in DKD patients, with the most significant expression observed in
macrophages (Fig 5B, D, E). This finding is consistent with observations from bulk RNA-seq analysis.

To further clarify the cellular heterogeneity of macrophages, we re-clustered the macrophage population into three
subpopulations (Fig 5C; Supplementary Table 9). ALOX5 was expressed at higher levels in the CD14™ monocyte and CD86™
macrophage subpopulations, whereas the CD1631 macrophage-associated subpopulation had limited cell numbers, and no
statistically significant differences in ALOXS expression were observed (Fig SF). To further determine whether ALOXS is
involved in the state transition of macrophages, we constructed a single-cell pseudotime trajectory based on the three macrophage
subpopulations mentioned above (Fig 5G). Although ALOXS5 expression was relatively higher in CD14™ monocytes and CD86™
macrophages, its dynamic changes along the differentiation trajectory were not significant, suggesting that the expression level
of ALOXS5 may not be sufficient to reflect its pathway activation status.

While ALOXS expression was relatively stable, its function relies on its interaction with ALOXSAP as an inflammatory
switch. Thus, we further analyzed the expression patterns of ALOX5AP along the pseudotime trajectory (Fig SH). The
results showed a significant upward trend of ALOXS5AP during the differentiation phase from CD14™ monocytes to CD86™
macrophages, which aligns with the emergence of a pro-inflammatory macrophage phenotype. To validate this single-cell
observation, we subsequently performed multicolor immunohistochemical analysis to assess the spatial localization patterns of
the ALOXS5/ALOX5AP pathway in tissue samples.

mIHC confirms in situ activation of the 5-LOX pathway

Although single-cell analyses revealed the expression patterns and potential functional differences of ALOXS and ALOXS5AP
in different macrophage subpopulations, RNA-level changes do not adequately reflect the spatial distribution at the protein
level, nor do they determine whether these proteins are truly involved in pro-inflammatory processes within the tissue
microenvironment. Therefore, to validate the actual localization and activation status of the 5-LOX pathway in renal tissues, we
performed multicolor immunohistochemistry (mIHC) analysis, incorporating ALOX5, ALOX5AP, and macrophage-related
inflammatory markers (Fig 6).

The results showed that both ALOXS and its partner protein ALOXSAP exhibited prominent positive signals around the
renal tubules and in the interstitial regions, with a high degree of co-localization with the macrophage marker CD68. This
suggests that the 5-LOX pathway is primarily active in the infiltrating macrophages within the renal tissue.

Additionally, the pro-inflammatory macrophage phenotype markers iNOS and NF — kB also demonstrated significant
positivity in the same regions, aligning closely with the spatial distribution of ALOX5 and ALOXS5AP. The positive expression
of the leukotriene receptor CYSLTRI1 further suggests that downstream signals of the 5-LOX pathway may participate in local
reactions within the microenvironment. Notably, CD163 staining did not show significant positivity, indicating a low proportion
of CD163™" macrophages in the tissue, which correlates with the limited numbers of CD163" macrophages observed in the
single-cell analysis.For clearer visualization of colocalization, only representative protein combinations are shown in the main
text, and the complete multichannel composite image has been moved to Supplementary Fig. 4.

Given the ethical limitations on obtaining normal renal biopsy tissues, we confirmed the low expression levels in normal
controls using single-cell transcriptomics and validated these findings with references from the Human Protein Atlas (HPA).
Due to differences in staining methods, this comparison is qualitative rather than quantitative. In the expression profiles
of ALOXS, ALOXSAP, CD68, CYSLTRI, p65, iNOS, and CD163 in normal renal tissues, data from HPA indicated that
these proteins are expressed at low levels or not expressed at all in normal renal tissues (Fig 7-8). In summary, the mIHC
results support that the 5-LOX pathway is primarily localized in CD68™ pro-inflammatory macrophage-related regions in the
renal tissue. Furthermore, the upregulation of ALOXSAP is closely associated with an enhanced pro-inflammatory state of
macrophages, providing direct histological evidence for the mechanisms suggested by single-cell analyses in this study.

Prediction of potential inhibitors for DKD

In order to further discover potential therapeutic agents for diabetic kidney disease (DKD), we initially utilized the Drug
Signatures Database (DSigDB) for drug prediction and identified four candidate small molecules associated with DKD:
Honokiol, Rev 5901, Quinacrine dihydrochloride, and caffeic acid. Subsequently, we performed molecular docking of these
compounds with the ALOXS protein to evaluate their binding capabilities and key binding sites. The docking results indicated
that Rev 5901 exhibited the lowest binding energy (—8.5 kcal-mol~!), suggesting it possesses the highest binding affinity
among the four candidates. The predicted binding energies for Honokiol, Quinacrine, and caffeic acid were —7.6, —7.4, and
—6.96 kcal-mol ™!, respectively.

Structural interaction analysis revealed that all four compounds can interact within the binding pocket of ALOXS. Honokiol
(binding energy —7.6 kcal-mol~!) was predicted to have close contact with the ARG-457 residue (with two proximity distances
of approximately 2.5 A), indicating the potential for forming stable polar/hydrogen-bond-like interactions, thereby stabilizing
the ligand’s conformation in the pocket (Fig 9A). Rev 5901 (binding energy —8.5 kcal-mol~!) primarily maintains close
interactions with ARG-370 (contact distance approximately 2.6-2.8 A), a factor likely critical to its high affinity (Fig 9B).
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Quinacrine dihydrochloride (binding energy —7.4 kcal-mol~—!) exhibited close contact with GLN-549 (around 2.5 A), suggesting
potential stabilization of the binding site through polar interactions (Fig 9C). Caffeic acid (binding energy —6.96 kcal-mol~')
showed close contacts with several residues, including THR-545 (hydrogen bond distance approximately 1.9 A) and contact
with ARG-457, VAL-243, and LEU-448 at distances ranging from 2.3 to 3.4 A, indicating that this small molecule may bind to
the protein through multiple weak interactions (Fig 9D).

ADMET prediction and drug-likeness analysis

To assess the clinical translational potential of the selected arachidonic acid 5-lipoxygenase (ALOXS) binders, this study
conducted a systematic evaluation of the physicochemical properties, pharmacokinetic features, and drug-like characteristics of
four candidate compounds (Honokiol, Rev 5901, Quinacrine dihydrochloride (QNH), and caffeic acid) using the SwissADME
platform . The relevant results are summarized in Table 1 , with complete data provided in Supplementary Table 8.

Among all candidates, Honokiol and the known ALOXS inhibitor Rev 5901 exhibited the most favorable drug-like properties.
Both compounds demonstrated high gastrointestinal absorption efficiency, indicating their suitability for development as oral
formulations. Notably, they complied fully with Lipinski’s Rule of Five, with no parameters exceeding the thresholds (molecular
weight < 500, log P < 5, number of hydrogen bond donors < 5, number of hydrogen bond acceptors < 10), displaying ideal
physicochemical properties required for drug development. Additionally, Honokiol did not trigger any alerts for pan-assay
interference compounds (PAINS), suggesting that its biological activity may be specific and less likely to be influenced
by nonspecific experimental interference. In contrast, while caffeic acid also demonstrated high predicted gastrointestinal
absorption efficiency and adhered to Lipinski’s Rule of Five, it triggered PAINS alerts due to the presence of a catechol structure,
which could pose predicted risks of chemical instability or nonspecific reactions. Quinacrine hydrochloride showed the least
favorable predicted profile overall: it not only had a predicted low gastrointestinal absorption efficiency but also violated
Lipinski’s Rule of Five (logP > 4.15). Furthermore, its aminoacridine structure triggered PAINS alerts.

In conclusion, the analysis of absorption, distribution, metabolism, excretion, and toxicity (ADMET) characteristics suggests
that Honokiol is a potential inhibitor with favorable predicted oral bioavailability and potential structural specificity, showing a
computational profile similar to the positive control drug Rev 5901, though further experimental validation is warranted.

Discussion

Diabetic kidney disease (DKD) is a leading cause of end-stage kidney disease, and effective options to halt tubulointerstitial in-
flammation remain limited. Recent tumor immune microenvironment (TIME) studies illustrate how immune-cell heterogeneity
and multi-omics signatures can inform therapentic decision-making!%!!; this analytical framework provides useful method-
ological parallels for dissecting the inflammatory milieu in DKD. In this study, we combined weighted gene co-expression
network analysis (WGCNA) with machine-leariing feature selection to prioritize ALOXS as a DKD-associated inflammatory
gene. Higher ALOXS5 expression was associated with worse renal function (reduced eGFR and increased serum creatinine) and
a more pro-inflammatory immune landscape. Integrating single-cell transcriptomes with trajectory inference, we observed
increased ALOXS5AP (FLAP) expression along an inferred monocyte-to-macrophage continuum, supporting a model in which
leukotriene biosynthesis may be reinforced during macrophage differentiation. Multi-color immunohistochemistry provided
spatial evidence for ALOX5/ALOXSAP co-localization in infiltrating interstitial macrophages. Finally, molecular docking and
SwissADME analyses were used to prioritize candidate inhibitors (e.g., honokiol) for future experimental validation.

Recent studies suggest that glomerular injury may not be the sole determining factor or primary event in the progression of
DKD. Increasing evidence points to tubular injuries, particularly proximal tubular damage, playing a significant role in the
occurrence and development of DKD. As a result, the focus has shifted partly from glomerular lesions to tubular injury'> 3.
In the renal tubular interstitial microenvironment, inflammatory pathways play a central role in the progression of DKD'“.
Consistent with our immune infiltration analysis, previous research has confirmed that the immune microenvironment of DKD
is predominantly composed of myeloid cells, particularly the infiltration of monocytes and macrophages'>'°. These infiltrating
macrophages are not mere bystanders; they actively participate in tissue damage and fibrosis. Macrophages secrete various
cytokines, including M1-type pro-inflammatory cytokines (such as TNF-¢, IL-6, IL-23) and chemokines (such as MCP1,
CCL2). M2 macrophages release anti-inflammatory cytokines (such as IL-10), pro-fibrotic factors (such as TGF-f), and
chemokines (CCL17, CCL18, and CCL22)'7-3, In a high-glucose environment, macrophages act as the primary phagocytic
cells of the innate immune system, activating Toll-like receptors (TLRs) through endogenous damage-associated molecular
patterns (DAMPs) and inducing renal tubular interstitial inflammatory responses via the NF-xB signaling pathway'. This
process not only triggers the release of pro-inflammatory factors such as TNF-o and IL-18 but, crucially, the NF-xB pathway
in turn enhances the secretion of chemokine CCR2, promoting the infiltration of inflammatory cells and the transformation of
M1 macrophages, thereby establishing a “recruitment-activation-re-recruitment” cycle of vicious cycle inflammation®’; see
Fig. 10. However, the key molecular switch that initiates and maintains this inflammatory cycle has long remained insufficiently
elucidated, providing an important scientific entry point for research.
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Our study fills this gap by identifying ALOXS5 as a crucial node linking metabolic dysregulation and immune imbalance?!>%2.

ALOXS, a member of the ALOX family, is responsible for the oxidative metabolism of polyunsaturated fatty acids and is
the rate-limiting enzyme in the synthesis of leukotrienes (LTs), which are key mediators of inflammation. However, mere
expression of the enzyme is not sufficient to trigger inflammation; the presence of the activating protein ALOX5AP is vital for
delivering substrates to ALOX5%*%%, Our single-cell pseudo-time analysis indicates that, although ALOXS is significantly
overexpressed at the tissue level in DKD, its cofactor ALOXSAP is the key player in the differentiation trajectory of monocytes
into pro-inflammatory macrophages. This suggests that as monocytes differentiate, the induced expression of ALOX5AP
may activate ALOXS enzymatic activity, thus initiating leukotriene synthesis. This inference is supported by spatial evidence
from our mIHC experiments, which showed high co-localization of ALOXS and its auxiliary protein FLAP (ALOX5AP)
in CD68" macrophages, indicating these cells are central sources for local leukotriene synthesis in the kidney interstitium,
potentially driving inflammation amplification. Further mechanistic analysis revealed that CD68" macrophages and damaged
tubular epithelial cells co-express CYSLTRI, suggesting that these infiltrating macrophages not only produce leukotrienes (e.g.,
LTC4/LTD4) but may also amplify inflammation via autocrine or paracrine signaling through CysLT| receptors.

Previous research indicates that the leukotriene-CYSLTR1 axis can promote macrophage recruitment, cytokine release,
and fibrotic processes, aligning with our hypothesis>> 2. Notably, p65 (NF-xB) and iNOS show strong co-localization in
ALOX57/CD68" macrophages, indicating these cells are in a typical pro-inflammatory state. The activation of the NF-xB
signaling pathway is a central route for inducing iNOS expression and inflammatory mediator release, while the leukotriene
pathway is thought to further enhance the extent of NF-kB activation. Therefore, we speculate that leukotriene production
induced by ALOX5-FLAP may be involved in activating the NF-xkB/p65-iNOS signaling pathway, thereby promoting
macrophage polarization to the pro-inflammatory phenotype and exacerbating renal tubular interstitial inflammation. Previous
studies have also supported this viewpoint, demonstrating that ALOXS and its metabolic products can activate NF-xB in cells.
Inhibition of ALOXSAP/FLAP or knockdown of Alox5 can suppress NF-kB activation and diminish M1 polarization. Together,
these evidences indicate that ALOXS could be a critical node in the inflammatory response of macrophages in DKD, thus
representing a potential intervention target>’~%".

Given the role of ALOXS in the immune microenvironment imbalance of DKD, pharmacological interventions targeting
this molecule may hold significant clinical translational value. Through molecular docking analysis, we selected Honokiol, Rev
5901, Quinacrine dihydrochloride, and caffeic acid as potential high-affinity inhibitors of ALOXS. Rev 5901, already known
as a specific 5-LOX inhibitor, supports the rationale of idenuifying ALOXS as a druggable target’”3!. Honokiol, a natural
polyphenolic compound, has previously been reported to exhibit significant dual anti-inflammatory and antioxidant activities
while blocking ALOX5-mediated leukotriene synthesis. Considering DKD is a disease characterized by coexisting metabolic
and immune dysregulation, Honokiol may counteract the inflammatory cascade mediated by ALOXS and high-glucose-induced
oxidative stress>>33. This opens a novel and promising strategy for developing new therapies for DKD based on natural
products.

Although this study emphasizes the importance of ALOXS in DKD, several limitations must be acknowledged. First,
the findings mainly rely on muiti-cohort bioinformatics analyses; while they are reliable, further validation in larger clinical
patient cohorts is necessary. Second, although single-cell sequencing and mIHC provide static evidence for cell polarization
and co-localization in situ, functional loss experiments in cellular or animal models involving ALOXS5 gene knockout or
inhibitor intervention are still lacking, warranting future exploration of how the ALOXS signaling pathway evolves over time
and interacts with other pathways (such as metabolic pathways in tubular cells). Lastly, molecular docking and SwissADME
provide only structural predictions for potential inhibitors; their pharmacodynamics, pharmacokinetic properties, and clinical
efficacy still need rigorous evaluation in subsequent functional studies and clinical trials.

Despite the current lack of in vivo functional validation using gene knockout models, we ensured the robustness and
reliability of our analytical results through rigorous multi-omics integration and multi-color immunohistochemistry (mIHC) in
situ spatial verification. Future studies will further validate the causal role of the ALOXS5/ALOXSAP pathway in DKD through
functional experiments.

In summary, this study suggests ALOXS as a robust biomarker for tubular injury in DKD through multi-omics integrative
analysis. Mechanistically, we findings suggest that leukotrienes mediated by ALOX5-ALOXS5AP may act as upstream signals
activating the NF-xB/iNOS signaling pathway, thereby promoting kidney injury via inflammatory macrophages. These findings
not only deepen our understanding of the mechanisms behind tubular interstitial inflammation in DKD but also provide new
potential therapeutic strategies to address global health challenges.

Methods

Data Collection and Preparation
Gene expression profiles of diabetic kidney disease (DKD) were obtained from the Gene Expression Omnibus (GEO, http:
//www.ncbi.nlm.nih.gov/geo). Four microarray datasets were included: GSE30529 (GPL571; 9 DKD and 12
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control; tubules)34, GSE104954 (GPL22945; 7 DKD and 18 control; tubules)35 , GSE47184 (GPL14663; 11 DKD and 4
control; tubules)36, and GSE99325 (GPL19184; 18 DKD and 7 control; tubules)37. Series matrix files were downloaded and
preprocessed within each dataset by mapping probe IDs to official gene symbols using platform annotations; for genes with
multiple probes, the median expression value was retained. Expression values were log,-transformed when necessary and
quantile-normalized prior to cross-dataset integration. GSE104954 and GSE30529 were merged by common gene symbols to
construct the training cohort (16 DKD and 30 control samples), and batch effects attributable to study origin were corrected
using ComBat (sva package) with disease status (DKD vs control) included as a biological covariate to avoid removal of
phenotype-related signals; correction performance was evaluated using PCA and distributional checks (box plots) before and
after adjustment (Supplementary Fig. 1). GSE47184 (11 DKD, 4 control) and GSE99325 (18 DKD, 7 control) were used as
independent external validation cohorts to assess expression patterns and diagnostic performance of core genes. In addition, the
single-cell RNA-seq dataset GSE209781 (GPL24676; 3 DKD and 3 normal; renal cortex)3® was used to characterize cell-type
localization and expression patterns. Tissue types (tubules/tubules/renal cortex) were determined according to GEO sample
annotations and the original publications, and detailed dataset information is provided in Supplementary Table 1.

Weighted gene co-expression network analysis (WGCNA)

We used the R package WGCNA to construct a weighted gene co-expression network aimed at identifying key co-expression
modules and potential hub genes associated with the DKD phenotype. First, we performed hierarchical clustering on all
samples in the discovery cohort to detect potential outliers, and no significant outliers were observed. Next, we evaluated
the scale-free R2 and average connectivity under different soft-thresholding powers () based on the scale-free topology
criterion, ultimately selecting R* = 0.9 and 8= 10 as the optimal soft-threshold values for constructing the scale-free network.
Subsequently, we calculated the similarity between genes based on the topological overlap matrix (TOM) and identified
initial modules using the Dynamic Tree Cut method. To reduce module redundancy, we further merged modules based on
the correlation between module eigengenes (MEs), setting the merging threshold at cutHeight = 0.25. In total, five stable
co-expression modules were identified.

Identification of differentially expressed inflammation-related genes (DEG-IRGs) in DKD

Differential expression analysis was performed in the discovery cohort using the 1imma package with linear models and
empirical Bayes moderation. Genes with |log, FC| > 1 and FDR-adjusted P < 0.05 were defined as differentially expressed
genes (DEGs). In parallel, we extracted genes from the DKD-associated WGCNA module (turquoise module) that showed
the strongest correlation with the DKD phenotype. Tni addition, inflammation-related genes were retrieved from GeneCards
using the keyword “Inflammation” and filtered by a relevance score > 7 (Supplementary Table 2). The intersection of DEGs,
turquoise-module genes, and GeneCards inflammation genes was defined as differentially expressed inflammation-related
genes (DEG-IRGs) and visualized nsing the VennDiagram package*. This three-way intersection strategy was designed
to reduce false positives and enhance biological relevance by retaining genes that (i) show DKD-associated transcriptional
changes (DEGs), (ii) reside within a phenotype-associated co-expression network module (WGCNA), and (iii) are supported by
prior knowledge as inflammation-related (GeneCards).The purpose of this step was to prioritize candidate biomarkers with
discriminatory utility from the biologically constrained DEG-IRG set, rather than to identify hub genes solely on the basis of
network topology. Therefore, WGCNA was used to define disease-relevant co-expression context, whereas subsequent LASSO
and random forest analyses were used for the final feature selection and robustness screening.

Functional enrichment analysis of DEG-IRGs

We performed gene ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
analysis on the selected differentially expressed inflammation-related genes (DEG-IRGs) using the R package clusterProfiler to
explore their potential biological functions and associated signaling pathways*!4>. The GO enrichment analysis encompassed
three functional categories: biological process (BP), molecular function (MF), and cellular component (CC)**. We then utilized
ggplot2 to display the top ten significantly enriched entries for each analysis.

Immune cell infiltration analysis

By applying xCell to microarray data, we can obtain the estimated proportions of immune cell and stromal cell types in
each DKD sample. The effective statistical significance threshold for cellular analysis is set at p < 0.05. The cell types are
categorized into lymphocytes and myeloid cells. To clarify the interactions between immune cells and inflammation, and
to explore key immune cells involved in the pathogenesis of DKD, we identified co-expression patterns based on Spearman

correlation analysis**.
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Identification of core genes using machine learning

To further identify key inflammation-related genes in DKD, we applied two machine learning algorithms—Random Forest
(RF) and Least Absolute Shrinkage and Selection Operator (LASSO) regression—on the selected differentially expressed
inflammation-related genes (DEG-IRGs). First, we constructed a Random Forest model using the R package randomForest (ntree
= 1000, setting a seed for result reproducibility). The importance of the genes was assessed based on the MeanDecreaseGini
metric, and the top-ranked genes were selected as candidate variables. Next, we performed LASSO regression analysis on
the same gene set using the R package glmnet. The optimal regularization parameter A was determined through 10-fold
cross-validation, and feature genes were selected based on A.lIse to obtain a feature set with improved generalizability. Finally,
the intersection of the feature genes identified by both algorithms was taken as the candidate biomarker genes associated with
DKD45’46.

Expression analysis and evaluation of candidate biomarkers

To validate the differential expression of the identified core genes, we extracted their normalized expression matrices from
independent external datasets (GSE47184 and GSE99325). We compared expression levels between the DKD and control
groups using a two-tailed Wilcoxon rank-sum test (wilcox.test, P < 0.05). The distribution of expression levels and the
significance of differences were visualized using boxplots created with the R package ggplot2.

To assess the diagnostic performance of the core genes, receiver operating characteristic (ROC) curves were generated
for both the training set and the external validation sets (GSE47184 and GSE99325) using the R package pROC*/. The area
under the curve (AUC) along with its 95% confidence interval (CI) was calculated to quantify predictive accuracy. According
to commonly accepted standards, an AUC > 0.7 indicates good discriminatory performance.

Furthermore, to evaluate the agreement between predicted and observed probabilities, a logistic regression model was
constructed using the R package rms*®. Model calibration was assessed by plotting a calibration curve with internal validation
via bootstrap resampling (1000 iterations).

Correlation analysis between ALOX5 and immune characteristic

To assess the relationship between ALOXS expression levels and the imimuie infiltration status in kidney tissues, this study
utilized relative abundances of various immune cell types (enrichment scores) calculated based on the xCell algorithm. A
two-tailed Spearman correlation analysis was performed to compuie the correlation coefficients between ALOXS and the scores
of each immune cell type, with statistical significance set at P < 0.05. The correlation results were visualized using the R
packages ggplot2 and corrplot to illustrate the correlation and significance between ALOXS and different immune cell types.

Clinical correlation analysis of ALOX5

The NephroseqV5 database is a genomiic data piatform focused on kidney disease research, used to explore the relationship
between ALOXS and renal function (https://www.nephroseq. org). The expression data for ALOXS were downloaded
from the NephroseqV5 database, which provides transcriptomic data related to diabetic kidney disease. We conducted a
correlation analysis between the downloaded ALOXS expression data and renal function parameters. Spearman correlation
analysis was employed to investigate the potential associations between the expression levels of the core gene and various renal
function metrics. Scatter plots were generated using the ggplot2 package in R to visually represent these relationships*’.

Gene set enrichment analysis (GSEA)

To evaluate the correlation of the ALOXS gene with the entire transcriptome, we conducted gene set enrichment analysis
(GSEA) on the list of genes sorted by their correlation with ALOXS. First, we calculated the Spearman correlation coefficients
and their significance between ALOXS and all other genes. The Spearman correlation coefficient for each gene was used as a
ranking statistic to construct a gene list (geneList) with gene symbols (SYMBOL) as row names, sorted in descending order
based on the correlation coefficients. We performed enrichment analysis on the sorted gene list using pre-downloaded gene set
files (c5.20.v2025.1.Hs.symbols.gmt, c2.cp.kegg_medicus.v2025.1.Hs.symbols.gmt)>’. This analysis allowed us to identify
biological processes and pathways associated with the expression of ALOXS in the context of the entire transcriptome.

scRNA-seq data processing and pseudotime analysis

In this study, we obtained the raw single-cell RNA sequencing (scRNA-seq) data from the GEO database (GSE209781) and
processed it using the Seurat R package. To ensure data quality, we set the parameters such that features for individual cells
were greater than 500 and less than 5000, with mitochondrial gene content below 50%°'. Ultimately, 40,801 cells were
included for further analysis. To identify highly variable genes, we utilized the Find VariableFeatures function and generated a
feature gene scatter plot. Subsequently, the data were normalized using NormalizeData and ScaleData, followed by principal
component analysis (PCA) based on the high-variable genes, selecting the top 20 principal components for subsequent analysis.
To eliminate batch effects among different samples, we applied the Harmony algorithm (RunHarmony) to correct the PCA
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results. For clustering analysis, we employed the FindNeighbors and FindClusters functions, performing clustering at various
resolution parameters (0.2, 0.4, 0.6, 0.8, 1.0, and 1.2), and selected a resolution of 0.4 based on the clustree constructed. Finally,
we utilized UMAP for non-linear dimensionality reduction visualization. The annotation of cell types was based on gene
expression profiles reported in previous research (Supplementary Fig. 2). To identify subtypes of immune cells (macrophages),
we extracted the cell types and conducted a second round of clustering using the same procedures as the first round. We then
annotated the clusters obtained from the reclustering. To investigate the temporal dynamics of the cell populations, trajectory
analysis was conducted to reconstruct changes over time, allowing us to infer cellular evolution and differentiation at the
single-cell level. To explore the differentiation and developmental trajectories of specific cell subtypes, we performed rigorous
analysis using the “monocle3” R package’’.

Patient Recruitment and Sample Collection

This study included kidney biopsy samples from three patients diagnosed with diabetic kidney disease (DKD) . The inclusion
criteria were as follows: patients aged 18 years or older, diagnosed with type 2 diabetes according to the WHO 1999 diabetes
diagnostic criteria and classification system for diabetes etiology, and who voluntarily signed informed consent; and those
diagnosed with DKD based on pathological examination, which indicated lesions in the glomeruli, renal tubules, and renal
interstitium. Exclusion criteria included: patients with type 1 diabetes; those with a history of non-diabetic kidney disease
(NDKD) or who had concurrent NDKD; individuals with a history of organ or bone marrow transplantation; and pregnant or
breastfeeding women.

Multiplex Imnmunohistochemistry (mIHC)

First, 4-micron thick formalin-fixed paraffin-embedded (FFPE) kidney tissue sections were prepared and deparaffinized with
xylene, followed by hydration through a series of graded ethanol solutions. Antigen retrieval was performed using a microwave
heating method in EDTA buffered solution (pH 8.0). After cooling, endogenous peioxidase activity was blocked with 3%
hydrogen peroxide solution for 15 minutes, followed by a 30-minute incubation at room temperature with 10% normal goat
serum for further blocking. Multiplex immunofluorescence staining was conducted using the sequential tyramide signal
amplification (TSA) protocol provided by Hunan Aifang Biotechnology Co., Ltd. (AFBio). During each staining cycle, the
sections were incubated overnight at 4 °C with the primary antibodies listed as follows: inducible nitric oxide synthase (iNOS)
antibody (1:300, AFBio, China, AFRP0001), 5-lipoxygenase activating protein (ALOXS5AP) antibody (1:400, Bioss, China,
BS-7556R), cysteinyl leukotriene receptor 1 (CYSLTRI1) antibody (1:400, Bioss, China, BS-14168R), CD163 antibody (1:500,
AFBio, China, AFRMO0015), 5-lipoxygenase (ALOXS5) antibody (1:400, Immunoway, USA, YT0027), nuclear factor kappa
B p65 (NF-xB p65) antibody (1:500, AFBio, China, AFRM0286), and CD68 antibody (1:500, AFBio, China, AF20022).
After washing with PBST, the sections were incubated at room temperature for 30 minutes with the HRP-conjugated polymer
secondary antibodies (anti-rabbit/anti-mouse). Subsequently, TSA fluorescent dye working solution (TRY-570, TYR-520,
TYR-620, TYR-650, TYR-480, TYR-690, TYR-780; AFBio, China) was added and incubated for 3 to 10 minutes to complete
the deposition of the fluorophores. Following the signal development, to prevent cross-reactivity in subsequent staining cycles,
the antibody-enzyme complexes were stripped using microwave treatment in the antigen retrieval buffer. This procedure was
repeated until all target markers were labeled. After completing all staining cycles, nuclei were counterstained with DAPI for
10 minutes, and the sections were mounted with an anti-fade mounting medium. Fluorescent images were captured using a
laser scanning confocal microscope.

Validation of Protein Expression in Normal Human Kidney

To validate the protein expression levels of ALOX5, ALOXSAP, and other key markers in normal kidney tissue, we retrieved
immunohistochemistry (IHC) images from the Human Protein Atlas (HPA) database (https://www.proteinatlas.
org/).

Candidate drug prediction and molecular docking

The Drug Signatures Database (DSigDB) is a resource that identifies associations between drugs, chemicals, and target
genes. The database contains 22,527 genes and 17,389 unique compounds. Evaluating the interactions between drugs
and proteins is crucial for developing potential therapeutic agents. To screen for potential regulatory compounds related
to ALOXS5, we first utilized the Enrichr online tool suite (https://maayanlab.cloud/modEnrichr/) and selected
DSigDB for drug-gene enrichment analysis. ALOXS was input as the target gene to obtain significantly associated candidate
compounds from DSigDB (Supplementary Table 3). Four candidate compounds were retrieved from PubChem (https:
//pubchem.ncbi.nlm.nih.gov/): Honokiol (PubChem CID: 72303), Rev 5901 (PubChem CID: 5059), Quinacrine
Dihydrochloride (PubChem CID: 6239), and Caffeic acid (PubChem CID: 689043). Subsequently, to assess the binding
capability of these small molecules with ALOXS, molecular docking analysis was performed using AutoDock Vina. The
three-dimensional structure of ALOXS was obtained from the Protein Data Bank (PDB) (PDB ID: pdb_0000308y). The
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three-dimensional structures of the small molecules were downloaded from PubChem and constructed using ChemBio3D,
followed by energy minimization using the MM2 force field. The preparation of the protein structure included the removal
of ligands and water molecules, completion of missing amino acids, hydrogen addition, and conversion to PDBQT format
using AutoDockTools. The ligand structures were also converted to PDBQT format within AutoDockTools. The docking active
pocket was designed to cover the catalytic center region. Docking was executed using AutoDock Vina with default parameters
(exhaustiveness = 8). After docking completion, the conformation with the lowest binding energy was selected as the optimal
binding model, and the protein-ligand complex was visualized using PyMOL.

ADMET prediction and drug-likeness analysis

In this study, we utilized the SwissADME online platform (http://www.swissadme . ch) to evaluate the pharmacokinetic
properties and drug-likeness of the screened ALOXS small molecule ligands (Honokiol, Rev 5901, Quinacrine Dihydrochloride,
and Caffeic acid). First, we retrieved and downloaded the canonical SMILES sequences for these four compounds from
the PubChem database. The SMILES sequences were then imported into the SwissADME server for calculations. This
research focused on assessing the following parameters: (1) physicochemical properties and compliance with Lipinski’s Rule
of Five, which includes molecular weight (MW), the octanol-water partition coefficient (LogP), and the number of hydrogen
bond donors (HBD) and acceptors (HBA) to predict the druglikeness of the compounds; (2) pharmacokinetic characteristics,
primarily evaluating gastrointestinal (GI) absorption efficiency; and (3) medicinal chemistry characteristics, using the pan-assay
interference compounds (PAINS) alert filter to assess whether the compounds possess potential non-specific reactive structures.

Statistical analysis

Intergroup comparisons were conducted using the Wilcoxon rank-sum test, implemented through the wilcox.test() function in
R. The significance levels were visualized using the conventional asterisk system (p << 0.05;p < 0.01; p < 0.001; p < 0.0001;
n.s., not significant), with annotations added using the ggpubr package (stat_compaic_means()). All statistical analyses and
visualizations were carried out in R.
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Table 1. Comparison of predicted oral drug-likeness and pharmacokinetic profiles of the candidate compounds.

Compound GI Absorption Lipinski (Rule of 5) Bioavailability Score PAINS Alerts
Honokiol High Yes (0 violations) 0.55 0 alert
Rev 5901 High Yes (0 violations) 0.55 0 alert
Caffeic acid High Yes (0 violations) 0.56 1 alert

Quinacrine dihy Low Yes (1 violation) 0.55 1 alert
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Figure 1. Study design
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Figure 2. (A) Volcano plot displaying differentially expressed genes between DKD and control groups. (B-D) Weighted gene
co-expression network analysis (WGCNA). (B) Determination of the soft-thresholding power. (C) Heatmap showing
correlations between gene modules and clinical traits. (D) Scatter plot of gene significance versus module membership for the
key module. (E) Venn diagram illustrating the intersection of DEGs, WGCNA module genes, and inflammation-related genes.
(F) Boxplots showing the expression profiles of the 37 identified candidate genes. (G-J) Functional annotation of the candidate
genes, including GO biological processes (G), molecular functions (H), cellular components (I), and KEGG pathways (J).
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Figure 3. (A) Heatmap displaying the estimated abundance of immune cells in each sample. (B) Boxplots showing the

comparison of immune cell infiltration scores between the control and DKD groups. (C) Correlation heatmap illustrating the
relationships among different immune cell types. (D—E) Variable selection using the LASSO regression model, including the
cross-validation plot for parameter tuning (D) and the coefficient profile plot (E). (F-G) Feature screening using the Random
Forest algorithm, displaying the error rate versus the number of trees (F) and the gene importance ranking based on the
MeanDecreaseGini index (G). (H) Venn diagram showing the overlap of candidate genes identified by LASSO and Random
Forest analyses.
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Figure 4. (A) Boxplots comparing ALOXS expression between DKD and control samples in the derivation cohort and two
external validation datasets (GSE99325, GSE47184).(B) Receiver operating characteristic (ROC) curves assessing the
diagnostic accuracy of ALOXS across the three cohorts.(C) Heatmap showing Spearman correlations between ALOXS5
expression and immune cell infiltration scores.(D-E) Gene Set Enrichment Analysis (GSEA) plots identifying GO biological
processes (D) and KEGG pathways (E) associated with ALOXS expression.(F-G) Scatter plots showing the correlation of
ALOX5 with glomerular filtration rate (GFR) (F) and serum creatinine (G).Data are presented as median with interquartile
range in boxplots. xP < 0.05, xx P < 0.01, *xxP < 0.001, * % %% P < 0.0001.
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Figure 5. (A) Uniform Manifold Approximation and Projection (UMAP) visualization of 40,801 cells integrated from DKD
and control samples, alongside bar plots showing cell counts and relative proportions across individuals. (B) Feature plot
displaying the distribution of ALOXS expression on the UMAP embedding. (C) UMAP plot showing the sub-clustering of the
macrophage lineage into three subsets (CD14™ Mono, CD86™ mac, and CD163™ mac), with stacked bar plots illustrating their
compositional proportions. (D-F) Boxplots quantifying ALOXS expression levels. (D) Comparison between control and DKD
groups. (E) Expression across all annotated cell types split by group. (F) Expression among the three identified macrophage
subpopulations.(ALOXS5-positive cells after zero filtering) (G) Pseudotime trajectory analysis of macrophage differentiation
constructed using Monocle3, colored by cell subtype. (H) Kinetic plots showing the expression dynamics of ALOXS5 and

ALOXSAP along the pseudotime trajectory. Statistical significance: **xP < 0.001, * * % P < 0.0001.
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Figure 6. Multiplex immunohistochemical (mIHC) analysis of ALOXS5 pathway components and macrophage phenotypes in
DKD renal tissues.Representative immunofluorescence images from renal biopsies of three independent DKD patients. The
panels display single-channel and merged staining for the core pathway proteins (ALOXS, ALOX5AP, CYSLTRI1), the
pan-macrophage marker (CD68), polarization markers (iNOS for pro-inflammatory; CD163 for anti-inflammatory), and the
inflammatory transcription factor (NF-xB). High-magnification insets illustrate the spatial co-localization patterns of these
proteins within the renal tubules. Nuclei were counterstained with DAPIL. Scale bars: 100 um (low magnification) and 25 ym
(high magnification).The complete multichannel composite image is provided in Supplementary Fig. 4.
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Figure 7. Representative immunohistochemistry (IHC) images retrieved from the Human Protein Atlas (HPA) database. The
panels display the baseline protein expression levels of ALOXS, ALOX5AP, CYSLTR1, and RELA (NF-xB p65) in normal
renal tissue microarrays.
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CD68

Figure 8. Representative immunohistochemistry (IHC) images retrieved from the Human Protein Atlas (HPA) database. The
panels illustrate the protein expression patterns of CD68 (pan-macrophage marker), iNOS (pro-inflammatory macrophage
marker), and CD163 (anti-inflammatory macrophage marker) in normal renal tissue microarrays.
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Figure 9. Visualization of the predicted binding modes between the ALLOXS protein structure and four selected compounds.
For each panel, the left image displays the global view of the protein-ligand complex, while the right image provides a
magnified view of the binding pocket, detailing the spatial arrangement of the ligand relative to key interacting amino acid
residues. Dashed lines indicate potential interactions with corresponding distances (A). (A) Honokiol (Binding affinity:

—7.6 kcal/mol). (B) Rev 5901 (Binding affinity: —8.5 kcal/mol). (C) Quinacrine dihydrochloride (Binding affinity:

—7.4 kcal/mol). (D) Caffeic acid (Binding affinity: —6.96 kcal /mol).
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Figure 10. Proposed mechanism of the ALOX5/ALOX5AP-leukotriene-CysLTR1 axis in DKD. Infiltrating
monocytes/macrophages upregulate ALOX5AP/ALOXS to convert arachidonic acid into cysteinyl leukotrienes (LTCy4, LTD4,
LTE,), which signal through CysLTR1 and activate PLC/PKC-mediated Ca?" influx, leading to IKK activation, IkBa
degradation, and NF-xB nuclear translocation. This results in increased production of pro-inflammatory mediators (IL-6,
TNF-a, IL-18, MCP-1, ICAM-1, VCAM-1) and promotes tubulointerstitial inflammation.
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