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Background: Focal segmental glomerulosclerosis (FSGS) represents a major global health challenge, with its incidence rising in 
parallel with advances in diagnostic techniques and the growing prevalence of chronic diseases. This study seeks to enhance the 
diagnostic accuracy of FSGS by integrating machine learning approaches to identify activated pathways, complemented by robust 
clinical validation.
Methods: We analyzed data from 163 FSGS patients and 42 living donors across multiple GEO cohorts via the ComBat algorithm to 
address batch effects and ensure the comparability of gene expression profiles. Gene set enrichment analysis (GSEA) identified key 
signaling pathways involved in FSGS pathogenesis. We then developed a highly accurate diagnostic model by integrating nine 
machine learning algorithms into 101 combinations, achieving near-perfect AUC values across training, validation, and external 
cohorts. The model identified six genes as potential biomarkers for FSGS. Additionally, immune cell infiltration patterns, particularly 
those involving natural killer (NK) cells, were explored, revealing the complex interplay between genetics and the immune response in 
FSGS patients. Immunohistochemical analysis validated the expression of the key markers CD99 and OAZ2 and confirmed the 
association between NK cells and FSGS.
Results: The glmBoost+Ridge model exhibited exceptional diagnostic accuracy, achieving an AUC of 0.998 using just six genes: 
BANF1, TUSC2, SMAD3, TGFB1, CD99, and OAZ2. The prediction score was calculated as follows: score = (0.3997×BANF1) + 
(0.5543×TUSC2) + (0.5279×SMAD3) + (0.4118×TGFB1) + (0.8665×CD99) + (0.5996×OAZ2). Immunohistochemical analysis 
confirmed significantly elevated expression levels of CD99 and OAZ2 in the glomeruli and tubulointerstitial tissues of FSGS patients 
compared with those of controls.
Conclusion: This study demonstrates a highly accurate machine learning model for FSGS diagnosis. Immunohistochemical valida
tion confirmed elevated expression of CD99 and OAZ2, offering valuable insights into FSGS pathogenesis and potential biomarkers 
for clinical application.
Keywords: focal segmental glomerulosclerosis (FSGS), machine learning diagnostic model, gene set enrichment analysis (GSEA), 
immune cell infiltration

Introduction
Focal segmental glomerulosclerosis (FSGS) represents a significant global health concern characterized by varying incidence 
rates and prevalence rates across different regions and populations.1–3 Recently, an increasing trend in the incidence of FSGS 
has been reported,4,5 which is likely linked to advancements in diagnostic techniques, an aging population, and an increasing 
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burden of chronic diseases. Globally, FSGS accounts for a substantial proportion of primary glomerular diseases, particularly 
among adults, and is estimated to account for between 20% and 40% of all cases.6–8 However, this proportion varies 
significantly across different geographical areas and ethnic groups.6,9,10 For example, FSGS is the most common cause of 
primary glomerular diseases among African Americans in the United States, whereas it is less prevalent but growing in Asian 
countries.11–13

The pathogenesis of FSGS involves factors such as podocyte injury, abnormal cytokine and chemokine activity, and 
increased glomerular filtration pressure.3,14–17 Genetic studies have identified several mutations associated with FSGS, 
including mutations in the NPHS1, NPHS2, APOL1, ACTN4, and TRPC6 genes,3,14–19 which affect the structure and 
function of podocytes, contributing to disease progression. Renal biopsy, the gold standard for diagnosing FSGS,20 

provides crucial information on the type and extent of renal damage, guiding therapeutic decisions. However, owing to its 
invasive nature, potential for sampling error, and limitations in prognosis evaluation and target development, biopsy 
results should be integrated with clinical presentation, laboratory tests, and other noninvasive diagnostic methods for the 
comprehensive assessment and management of FSGS patients. Recently, diagnostic models based on gene expression 
profiles have been reported for chronic kidney diseases. The NEPTUNE Knowledge Network has registered over 850 
pediatric and adult patients with proteinuria glomerular diseases, providing extensive clinical, histological, genetic, and 
molecular profiles intricately connected to long-term outcomes.21,22 Mariani et al23 identified a subgroup of patients by 
molecular profiling, with either MCD or FSGS patients who shared kidney TNF pathway activation and poor outcomes.

The development of models based on sequencing data from FSGS renal biopsies represents a promising advance in 
personalized medicine. These models could improve the accuracy of FSGS diagnosis, while the activated signaling 
pathways identified may serve as potential therapeutic targets.

Materials and Methods
Basic Information of the Enrolled Cohorts
We downloaded all the samples from the Gene Expression Omnibus (GEO) database, a publicly accessible repository 
that archives and distributes high-throughput gene expression data submitted by the research community. Each dataset 
within GEO is assigned a unique identifier called GSE (GEO series), which contains gene expression profiles and 
corresponding metadata. These datasets are generated via a specific gene platform (GPL), which denotes the microarray 
or sequencing technology used in the experiments.

For this study, the total number of individuals across all cohorts included 163 FSGS patients and 42 living donors 
(LDs).24,25 Among the 42 LDs, 37 were from healthy controls, and 5 were from patients who underwent tumor resection 
and donated adjacent normal kidney tissue. All the FSGS samples were validated by a pathologist as described in the 
source literature. GSE133288 served as the training cohort because of its high number of FSGS patients, whereas 
GSE108109 and GSE108112 were utilized for the validation of the diagnostic model. GSE104948 was used as the 
external validation cohort and contains two batches of sequencing data from GPL22945 and GPL24120. Table 1 lists the 
number of FSGS patients and LDs for each cohort.

Table 1 Basic Information of Enrolled Cohorts

FSGS LD Overall Source
(N=163) (N=42) (N=205)

GSE133288 69 5 74 https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE133288

GSE108109 30 6 36 https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE108109

GSE108112 46 5 51 https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE108112
GSE104948 18 26 44 https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE104948
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Dismissal of Batch Effects
Batch effects are the nonbiological differences between two or more datasets. To eliminate the bias caused by batch 
effects in this study and make the transcription profiles in the three GEO cohorts more similar, the ComBat algorithms in 
the “sva” package were used to remove the batch effects between the GSE133288, GSE108109 and GSE108112 cohorts.

Calculation of the Scores of Signaling Pathways
Gene set enrichment analysis (GSEA) is a computational method that determines whether a set of genes shows 
statistically significant differences between two groups. We employed GSEA to compare the diverse activated signaling 
pathways between FSGS patients and LDs. The background files of the molecular signature gene sets were downloaded 
from MSigDB, C5: Biological Process, with a total of 7530 gene sets.26,27

Predictive Model Generated From Machine Learning-Based Integrative Approaches
(1) Pathway analysis and gene selection: First, we identified the significantly activated biological pathways in FSGS 
patients via gene expression data from the GEO database (GSE133288, GSE108109, and GSE108112 datasets). Gene set 
enrichment analysis (GSEA) was used to select these key biological pathways, and genes associated with these pathways 
were then chosen for further analysis. (2) Machine learning model training: The selected genes were used as input 
features, and nine machine learning algorithms (Elastic Net, Lasso, Ridge, stepwise regression, gradient boosting 
machines (glmBoost), generalized boosted regression modeling (GBM), linear discriminant analysis (LDA), and naive 
Bayes) were employed to train the model. Each algorithm was tested in multiple combinations and hyperparameters to 
form 101 different algorithmic combinations aimed at distinguishing FSGS patients from healthy controls. (3) Validation 
and External Testing: After training, the model was validated via two independent datasets (GSE108109 and 
GSE108112) to evaluate its generalizability and avoid overfitting. Additionally, GSE104948, which is not involved in 
pathway selection or model training, was used for external testing to further validate the robustness of the model. (4) 
Model performance evaluation: For each model, the area under the receiver operating characteristic curve (AUC) was 
calculated to assess its classification performance. The higher the AUC value is, the better the model’s ability to 
discriminate between FSGS patients and healthy individuals. The AUC was calculated for each model across the 
training, validation, and external testing datasets, and the best-performing model was selected.

Infiltration of Immune Cells
To gauge the unique immune infiltration within a population, we employed single-sample gene set enrichment analysis 
(ssGSEA), which ascertains an enrichment score reflecting the extent of absolute enrichment of an immune cell- 
associated gene set within each individual sample of the dataset in question. Normalized enrichment scores were 
computed for each immunological category.28 The ssGSEA analyses were conducted via the GSVA package in R.

Patient Enrollment and Tissue Collection
This study included both FSGS patients and healthy controls, with all patients rigorously screened. FSGS patients were 
enrolled between 2022 and 2023 after secondary causes such as diabetic nephropathy, obesity-related kidney disease, and 
viral infections were excluded. The diagnosis of FSGS was confirmed by renal biopsy, and a total of 16 patients were 
included. The control group consisted of 7 patients who underwent kidney cancer resection in 2023 and whose adjacent 
normal kidney tissue was used for analysis.

Comprehensive clinical data, including demographic and clinical parameters such as sex, age, Body Mass Index 
(BMI), Systolic Blood Pressure (SBP), Diastolic Blood Pressure (DBP), Albumin (ALB); Blood Urea Nitrogen (BUN), 
Serum Creatinine (Scr), Estimated Glomerular Filtration Rate (eGFR), Uric Acid (UA), Total Cholesterol (TC), 
Triglycerides (TG), Low-Density Lipoprotein (LDL), 24-hour Urinary Total Protein (24h-UTP), 24-hour Urinary 
Creatinine (24h-UScr), Urinary Transferrin (U-TRF), Urinary N-Acetyl-beta-D-Glucosaminidase (U-NAG), Urinary 
Immunoglobulin G (U-IgG), Urinary Beta-2 Microglobulin (U-β2MG), Urinary Alpha-1 Microglobulin (U-α1MG), 
Urinary Albumin to Creatinine Ratio (U-A/C).
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Immunohistochemical Staining
FSGS patients and controls were selected for the validation of critical genes or immunocytes (Table 2). For immunohistochemistry, 
paraffin-embedded sections were initially deparaffinized in xylene and then rehydrated through a series of graded ethanol solutions. 
Antigen retrieval was performed in a microwave in EDTA buffer (pH 9.0). After the slides had cooled naturally, they were placed in 
PBS (pH 7.4) and washed on a decolorization shaker three times for 5 minutes each. The slides were then immersed in a 3% hydrogen 
peroxide solution and incubated at room temperature in the dark for 20 minutes. The sections were subsequently incubated overnight 
at 4°C with primary antibodies against OAZ2 (BIOSS, 1:200), CD99 (Abcam, 1:2000), and NK-p46 (BIOSS, 1:200). After washing, 
the sections were incubated with an HRP-conjugated secondary antibody (Shanghai Huilan Biotechnology) for 2 hours and 
developed with DAB substrate to visualize positive signals as brown staining. Finally, counterstaining was performed with Harris 
hematoxylin, followed by dehydration, clearing in xylene, and mounting with neutral resin. We employed a scoring system for the 
quantitative analysis of immunohistochemical results. This method evaluates both the intensity of cell staining and the percentage of 
positive cells. Staining intensity is graded on a scale of four levels (0 to 3), while the percentage of positive cells is also scored on a 
scale of four levels (1 to 4). The final score is obtained by multiplying the two individual scores.

Statistics
All the statistical analyses were executed via R software (Version: 4.2.2). Fisher’s exact test was used for the analysis of 
categorical data, whereas Pearson’s correlation coefficient was used for the examination of continuous variables. The 
identified pathways were visualized in a heatmap generated by the “pheatmap” package in R. The kappa statistic served 
as a quantitative measure of the concordance between the predicted and actual subtypes. For statistical comparisons 

Table 2 Baseline Characteristics of FSGS Patients and Control Subjects

Variable Group

Overall, N = 231 CTR, N = 71 FSGS, N = 161 p-value2

Age, Median (IQR) 54.00 (39.00–59.00) 57.000 (49.00–57.00) 54.000 (31.25–61.00) 0.893

BMI, Median (IQR) 25.53 (21.02–27.41) 25.712 (21.00–28.44) 24.232 (21.93–26.64) 0.720

SBP, Median (IQR) 130.00 (118.50–141.50) 125.000 (119.00–136.50) 132.500 (118.75–143.50) 0.592
DBP, Median (IQR) 79.00 (73.00–93.50) 76.000 (73.00–79.50) 84.000 (73.00–96.00) 0.229

ALB, Median (IQR) 22.60 (18.10–36.70) 44.200 (39.15–45.30) 18.950 (16.75–22.70) <0.001

BUN, Median (IQR) 6.22 (5.78–9.33) 5.900 (5.46–6.07) 7.230 (6.05–11.18) 0.076
Scr, Median (IQR) 84.00 (67.75–149.55) 83.000 (64.50–99.00) 89.150 (74.60–194.80) 0.341

eGFR, Median (IQR) 94.00 (43.03–112.50) 94.000 (66.00–110.00) 90.500 (32.25–112.01) 0.764

UA, Median (IQR) 404.50 (318.95–448.40) 295.000 (254.00–352.50) 417.500 (382.25–461.35) 0.015
TC, Median (IQR) 7.39 (4.37–8.93) 4.320 (4.18–5.38) 8.400 (7.26–9.49) 0.006

TG, Median (IQR) 1.90 (1.14–2.79) 1.090 (1.02–1.14) 2.545 (1.55–3.11) 0.002

LDL, Median (IQR) 4.16 (2.72–6.15) 2.840 (2.49–3.16) 5.300 (4.16–6.84) 0.011
24h-UTP, Median (IQR) 7.88 (4.29–13.57) / 7.880 (4.29–13.57) /

24h-UScr, Median (IQR) 10,609.000 (8,537.00–20,769.75) / 10,609.00 (8,537.00–20,769.75) /

U-TRF, Median (IQR) 81.825 (57.85–169.68) / 81.825 (57.85–169.68) /
U-NAG, Median (IQR) 23.895 (17.10–45.95) / 23.895 (17.10–45.95) /

U-IgG, Median (IQR) 255.000 (129.43–653.49) / 255.000 (129.43–653.49) /

U-β2MG, Median (IQR) 1.34 (0.27–2.25) / 1.34 (0.27–2.25) /
U-α1MG, Median (IQR) 22.25 (15.80–44.04) / 22.25 (15.80–44.04) /

U-A/C, Median (IQR) 1,869.11 (1,367.40–2,783.81) / 1,869.11 (1,367.40–2,783.81) /

Gender, n (%) 0.626
Female 7 (30) 3 (42) 4 (25)

Male 16 (70) 4 (57) 12 (75)

Note: 1Median (IQR) or Frequency (%). 2Wilcoxon rank sum test; Wilcoxon rank sum exact test; Fisher’s exact test. 
Abbreviations: IQR, Interquartile Range; BMI, Body Mass Index; SBP, Systolic Blood Pressure; DBP, Diastolic Blood Pressure; ALB, Albumin; BUN, Blood Urea Nitrogen; 
Scr, Serum Creatinine; eGFR, Estimated Glomerular Filtration Rate; UA, Uric Acid; TC, Total Cholesterol; TG, Triglycerides; LDL, Low-Density Lipoprotein; 24h-UTP, 24- 
hour Urinary Total Protein; 24h-UScr, 24-hour Urinary Creatinine; U-TRF, Urinary Transferrin; U-NAG, Urinary N-Acetyl-beta-D-Glucosaminidase; U-IgG, Urinary 
Immunoglobulin G; U-β2MG, Urinary Beta-2 Microglobulin; U-α1MG, Urinary Alpha-1 Microglobulin;U-A/C, Urinary Albumin to Creatinine Ratio.
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involving more than two groups, the Kruskal‒Wallis test was applied, whereas the Wilcoxon rank‒sum test was used for 
comparisons between two groups.29 A two-tailed P value of less than 0.05 was considered statistically significant.

Results
Normalization and Comparative Analysis of Signaling Pathway Activation in FSGS 
Patients Across Multiple Cohorts
We initially included three cohorts: GSE133288, GSE108109, and GSE108112. Owing to the cohorts originating from 
different datasets, we performed batch normalization procedures to eliminate batch effects caused by sequencing 
operations. We subsequently utilized gene set enrichment analysis (GSEA) to assess the activation levels of different 
cellular signaling pathways in all included samples. Within each cohort, we compared the signaling pathways with 
differential activation levels between FSGS patients and LD patients. Signaling pathways exhibiting a log2-fold change 
greater than 0.5 and a P value less than 0.001 were considered statistically significant. In the GSE133288 cohort, 34 
signaling pathways were significantly activated in FSGS patients (Figure 1A); in the GSE108109 cohort, 166 signaling 
pathways were significantly activated (Figure 1B); and in the GSE108112 cohort, 28 pathways were activated 
(Figure 1C). Ultimately, we identified a total of 5 signaling pathways that were significantly activated in FSGS patients. 
On the basis of the consistent results from the three cohorts (Figure 1D), the pathways focused on T-cell extravasation, 
regulation of T-cell extravasation, mitotic nuclear envelope reassembly, response to defense, and polyamine transport. 
After removing the duplicated genes, we obtained 31 unique genes for subsequent analysis (Figure 2A). We also verified 
the potential functions of these 31 genes via the MetaScape website (https://metascape.org/), which was consistent with 
the enrichment of pathways related to T-cell extravasation and polyamine transmembrane transport, as well as pathways 
related to leukocyte migration, signaling by interleukins and the inflammatory response (Figure 2B and C).

The FSGS Diagnostic Model Was Developed via Machine Learning Approaches
As delineated in the methodology, the construction of the diagnostic model included 101 different algorithms. Among 
these methods, the results of 73 combinational methods were successfully produced, with the remainder potentially 
unsuitable for the present study owing to the limited quantity of input data. The AUC values for each method, as depicted 
in Figure 3A, indicate that the Ridge, Enet, GBM, LDA and NaiveBayes models achieved the best prediction values, with 
an average AUC value of 1, with the requirement of a total of 31 enrolled genes, which presents a considerable challenge 
for clinical application. Therefore, we chose a two-step model, glmBoost+Ridge, which not only demonstrated a high 
AUC value of 0.998 but also necessitated only 6 input genes, including BANF1, TUSC2, SMAD3, TGFB1, CD99, and 
OAZ2. The prediction score can be calculated via the following equation: score = (0.3997×BANF1) + (0.5543×TUSC2) 
+ (0.5279×SMAD3) + (0.4118×TGFB1) + (0.8665×CD99) + (0.5996×OAZ2). Additionally, the predictive value of this 
model was corroborated through kappa analysis, which revealed significant concordance in GSE133288 (Kappa = 1.000, 
P < 0.001), GSE108109 (Kappa = 0.906, P < 0.001), and GSE108112 (Kappa = 1.000, P < 0.001) (Figure 3B), as well as 
the preferable AUC values (GSE133288: AUC = 1.000, GSE108109: AUC = 0.994, GSE108112: AUC = 1.000, 
Figure 3C).

Confirming the Diagnostic Performance in Independent Cohorts
To ascertain the efficacy of the diagnostic model we developed, we harvested samples from the external independent 
cohort of GSE104948. Employing the previously established methodology, we conducted predictive analyses using 73 
models across these separate cohorts. Notably, the glmBoost+Ridge model demonstrated exceptional diagnostic 
precision, as depicted in Figure 4A, yielding the following outcomes: GSE104948_GPL22945 (AUC=0.910, 
Kappa=0.688, P < 0.001) and GSE104948_GPL24120 (AUC=0.775, Kappa=0.530; P=0.030; Figure 4B and C). The 
overall prognostic value of this model for the overall sample in GSE104948 was approximately 0.885 (Figure 4C). 
These findings suggest that the model’s predictive validity is remarkably robust and holds promise for effective clinical 
application.
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Expression of 6 Characteristic Genes in FSGS Patients
The glmBoost+Ridge model incorporates 6 genes into the diagnostic model for FSGS. To analyze the behavior of these genes, 
their expression differences between FSGS patients and LDs were examined across three cohorts. The expression levels of the 
genes BANF1, TUSC2, SMAD3, TGFB1, CD99 and OAZ2 were assessed. In the combined cohort of GSE133288, 
GSE108109, and GSE108112, we observed elevated expression of all six genes in FSGS patients compared with LD patients 

155

18

7 5 4 3 2

18

7 5 4 3 2

Figure 1 Differential pathway analysis in the focal segmental glomerulosclerosis (FSGS) cohort. (A–C) Volcano plots for cohorts GSE133288 (A), GSE108109 (B), and 
GSE108112 (C). Each plot shows -log10 p values (y-axis) against log2-fold changes (x-axis) for the differentially expressed pathways. Significantly activated pathways are 
indicated in red (p value < 0.05 and log2-fold change (FC) > 0.3 or 0.5), whereas nonsignificant pathways are shown in gray. (D) Venn diagram summarizing the overlap of 
significantly activated pathways across the three cohorts, with the number of shared pathways indicated in the intersecting areas. The five pathways that were consistently 
activated across all cohorts are highlighted next to the Venn diagram. The bar plot below the Venn diagram represents the number of significant pathways unique to or 
shared between the cohorts, labeled on the x-axis. 
Abbreviation: NS, not significant.
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(all P < 0.05, Figure 5A). With respect to the validation GSE104948 cohort, similar patterns were observed; the elevated levels of 
genes in FSGS patients were observed not only in TUSC2, CD99 and OAZ2 but also in BANF1 and SMAD3 (Figure 5B). These 
findings suggest that BANF1, TUSC2, SMAD3, TGFB1, CD99 and OAZ2 play significant roles in distinguishing FSGS from 
LDs and could serve as potential biomarkers for the diagnosis of FSGS.

Relationships Between Key Biomarkers and the Infiltration of Immune Cells
Subsequent investigations investigated the associations between CD99 and OAZ2 expression and the degree of immune 
cell infiltration in FSGS patients. The CD99 gene was found to be correlated with diverse immune cells, with the most 
pronounced positive correlations with natural killer cells, plasmacytoid dendritic cells and type 1 T helper cells 
(Figure 6A and C). Furthermore, OAZ2 was also positively correlated with an array of immune cells, with the most 
substantial links observed with natural killer cells (Figure 6B and D).

Figure 2 Key Consensus Gene Expression and Enrichment Analysis in focal segmental glomerulosclerosis (FSGS). (A) Heatmap showing the expression of 31 overlapping 
genes across FSGS patient samples and living donor (LD) samples within the GSE133288, GSE108109, and GSE108112 cohorts. The expression levels are color-coded, with 
red indicating upregulation, black indicating no significant change, and white indicating downregulation. The genes are listed on the right, with cohort identifiers at the 
bottom. (B) Bar chart displaying the significance of pathway enrichment for the 31 genes, based on the -log10 (p-value). The chart highlights the pathways most implicated in 
FSGS, such as T-cell extravasation and polyamine transmembrane transport. (C) Network diagram illustrating the connections between the 31 genes and their associated 
pathways, indicating complex interactions and the potential roles of these genes in key biological processes relevant to FSGS pathogenesis.
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Figure 3 Machine Learning Model Performance and Diagnostic Accuracy in focal segmental glomerulosclerosis (FSGS). (A) Heatmap displaying the area under the receiver 
operating characteristic curve (AUC) values for various machine learning algorithm combinations across three cohorts (GSE133288, GSE108109, and GSE108112). Each cell 
in the heatmap corresponds to an algorithm combination, with color intensity representing the AUC value (legend at the bottom left), indicating the model’s performance 
from 0.5 (chance level) to 1.0 (perfect discrimination). (B) Kappa consistency heatmaps showing the concordance between actual clinical diagnoses and predictions made by 
the best-performing machine learning model in each cohort. The numbers within the cells represent the number of samples for which the diagnosis was correctly predicted 
(LD: living donors). (C) Receiver operating characteristic (ROC) curves for the performance of the glmBoost+Ridge model in differentiating FSGS patients from LDs in each 
cohort, with AUC values indicating the model’s accuracy. 
Note: Ridge (L2 reg.), Enet[α=x] (Elastic Net with α values ranging from 0.1 to 0.9, representing different mixes of L1 and L2 regularization), GBM (Gradient Boosting 
Machine), LDA (Linear Discriminant Analysis), NaiveBayes, and their combinations with glmBoost (boosting ensemble method). Additionally, stepwise regression methods 
(Stepglm[forward], Stepglm[backward], Stepglm[both]) with forward selection, backward elimination, and both strategies were applied to enhance model performance.
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Figure 4 Validation of the focal segmental glomerulosclerosis (FSGS) diagnostic model in an independent cohort. (A) Heatmap depicting the area under the receiver operating 
characteristic curve (AUC) for 73 machine learning models, including the glmBoost+Ridge model, validated against the independent cohort GSE104948. The AUC values range from 0.5 
(indicated by white color, representing chance level) to 1.0 (indicated by dark blue color, representing perfect prediction). The glmBoost+Ridge model shows superior performance, 
with high AUC values. (B) Kappa statistics heatmap comparing the actual and predicted FSGS and living donor (LD) classifications in the GSE104948 cohort, split by the GPL platform. 
The counts in the heatmap represent the number of correctly predicted samples. High kappa values suggest strong concordance, indicating that the glmBoost+Ridge model has high 
reliability. (C) Receiver operating characteristic (ROC) curves for the glmBoost+Ridge model for two GPL platforms of the GSE104948 cohort and the combined overall samples, 
demonstrating the model’s diagnostic accuracy. The AUC values are annotated within the plots, confirming the model’s effectiveness in clinical diagnostics across diverse datasets.

International Journal of General Medicine 2025:18                                                                             https://doi.org/10.2147/IJGM.S498407                                                                                                                                                                                                                                                                                                                                                                                                   1135

Ge et al

Powered by TCPDF (www.tcpdf.org)



Validation of Key Biomarkers in FSGS
To validate the significance of the identified markers, we conducted a comprehensive analysis of patients with FSGS 
(Table 2). Pathological diagnostic results from clinical patients revealed substantial structural and immunological 
alterations in kidney tissues via various staining techniques (Figure 7A). Immunohistochemical analysis revealed 
a pronounced increase in CD99, OAZ2, and NK-p46 expression in FSGS patients compared with controls, with 
quantitative analysis confirming statistically significant increases (nonparametric t test, P < 0.05; Figure 7B‒G). 
Specifically, the immunohistochemistry results indicate that CD99, OAZ2, and NK-p46 are expressed at significantly 
higher levels in the glomeruli and tubulointerstitial tissues of FSGS patients than in those of control individuals. 
Collectively, these findings underscore the pathological changes and immune cell infiltration characteristics of FSGS, 
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Figure 5 Gene expression analysis for focal segmental glomerulosclerosis (FSGS) diagnosis. (A) Box plots depicting the expression levels of six genes (BANF1, TUSC2, 
SMAD3, TGFB1, CD99, and OAZ2) used in the glmBoost+Ridge diagnostic model for FSGS. The expression data from the combined cohorts GSE133288, GSE108109, and 
GSE108112 were compared between FSGS patients and living donors (LD), with significant upregulation of all genes observed in FSGS patients (p < 0.05). (B) Validation of 
gene expression in an independent cohort, GSE104948, which showed similar upregulation patterns in FSGS patients, particularly for CD99 and OAZ2. The plots show 
median values, interquartile ranges, and outlier points, highlighting the differential expression, which supports the use of these genes as biomarkers for FSGS diagnosis. 
Notes: *, P < 0.05; ***, P < 0.001; ****, P < 0.0001. 
Abbreviation: ns, not significant.
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Figure 6 Correlations of the biomarkers CD99 and OAZ2 with immune cell infiltration in FSGS patients. (A) Bubble chart representing the correlation between 
CD99 expression and the infiltration level of various immune cells in FSGS patients. The size of each bubble indicates the strength of the correlation (abs(cor)), 
and the color signifies the p value. Natural killer cells, plasmacytoid dendritic cells, and type 1 T helper cells presented the most significant positive correlations. 
(B) A similar bubble chart for OAZ2, illustrating its positive correlation with immune cell populations, most notably with natural killer cells. (C) Scatter plot with 
a fitted line displaying the positive correlation between CD99 gene expression and natural killer cell infiltration levels, with a Pearson correlation coefficient 
(r) of 0.6 and a p value < 0.001. (D) Scatter plot for OAZ2 showing its positive correlation with natural killer cell infiltration, with a Pearson correlation 
coefficient (r) of 0.31 and a p value < 0.001. The strength of these correlations highlights the potential of CD99 and OAZ2 as markers for immune involvement 
in FSGS patients. 
Abbreviations: TPM, Transcripts per million; NES, Normalized enrichment score; n, Number of samples; r, Pearson’s correlation coefficient; MDSC, Myeloid-derived 
suppressor cells; cor, Correlation.
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identifying CD99, OAZ2, and NK-p46 as critical biomarkers and highlighting the pivotal role of natural killer cells in the 
disease mechanism.

Discussion
FSGS is a prevalent glomerular disease characterized by segmental glomerulosclerosis and tubulointerstitial lesions. 
Clinically, it presents with proteinuria and declining renal function and can progress to end-stage renal disease (ESRD). 
While the precise etiology of FSGS remains elusive, evidence suggests that genetic factors, immune abnormalities, and 
environmental influences all contribute to its development.1 Given the complex and heterogeneous nature of FSGS, 
traditional clinical and pathological approaches fail to fully elucidate its molecular mechanisms. Consequently, bioinfor
matics analyses offer valuable insights into potential molecular markers and signaling pathways implicated in the onset or 
progression of FSGS, paving the way for novel diagnostic and therapeutic strategies.

Figure 7 Validation of Pathological and Immunological Markers in focal segmental glomerulosclerosis (FSGS) patients. (A) Pathological diagnostic results of clinical FSGS 
patients, showing structural and immunological changes in kidney tissues via hematoxylin and eosin (HE), periodic acid-Schiff (PAS), periodic acid-Schiff methenamine (PASM), 
and Masson’s trichrome (MASSON) staining techniques. (B–G) Immunohistochemical validation of OAZ2, CD99, and NK-p46 expression in FSGS patients and controls 
(CTR). (B–D) Representative images of immunohistochemical staining for OAZ2, CD99, and NK-p46 expression in FSGS patients and controls. (E–G) Quantitative analysis 
showing a significant increase in OAZ2, CD99, and NK-p46 expression in FSGS patients compared with controls (nonparametric t test, **, P < 0. 01; ***, P < 0.001).
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In this study, we performed an extensive analysis using publicly available gene expression datasets from the GEO database, 
which included samples from 163 FSGS patients and 42 control subjects. Our results highlight significant biological pathways 
activated in FSGS patients, such as T-cell extravasation and polyamine transport, alongside the identification of 31 unique key 
genes, which are critical to the disease’s pathology. The primary contribution of our study lies in the development of a robust 
diagnostic model using a combination of 73 machine learning algorithms, where the glmBoost+Ridge model demonstrated an 
outstanding AUC of 0.998. This suggests that the model, based on the six identified key genes (BANF1, TUSC2, SMAD3, 
TGFB1, CD99, and OAZ2), holds significant potential for diagnostic accuracy in distinguishing FSGS patients from healthy 
controls. The high AUC value and the robustness of the model across different cohorts underscore its diagnostic potential, which 
could be a valuable tool in clinical practice for the early detection and differentiation of FSGS. Furthermore, we conducted 
external validation which revealed that CD99 and OAZ2 exhibited the most significant differences between FSGS patients and 
healthy donors, reinforcing their potential as diagnostic biomarkers for FSGS. These findings support the use of CD99 and OAZ2 
as possible diagnostic markers in clinical settings, facilitating a more precise and personalized approach to diagnosing FSGS. 
Additionally, by leveraging the GSVA package, we assessed immune cell composition in FSGS patients, revealing a significant 
correlation between CD99 and OAZ2 expression and the infiltration of natural killer cells and plasmacytoid dendritic cells. This 
insight into the immune landscape further emphasizes the relevance of our findings in understanding disease progression and 
could guide future therapeutic strategies targeting immune cell infiltration in FSGS.

Previous studies have shown that key intracellular signaling pathways, such as the TNF, TGF-β/Smad pathways, are activated 
following podocyte injury in FSGS patients. In Mariani et al’s23 study, they identified three subclusters (T1, T2, and T3) in kidney 
biopsies, with T3 showing the most severe clinical and molecular features, including lower eGFR, higher fibrosis, and a higher 
proportion of FSGS. T3 participants were more likely to progress to end-stage renal disease (ESRD). Molecular analysis 
highlighted TNF signaling as a key driver in T3, suggesting its potential as a therapeutic target in FSGS and chronic kidney 
disease. Epithelial‒mesenchymal transition (EMT) is a critical process in fibrosis, where epithelial cells lose their characteristics 
and acquire mesenchymal features, contributing to tissue remodeling and scarring.30 TGF-β1, a key regulator of fibrosis, induces 
EMT and fibrosis through both canonical (Smad-dependent) and non-canonical (non-Smad) signaling pathways.31 These 
pathways promote the activation of myofibroblasts, excessive production of extracellular matrix (ECM), and inhibition of 
ECM degradation, ultimately leading to tissue fibrosis. Smad proteins play a complex role in fibrosis regulation, exhibiting both 
pro-fibrotic and anti-fibrotic effects, including in the regulation of mesenchymal transition. Moreover, there is intricate crosstalk 
between TGF-β/Smads and other signaling pathways, further complicating the regulation of fibrosis. In the clinical trial of 
fresolimumab, a monoclonal anti-TGF-β1 antibody,32 the primary endpoint of proteinuria reduction was not achieved in patients 
with steroid-resistant focal segmental glomerulosclerosis (SR-FSGS). Despite this, the trial showed a trend toward reduced 
urinary protein/creatinine ratio with fresolimumab 1 mg/kg, suggesting potential therapeutic benefit. However, the study failed to 
meet its primary or secondary endpoints, likely due to its underpowered design. This highlights the complexity of targeting TGF- 
β signaling in kidney fibrosis and the need for further investigation in larger trials.

On the other hand, Yao et al33 demonstrated that BANF1 upregulation promoted glutamate-induced apoptosis of HT- 
22 cells by enhancing ROS generation. The BANF1 gene encodes the BAF protein, and obtusilactone B from Machilus 
Thunbergii, which binds to BAF, suppresses VRK1-mediated BAF phosphorylation, thereby inducing potent tumor cell 
death in vitro.34 The BAF chromatin remodeling complex plays a crucial role in the maintenance of HIV-1 latency, and 
small molecule inhibitors of BAF, such as Caffeic Acid Phenethyl Ester and Pyrimethamine, have been reported by 
Stoszko et al35 to induce the reversal of HIV-1 latency. These findings suggest that targeting BANF1 or its associated 
pathways may represent a potential therapeutic strategy for human disease.

CD99, encoded by the MIC2 gene, is a transmembrane molecule whose exact mechanism is not fully understood. It plays 
a role in critical biological processes, including cell adhesion, migration, death, differentiation, and transendothelial migration, 
and impacts inflammation, the immune response, and cancer-related processes. Maria et al36 reported that CD99 might 
enhance the antitumor activity of macrophages. Serena et al37 identified a population of leukemic progenitor cells (LPCs) with 
a CD34/CD123/CD25/CD99+ immunophenotype at the initial diagnosis of acute myeloid leukemia (AML) that overexpress 
the CD99 antigen, suggesting that this population is a target for monoclonal antibody therapy. The metalloproteases meprin α 
and meprin β exhibit proinflammatory activity and contribute to extracellular matrix (ECM) remodeling, and their expression 
is upregulated in chronic inflammation and fibrosis.38 CD99 on leukocytes is a substrate for meprin β, and meprin β activation 
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of CD99 induces cell migration in vitro.39 Vijaya et al40 recently developed anti-CD99-A192 (α-CD99-A192) nanoparticles 
that are composed of α-CD99 single chain variable fragment, α-CD99-A192 exhibits specific binding to cells expressing 
CD99, these fusion proteins can increase apoptosis of acute myeloid leukemia cells. Our systematic analysis and immuno
histochemical validation revealed that CD99 expression is upregulated in FSGS patients, highlighting its potential key role in 
disease pathogenesis and warranting further functional studies for confirmation.

OAZ2 (ornithine decarboxylase antizyme 2) is a member of the antizyme gene family. Antizymes inhibit the 
activity of ornithine decarboxylase (ODC), a key enzyme in polyamine biosynthesis, by promoting its proteasomal 
degradation via a ubiquitin-independent mechanism.41,42 Polyamines, including putrescine, spermidine, and sper
mine, have been shown to possess anti-inflammatory and immunosuppressive properties.43 However, their levels 
must be tightly regulated to prevent abnormal cell proliferation and tumor development. However, there is limited 
research on OAZ2 in disease contexts. Our immunohistochemical analysis of FSGS and adjacent noncancer kidney 
tissues revealed OAZ2 expression in both the renal tubules and interstitium, with significantly increased expres
sion in FSGS patients. However, further biological experiments are needed to validate its function.

Meyrier et al’s44 findings suggest that FSGS is not a type of T-cell-driven autoimmune glomerulopathy, particularly in 
infection- and inflammation-related FSGS, where a closer association with NK cells is observed. Our systematic analysis 
revealed that the CD99 and OAZ2 genes had the highest correlation with natural killer cells. Immunohistochemical staining 
for NK-p46 revealed increased expression in FSGS patients, further supporting the involvement of NK cells in FSGS 
pathogenesis. Our study highlighted the pathological changes and immune cell infiltration characteristics in FSGS, identify
ing CD99 and OAZ2 as critical biomarkers and emphasizing the pivotal role of natural killer cells in the disease mechanism. 
However, the roles of these biomarkers in FSGS still need to be confirmed through further experimental studies.

There are certain limitations in the current study. First, we included only a small number of FSGS and control samples due 
to the limited availability of sequencing data, which may not fully represent the broader population. Future studies should 
incorporate a larger and more diverse population from different geographic regions to validate our new findings. Second, 
owing to the challenges in obtaining healthy control kidney tissue samples and the lack of demographic matching (eg, gender, 
age) in the included public datasets, future research should ensure proper demographic matching when collecting patient and 
control samples. Third, the current study is a preclinical scientific investigation that does not specifically consider cost‒benefit 
analysis. Identifying key markers to increase cost-effectiveness is essential to promote eventual clinical application.

Conclusion
The machine learning-based diagnostic model developed in this study demonstrates high accuracy and robustness, 
offering a promising tool for clinical application. Validation across multiple cohorts further confirms its potential as an 
effective diagnostic tool for FSGS.
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