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Single-cell analysis reveals that NRG1/3- =
ERBB4 signaling affects metabolic

reprogramming and immune escape in Wilms
tumor
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Abstract

Background Wilms tumor presents a heterogeneous tumor microenvironment. This study aimed to characterize the
tumor microenvironment and identify prognostic genes to improve therapeutic strategies.

Methods We integrated single-cell RNA sequencing and transcriptomic data from paired tumor and normal tissues.
Bioinformatics analyses included assessments of cellular heterogeneity, trajectories, and cell-cell communication.
Prognostic genes were identified with differential expression, Cox regression, and machine-learning analyses.
Furthermore, functional characterization, immune infiltration patterns, and therapeutic targets were systematically
investigated. Potential therapeutic compounds were predicted using drug databases and a graph-based deep
learning framework to predict compound-protein interactions.

Results Single-cell RNA sequencing revealed 17 cell clusters, with tumor-specific epithelial cells and renal progenitor
cells. Pseudotime trajectory analysis revealed dynamic differentiation, highlighting NRG1/3-ERBB4 signaling.
Intersection of the transcriptomic and single-cell data identified 405 key genes. A prognostic model incorporating
eight prognostic genes (PRLR, SLC16A7, SGIP1, PPARGCTA, CDHR5, GRB7, FKBP10, and UGT2B7) stratified patients into
high- and low-risk groups (p <0.0001), with area under the curve values > 0.6 for 1-, 2-, and 3-year survival prediction.
High-risk patients had elevated regulatory T cell infiltration and immune checkpoint genes (TNFRSF9 and KIR3DL3).
Chitosan was identified as a multitarget agent that interacts with the eight prognostic proteins.

Conclusions This study defined tumor cellular architecture and identified eight prognostic genes with potential
clinical value.
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Introduction

Wilms tumor (WT), the most common pediatric renal
malignancy, accounts for 6-7% of all childhood solid
tumors. It primarily affects children aged 2-5years [1],
occurs rarely in neonates or adolescents, and shows no
significant sex enrichment. WT is typically unilateral,
although 5-9% of cases are bilateral, and approximately
7% are multifocal [2]. Children with WT often present
without overt clinical symptoms; the most common find-
ing is an abdominal mass [3]. Whereas WT commonly
originates in one kidney, it frequently metastasizes to
distant organs such as the lungs and liver. Tumors dis-
play marked heterogeneity [4], meaning that cell popu-
lations with varying degrees of differentiation respond
differently to treatment. Surgical resection remains the
cornerstone of clinical management. However, patients
classified as high-risk (those with metastasis, recurrence,
or drug resistance) face a poorer prognosis, negatively
impacting their quality of life [5]. Therefore, exploring
WT pathogenesis and developing reliable biomarkers and
potential therapeutic targets are of paramount impor-
tance [6]. Despite significant improvements in patient
survival rates achieved with current multidisciplinary,
comprehensive treatments, the prognosis for advanced or
recurrent cases remains suboptimal. Furthermore, chal-
lenges such as chemotherapy resistance remain critical
issues that require urgent attention.

Traditional bulk RNA sequencing (RNA-seq), which
enables analysis of the entire tumor tissue, provides only
an “average” gene expression profile across all cells. This
approach often masks signals from critical, low-abun-
dance cell subpopulations, such as tumor stem cells or
drug-resistant cells [7]. Consequently, a technology capa-
ble of dissecting tumors at the single-cell level is required.

Single-cell RNA sequencing (scRNA-seq) offers a high-
resolution method for dissecting complex tissues [8].
By analyzing the transcriptomes of thousands of indi-
vidual cells, scRNA-seq enables unbiased identification
of distinct cell types and states, reconstruction of devel-
opmental trajectories, and mapping of cell communica-
tion networks. Detailed analysis of individual tumor cells
can reveal the molecular basis of their heterogeneity and
interactions with the tumor microenvironment (TME)
[9, 10]. Recent studies have indicated that immune het-
erogeneity within the TME is closely associated with
tumor progression, metabolic adaptation, and treatment
response, highlighting the importance of high-resolution
investigations into tumor—immune interactions [11, 12].
Furthermore, emerging evidence suggests that meta-
bolic and immune regulatory programs in the TME could
influence tumor behavior and therapeutic sensitivity
jointly [13]. However, single-cell characterization of cel-
lular architecture and the tumor—immune microenviron-
ment remains insufficient for WT.
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In this study, we used high-throughput scRNA-seq to
construct a comprehensive WT cellular atlas. We sys-
tematically analyzed the cellular heterogeneity of malig-
nant and non-malignant regions across a WT cohort
to identify specific malignant cell populations and their
associated gene expression signatures that correlate with
adverse clinical outcomes, uncovering novel prognos-
tic biomarkers. Concurrently, we characterized the WT
immune landscape, including the functional states of key
immune cell subsets, and investigated the ligand—recep-
tor interactions that facilitate communication between
tumor cells and their microenvironment. Our find-
ings offer new insights into WT prognosis and identify
potential therapeutic targets in both the tumor and its
microenvironment, providing the basis for improved risk
stratification and innovative therapeutic strategies.

Materials and methods

Data acquisition

Three paired tumor and adjacent normal tissue samples
were collected at the Children’s Hospital of Chongqing
Medical University. This study received ethical approval
from the Ethics Committee of the affiliated Children’s
Hospital of Chongqing Medical University and was con-
ducted in accordance with the principles outlined in
the Declaration of Helsinki. All subjects’ parents signed
written informed consent. All samples were obtained
from patients before chemotherapy, and the pathological
WT type was confirmed by the pathology department.
scRNA-seq data were collected from the three paired
tumor and adjacent normal tissue samples for gene
screening and single-cell clustering analyses. Bulk mRNA
transcriptome data were downloaded from the Gene
Expression Omnibus database (accession: GSE197047)
[14], comprising eight WT and eight adjacent normal
tissue samples. Additionally, clinical and transcriptomic
data from WT samples were accessed from The Can-
cer Genome Atlas TARGET-WT cohort [15], including
124 primary tumor samples and six solid tissue normal
controls. Survival information was available for 50 WT
patients.

scRNA-seq data processing

Transcriptomic data from scRNA-seq of WT and adja-
cent normal tissue samples were processed with the
Seurat package (v.4.1.0) [16]. The PercentageFeatureSet
function was used to calculate quality-control metrics,
including total RNA molecule counts per cell (nCount_
RNA), the number of unique genes detected per cell
(nFeature_RNA), and the percentage of mitochondrial
gene expression (percent.mt). Cells were filtered based on
the following criteria: cells with <200 or >2,500 detected
genes; cells with <400 or >5,000 total RNA counts;
and cells with mitochondrial gene percentages>5%.
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Post-quality-controlled data were visualized using Seurat
to display the distributions of nFeature_RNA, nCount_
RNA, and percent.mt across samples. The filtered sin-
gle-cell data were normalized using the NormalizeData
function in Seurat, with parameters set to LogNormalize
and scale.factor =10,000. To detect highly variable genes,
the FindVariableFeatures function was used to select
the top 2,000 genes exhibiting the highest cell-to-cell
variability.

Cell clustering and annotation

Following data normalization, single-cell transcriptomic
data were scaled using the ScaleData function in the
Seurat package. Principal component analysis (PCA) was
carried out on the top 2,000 highly variable genes using
the RunPCA function. Subsequently, to identify signifi-
cant principal components (PCs), the JackStraw function
was applied. The ElbowPlot function in Seurat was used
to generate a scree plot. Uniform Manifold Approxima-
tion and Projection (UMAP) was performed with the
RunUMAP function for dimensionality reduction of
significant PCs. Cell clusters were identified using the
FindClusters function with the resolution parameter set
to 0.4, followed by UMAP visualization of cluster dis-
tributions. To determine cell types, the FindAllMark-
ers function was applied with thresholds min.pct=0.2
and only.pos=TRUE to identify cluster-specific marker
genes. Automated cell-type annotation was performed
with the SingleR package (v.2.0.0) [17] with the following
three reference datasets: HumanPrimaryCellAtlasData,
BlueprintEncodeData, and ImmuneCellExpressionData.
Manual curation was performed by comparing marker
genes with the CellMarker database (http://bio-bigdata.
hrbmu.edu.cn/CellMarker/) and the published literature
[18]. Annotated clusters were visualized using UMAP,
and marker gene expression patterns were displayed.
Visualization of cell type distributions was achieved with
the ggplot2 package (v.3.3.2) [19]. To assess potential
patient-specific bias, PCA plots colored by patient iden-
tity were generated.

Cell cycle analysis

Cell cycle phase assignment was performed using Seurat,
which classifies cells into G1, S, or G2/M phases. For each
annotated cell cluster, the proportions of cells in the G1,
S, and G2/M phases were calculated and visualized using
ggplot2. The UMAP map was generated using ggplot2 to
visualize the distribution of cells across different cycles.
Additionally, a stacked bar plot was created with ggplot2
to display the percentage distribution of cell cycle phases
across all clusters.
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Tumor subpopulation clustering and pseudotime
trajectory analysis

Tumor sample cells were reclustered using the Find-
Clusters function in Seurat, with a resolution param-
eter (resolution=0.6). Developmental trajectories were
restructured using the Monocle package (v.2.30.0) [20].
Cells were ordered along pseudotime by specifying a root
node corresponding to the least differentiated state. The
root state was inferred based on the expression patterns
of cluster-specific marker genes and their differentiation
features. CytoTRACE analysis was performed to estimate
the developmental potential of individual cells. Branched
expression trajectories were analyzed using Branched
Expression Analysis Modeling. Additionally, an alluvial
plot generated with the R package ggalluvial (v.0.12.5)
[21] was used to illustrate the correspondence between
tumor subpopulations and patient origins. Stacked bar
plots created with ggplot2 were used to quantify sub-
population proportions across individual WT samples.
Subsequently, cluster-specific differentially expressed
genes (cDEGs) were detected using the FindAllMarkers
function in the Seurat package (adjusted p<0.05, |log,
fold change (FC)| >1). Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses were
carried out with the ClusterProfiler package (v.3.16.0)
[22], retaining pathways meeting an adjusted p<0.05
and FoldEnrichment > 1. The top 20 significant pathways
were visualized using ggplot2. Cell-cell communication
networks were resolved using the R package CellChat
(v.1.6.1) [23] (p<0.05, log,mean (Molecule 1, Molecule 2)
>0.1). The R package CellPhoneDB (v.2.0) [24] was used
to identify interactions of ligand—receptor pairs.

Subpopulation merging and identification

Merged cell clusters were visualized using UMAP. Key
cell clusters exhibiting distinct separation between WT
and adjacent normal tissues were selected. The R package
ReactomeGSA (v.1.12.0) [25] was used to perform path-
way enrichment analysis on key cell clusters with the ana-
lyze_sc_clusters function (adjusted p <0.05).

Single-cell differential expression profiling

Differential expression analysis of key cell clusters
between WT and normal groups was performed using
the FindMarkers function in Seurat with stringent thresh-
olds (adjusted p < 0.05, |log,FC| >2). Significant single-cell
differentially expressed genes (sDEGs) were visualized
using a Manhattan plot and heatmap, highlighting the
top 10 upregulated and downregulated sDEGs (ranked
by |log,FC|). Expression of the top 50 sDEGs was quanti-
fied and visualized with ggplot2. Subsequently, a ranked
gene list was generated by sorting all genes by their
log,FC values. The “c2.cp.kegg.v7.5.1.symbols.gmt” gene
set was retrieved from the Molecular Signature Database
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(MSigDB; http://software.broadinstitute.org/gsea/msigd
b/) as a reference dataset. Gene set enrichment analysis
(GSEA) was conducted with the ClusterProfiler package
(adjusted p<0.05, |normalized enrichment score [NES]|
>1).

Key gene screening

Differential expression analysis between the WT and
normal groups was conducted with the DESeq2 pack-
age (v.1.38.0) [26] in the GSE197047 dataset. Genes with
|log,FC| >2 and adjusted p<0.05 were defined as differ-
entially expressed genes (DEGs2). To visualize the differ-
ential expression patterns, a volcano plot was generated
using ggplot2. Additionally, a heatmap was constructed
using the ComplexHeatmap package (v.2.14.0) [27] to
display expression profiles of the top 20 DEGs2 across
samples. To detect key genes, single-cell-derived sDEGs
were intersected with DEGs2 using the VennDiagram
package (v.1.7.3) [28]. Overlapping genes were identified
as key genes and were functionally annotated.

Functional enrichment analysis and protein—protein
interaction network

To elucidate the biological processes associated with the
identified key genes, Gene Ontology (GO) enrichment
analysis was carried out with the ClusterProfiler package.
The analysis encompassed the following three categories:
biological process, cellular component, and molecular
function (adjusted p<0.05). Similarly, KEGG pathway
enrichment analysis was performed using ClusterPro-
filer (adjusted p<0.05). To investigate the protein-level
interactions among key genes, the identified genes were
uploaded to the Search Tool for the Retrieval of Inter-
acting Genes/Proteins (STRING) database (http://www
string-db.org/), and a protein—protein interaction (PPI)
network was constructed. Interaction confidence scores
were filtered using a threshold of 0.4 to retain high-con-
fidence interactions. The resulting interaction data from
STRING were imported into Cytoscape (v.3.7.2) [29] for
network visualization.

Prognostic gene screening and validation

Univariate Cox regression analysis was carried out with
the survival package (v.3.5-3) [30] to evaluate the asso-
ciation between key genes and overall survival based on
50WT patients with complete survival data from the
TARGET-WT cohort. Genes meeting the threshold of
p<0.01 and a hazard ratio (HR) # 1 were defined as can-
didate prognostic genes. To eliminate false-positive can-
didates, proportional hazards (PH) assumption testing
was conducted. Only genes satisfying the PH assumption
(p>0.05) were retained for subsequent analyses.
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Prognostic model construction and validation

To refine candidate prognostic genes and construct a
robust survival prediction model, least absolute shrink-
age and selection operator (LASSO) regression analy-
sis with five-fold cross-validation was performed using
the glmnet package (v.4.1.4) [31]. The LASSO algorithm
introduces a penalty term that reduces model complex-
ity and mitigates potential overfitting. The LASSO algo-
rithm was applied with the parameter family=cox to
penalize overfitting and select genes strongly associated
with survival outcomes. The optimal penalty parameter
(lamba.min) was determined. A risk score coefficient was
derived from the LASSO model as follows: Risk Score=%
Coefficient (i) x Expression of Gene (i), where Coeffi-
cient (i) represents the weight assigned to each gene by
the LASSO model (with positive coefficients indicating
increased risk with higher expression and negative coef-
ficients indicating reduced risk), and Expression of Gene
(i) denotes the normalized expression level of the cor-
responding gene. Subsequently, the optimal cutoff value
for risk stratification was calculated using the surv_cut-
point function. This cutoff divided the 50 TARGET-WT
patients into high- and low-risk groups. To evaluate sur-
vival differences between the two groups, Kaplan-Meier
(K-=M) curves were generated with the survminer pack-
age (v.0.4.9) [32]. Time-dependent receiver operating
characteristic (ROC) curves for 1-, 2-, and 3-year overall
survival were plotted using the timeROC package (v.0.4)
[33] to quantify the risk model’s predictive accuracy. An
area under the curve (AUC) >0.6 was considered indica-
tive of acceptable model performance. Risk score and
survival status distributions across groups were analyzed.
Furthermore, to validate the biological relevance of prog-
nostic genes, the expression levels of these genes in the
two groups were compared. A heatmap was generated
with the ComplexHeatmap package (v.2.14.0) to visualize
differential expression patterns.

Prognostic gene distribution analysis across key cell
clusters

To investigate the spatial distribution of prognostic genes
within key cell clusters and assess their expression pat-
terns across distinct subpopulations, they were mapped
onto the UMAP coordinates. For quantitative analysis,
violin plots were generated with ggplot2 to visualize the
expression levels of each prognostic gene.

GSEA and correlation analysis for prognostic genes and
IGF2BP3

To ascertain the biological pathways associated with
prognostic genes and insulin-like growth factor 2
mRNA-binding protein 3 (IGF2BP3) in WT, GSEA was
performed. IGF2BP3 is an RNA-binding protein that
is significantly upregulated in WT and promotes cell
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proliferation and survival by stabilizing /GF2 mRNA
and enhancing IGF2/IGFIR axis activity. Addition-
ally, IGF2BP3 promotes the invasion and metastasis
of WT cells by regulating the EMT (Epithelial-Mesen-
chymal Transition) process. For each prognostic gene,
WT patients with survival information in the TARGET-
WT cohort were divided into high- and low-expres-
sion groups, based on the median expression value of
these genes. Differential expression analysis between
the two groups was carried out with the DESeq2 pack-
age (v.1.38.0). Prognostic genes were ranked in log,FC
descending order. GSEA was subsequently implemented
using the ClusterProfiler package (v.3.16.0) to identify
enriched pathways. The analysis employed the c2.cp.
kegg.v7.5.1.symbols.gmt gene set from the MSigDB data-
base (JNES| >1, p<0.05, and false discovery rate (FDR)
<0.25). The top 5 most significantly enriched pathways
were selected for visualization. To explore the IGF2BP3-
specific pathway, the same GSEA workflow was applied.
To assess the associations between prognostic genes
and IGF2BP3, Spearman correlation analysis was imple-
mented with the R package psych (v.2.2.5) [34]. The anal-
ysis utilized transcriptomic data from WT samples with
survival information in TARGET-WT. For each prognos-
tic gene and IGF2BP3, pairwise correlation coefficients
(cor) were calculated (|cor| >0.3, p<0.05).

Immune cell infiltration analysis based on risk stratification
To evaluate heterogeneity in the immune microenviron-
ment between the high- and low-risk groups, immune
cell infiltration analysis was performed. A curated gene
set comprising 28 immune cell type—specific signatures
was obtained from published literature [35]. Single-
sample GSEA was instigated with the GSVA package
(v.1.49.4) [36] to calculate the relative infiltration levels of
these immune cells across the 50 WT samples with sur-
vival information. Differences in immune cell infiltration
between the two groups were assessed using the Wil-
coxon test. Immune cell types showing statistically signif-
icant differences (p<0.05) were defined as differentially
infiltrated immune cells. To explore associations between
risk scores, prognostic genes, and differentially infiltrated
immune cells, Spearman correlation analysis was admin-
istered using psych (|cor|) >0.3, p<0.05).

Immune checkpoint gene analysis for risk stratification

To investigate the correlation between immune check-
point gene expression and risk scores in WT samples,
immune checkpoint genes were analyzed based on
the established high- and low-risk groups. A list of 79
immune checkpoint genes was obtained from the pub-
lished literature [37] (Additional File 1). Differential
expression of these genes between the two groups was
compared using the Wilcoxon test. Immune checkpoint
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genes with statistically significant expression differences
(p<0.05) were identified as differentially expressed. Sub-
sequently, cor values were calculated using the psych
package (v.2.2.5) to evaluate the relationships between
risk scores and differentially expressed immune check-
point genes (|cor| >0.3, p<0.05).

Drug prediction and compound-protein interaction
prediction

Potential therapeutic compounds targeting WT were
identified using two complementary approaches. First,
drug prediction was performed using the Drug Signa-
tures Database (DsigDB; http://dsigdb.tanlab.org/) to
identify compounds that interact with proteins encoded
by the prognostic genes and IGF2BP3. Second, com-
pounds interacting with these proteins were retrieved
from the Comparative Toxicogenomics Database
(CTD; https://ctdbase.org/). After merging these two
sources and removing duplicates, unique compounds
were obtained. Compounds lacking Simplified Molecu-
lar Input Line Entry System (SMILES) representations
and compounds with an excessively long SMILES string
(deemed too structurally complex for reliable predic-
tion) were excluded. Consequently, the remaining com-
pounds were retained for subsequent analysis. To screen
for compounds with potential binding affinity to the pro-
teins encoded by these genes and evaluate their thera-
peutic relevance, a GraphBAN framework was used to
perform compound-protein interaction (CPI) predic-
tion. GraphBAN integrates graph neural networks with
attention mechanisms to specifically predict interac-
tions between drug compounds and target proteins. The
model was trained on an integrated dataset compris-
ing interactions from three established CPI databases:
BindingDB (https://www.bindingdb.org), the KIBA dat
aset (https://pubs.acs.org/doi/10.1021/ci400709d), and
the BioSNAP dataset (http://snap.stanford.edu/biodata).
SMILES strings for the retained compounds were pro-
grammatically acquired from the PubChem database (h
ttps://pubchem.ncbi.nlm.nih.gov/). Molecular features
were extracted using two complementary approaches:
(1) molecular graph representations processed via Graph
Convolutional Neural Networks, and (2) molecular
embeddings generated using ChemBERTa. Amino acid
sequences and Protein Data Bank structural information
for the target proteins were obtained from the UniProt
database (https://www.uniprot.org; accessed October
16, 2025). Protein embeddings were constructed using
a combination of one-dimensional convolutional neu-
ral networks applied to the amino acid sequences and
features derived from evolutionary scale modeling. The
extracted compound molecular graph features and pro-
tein embedding features were input into the GraphBAN
model. GraphBAN utilizes a bidirectional attention
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Fig. 1 Single-cell transcriptomic atlas. (a) Quality-control metrics of single-cell RNA sequencing data. From left to right: number of genes detected per
cell (nFeature_rna), total mRNA molecules per cell (nCount_rna), mitochondrial gene percentage (percent_mt). Top: pre-QC cells; bottom: post-QC cells.
(b) Identification of highly variable genes. Red dots represent highly variable genes, and black dots represent nonvariable genes. (c) Principal component
analysis (PCA) of the top 50 principal components (PCs). The X-axis shows the empirical distribution of the observed data, and the Y-axis shows the theo-
retical distribution under the null model. (d) Scree plot of PCA dimensionality reduction. The X-axis represents the PCs, and the Y-axis represents the SD,
showing the variance contribution. (e-1) UMAP visualization of unsupervised cell clustering. (e-2) marker gene expression patterns across annotated cell
types. The X-axis shows marker genes, and the Y-axis shows cell types. Yellow intensity reflects expression levels. (e-3) PCA of cell populations. (f) UMAP
plot colored by patient identity, showing the distribution of cells across different samples. (g-1) subgroup clustering results after UMAP dimensionality
reduction. (g-2) Comparative cell type composition between normal and tumor tissues. (h) Proportional distribution of major cell types across samples.
(i) Cell cycle phase distribution across annotated cell types. The X-axis shows cell cycle phases, and the Y-axis shows proportional cell type distribution.
(j) UMAP projection of cell cycle phases within subpopulations. Colors represent different cell cycle phases. (k) Cell cycle phase proportions within each

cellular subpopulation. The X-axis shows the percentage of cells, and the Y-axis shows annotated cell types

mechanism to capture and weight local interaction pat-
terns between compound and protein pairs. The model
outputs the interaction probability (ranging from 0 to 1)
for each compound-protein pair. A probability threshold
of >0.5 was used to define potential binding interactions.
Potential drug CPI pairs identified by GraphBAN were
visualized using Cytoscape.

Statistical analysis

Bioinformatics analyses were performed in R (v.4.3.1).
Comparative analysis of data from different groups
was conducted using the Wilcoxon test (p<0.05). For
analyses involving multiple comparisons, p-values were
adjusted using the Benjamini—Hochberg FDR method,
and adjusted p-values were used to determine statistical
significance.

Results

Single-cell landscape of WT reveals distinct cell type
compositions and proliferative states

Initial quality-control filtering yielded 46,301 cells and
42,612 genes (Fig. la). Highly variable genes, such as
EMCI0, PTPRO, MAGI2, and SLC26A7, were identi-
fied (Fig. 1b). PCA demonstrated significant explanatory
power for the first 50 PCs (all p<0.05), with the vari-
ance contribution stabilizing beyond PC35 (Fig. 1c—d).
Consequently, the first 35 PCs were selected for clus-
tering, yielding 23 distinct cell clusters (Fig. 1e—1). Cell
type annotation resolved 17 cell types, including other
epithelial, proximal tubule S1 (PT_S1), renal progenitor
cells (NPCs), medullary thick ascending limb (M_TAL),
tumor cells, distal convoluted tubule segment 1, endothe-
lial, injured proximal tubule cells (iPT), podocytes, myo-
fibroblast (myoFib), mesenchymal, glomerular mesangial
cells (GS_stromal), parietal epithelial cells, renal collect-
ing duct epithelial cells A (IC_A), IC_B, fibroblasts, and
lymphocytes (Figs. 1le—2—3). PCA visualization colored
by patient identity revealed partially overlapping distri-
butions across samples, rather than clear separation by
patient origin, suggesting that clustering patterns were
not solely driven by patient-specific effects (Fig. 1f).
Comparative analysis revealed marked compositional

differences between tumor and normal tissues. M_TAL
and PT_S1 dominated the normal samples, whereas
tumor specimens exhibited enrichment of other epithe-
lial cells and NPCs (Fig. 1g—h). Cell cycle phase distri-
bution analysis revealed cell type—specific proliferation
patterns, with other epithelial cells showing elevated
G1-phase proportions compared to the PT_S1 and M_
TAL populations, which exhibited higher G2M-phase
contributions (Fig. 1i). Notably, G2M-phase cells consti-
tuted the majority across all cell clusters (Fig. 1j). Further
stratification revealed that G2M/S-phase dominance
was conserved across most cell clusters, except for other
epithelial cells and lymphocytes, where G1-phase cells
predominated (Fig. 1k). These findings revealed distinct
proliferative states between tumor-associated and nor-
mal renal epithelial clusters.

Dynamic cellular trajectories and intercellular
communication in the TME

PCA revealed strong discriminatory power across the
first 30 PCs, enabling tumor cells to be stratified into
17 distinct clusters (Figs. 2a—1-2). Pseudotemporal tra-
jectory analysis delineated three developmental states
(statel, early; state2/3, late), suggesting a potential differ-
entiation continuum in which tumor cells transition from
mature states (left trajectory) to recently differentiated
phenotypes (right trajectory; Figs. 2b—1-2). Cluster-level
trajectory mapping demonstrated an early differentiation
characteristic of cluster 5 vs. late-stage features in clus-
ters 0 and 2 (Figs. 2b-3). CytoTRACE analysis revealed
distinct differentiation states across clusters. Specifi-
cally, clusters 14, 4, and 22 exhibited higher develop-
mental potential, suggesting earlier differentiation states,
whereas clusters 1, 3, and 7 showed more differentiated
features (Figs. 2b—4). Sample-specific cluster distribu-
tion analysis demonstrated substantial TME heterogene-
ity across specimens. WT_1 was dominated by cluster 1,
WT_2 by cluster 0, and WT_3 by cluster 2 (Fig. 2c). Dif-
ferential expression analysis identified 4,162 cDEGs, with
KEGG enrichment revealing 87 significantly enriched
pathways (p <0.05), such as the ribosome, Rap1 signaling,
and the PI3K-Akt pathway (Fig. 2d and Additional File 2).
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Fig. 2 Single-cell characterization of Wilms tumor heterogeneity, developmental trajectories, and cell-cell communication. (a-1) PCA results of tumor
cell samples. (a-2) Clustering of tumor cell samples. (b-1) Distribution of cell subpopulations. (b-2) Developmental state distribution of cells. (b-3) Classifi-
cation of cell clusters based on differentiation status. (b-4) CytoTRACE analysis of tumor cell differentiation states. (c-1) Correspondence between cell sub-
populations and sample origins. The left labels show sample names, and the right labels indicate cluster IDs. (c-2) Proportion of subpopulation cells across
individual samples. Stacked bars show the relative proportions of each cluster per sample. (d) Functional enrichment of differentially expressed genes
across subpopulations. Red indicates more significant pathways, and the dot size demonstrates gene count. (e-1) Interaction frequencies among all cells.
The heatmap shows the number of interactions between cell types. (e-2) Interaction strength between cell types. Network edges represent communi-
cation intensity between populations. (f) Ligand-receptor interaction probability. Red bubbles indicate stronger predicted interactions between pairs

Cell-cell communication analysis uncovered an interac-
tion network, with cluster 2 exhibiting higher commu-
nication frequency and intensity with clusters 10 and 16
(Fig. 2e). Furthermore, cell-cell communication analysis
revealed multiple ligand-receptor interactions across
tumor cell clusters. Among these interactions, NRG1-
ERBB4 and NRG3-ERBB4 displayed the strongest sig-
naling intensity and statistical significance (p<0.01) in
the interaction network. Specifically, NRG1-ERBB4
signaling connected cluster 16 with clusters 0, 10, and
11, whereas NRG3-ERBB4 signaling linked cluster 2 to
clusters 0, 10, and 11 (Fig. 2f). These findings collectively
characterize the dynamic evolution and heterogeneity
within the TME and suggest potential signaling interac-
tions associated with tumor progression.

Epithelial cells might be central regulators of the TME

We identified 10 distinct epithelial clusters, including
PT_S1, NPC, and IC_A/B, which were collectively cat-
egorized as epithelial. Similarly, four tumor-associated
fibroblast subtypes (myoFib, fibroblasts, mesenchymal,
and GS_stromal) were collectively identified as cancer-
associated fibroblasts. UMAP visualization demon-
strated complete segregation between normal and tumor
epithelial cells with minimal overlap (Fig. 3a—d). Thus,
epithelial cells were designated as the key cell clusters
for subsequent analyses. Functional enrichment of epi-
thelial cells revealed marked activation of ion transport
pathways, such as Na-permeable kainate receptors and
proton-coupled neutral amino acid transporters, as well
as abacavir metabolism (Fig. 3e). Moreover, compara-
tive analysis identified 1,360 sDEGs between tumor and
adjacent epithelial cells, with 669 upregulated genes (e.g.,
COL2A1, SFRP2, and MDK) and 691 downregulated
genes (e.g., UMOD, GP2, and AFM) in tumor epithelial
cells (Figs. 3f—1-2-3). Subsequently, GSEA identified 13
tumor-associated pathways, including the ribosome, adi-
pocytokine signaling pathway, and aldosterone-regulated
sodium reabsorption (Fig. 3g). The distinct molecular
signature of tumor epithelial cells suggests their potential
involvement in oncogenic niche formation. These find-
ings collectively indicate that epithelial cells may contrib-
ute to TME remodeling.

Identification of key genes in the TME

Differential expression analysis of the GSE197047 dataset
revealed 2,094 DEGs, including 1,253 upregulated and
841 downregulated genes, in tumor tissues compared to
adjacent tissues (Fig. 4a—b). Intersection analysis with
single-cell transcriptomic data identified 405 sDEGs
and DEGs2, designated as key genes (Fig. 4c). Subse-
quently, GO analysis highlighted 337 terms, with top
terms including apical plasma membrane, renal system
development, and solute/sodium symporter activity (Fig.
4d and Additional File 3). KEGG pathway analysis also
implicated four pathways, including one carbon pool by
folate, protein digestion and absorption, parathyroid hor-
mone synthesis, secretion, and action, and aldosterone-
regulated sodium reabsorption (Fig. 4e). Additionally,
PPI network analysis resolved 330 key genes into a cohe-
sive network with 1,057 interactions. EZH2, EGF, and
PPARG may play pivotal regulatory roles in TME modu-
lation (Fig. 4f).

Prognostic model construction and validation

To establish a robust prognostic signature, single-variable
Cox regression analysis revealed 11 candidate prognos-
tic genes, including seven risk genes (PRLR, SLC16A7,
SGIP1, PPARGCIA, MAP3KI15, MME, and UGT2B7;
HR>1) and four protective genes (CDHRS5, GRB7,
FKBPI10, and HSD11B2; HR<1; Fig. 5a). PH assump-
tion testing excluded MAP3KI15 (p<0.05), retaining 10
PH-compliant genes for subsequent modeling (Fig. 5b).
LASSO regression analysis optimized model perfor-
mance at lambda.min=0.1268364, selecting eight genes
(PRLR, SLC16A7, SGIP1, PPARGC1A, CDHR5, GRB7,
FKBP10, and UGT2B7) with non-zero coefficients to
construct the final prognostic signature (Fig. 5c). The risk
score, calculated as a weighted sum of gene expression
levels (coefficients provided in Table 1), effectively strati-
fied patients into high- and low-risk groups. K-M analy-
sis revealed significantly shorter survival for patients in
the high-risk group (p <0.0001; Fig. 5d). 50 patients with
WT having complete survival information were included;
all experienced events during follow-up. The follow-up
time ranged from 0.49 to 7.16years, with a median fol-
low-up time of 1.55years. Time-dependent ROC curves
indicated modest predictive ability, with AUC values
exceeding 0.6 at 1-, 2-, and 3-year intervals (Fig. 5e). Risk
score distribution analysis revealed a progressive decline
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Fig. 3 Single-cell characterization of epithelial cell heterogeneity and functional remodeling in Wilms tumor. (a) PCA of all cell clusters. (b) Marker gene
expression heatmap across the annotated cell clusters. (c) UMAP visualization of single-cell clusters after annotation, colored by tissue group. (d) UMAP
projection of epithelial cell subsets stratified by tissue origin. (e) Functional enrichment analysis of key epithelial subpopulations. The intensity indicates
enrichment significance. (f-1) Manhattan plot displaying sDegs in tumor vs. normal epithelial cells. (f-2) heatmap of epithelial SDEG expression patterns.
(f-3) symmetric bar plot showing expression levels of the top 50 sDegs. (g) GSEA revealing 13 tumor-associated pathways in epithelial cells

in survival time with increasing scores (Fig. 5f). Expres-
sion profiling of prognostic genes showed elevated lev-
els of risk-associated genes (PRLR, SLCI16A7, SGIPI,
PPARGCIA, and UGT2B7) in the high-risk groups,
whereas CDHR5, GRB7, and FKBPI10 exhibited low
expression in the high-risk group (Fig. 5g). The model
showed preliminary prognostic value for risk stratifica-
tion in the TARGET-WT cohort, although further valida-
tion in larger independent cohorts is required.

Functional characterization of prognostic genes

The expression patterns of the eight signature genes
(PRLR, SLC16A7, SGIP1, PPARGCI1A, CDHR5, GRB7,
FKBP10, and UGT2B7) were mapped across 10 epithe-
lial clusters. UMAP visualization demonstrated broad
expression of these genes across all epithelial subpopu-
lations (Fig. 6a). Notably, GRB7 and UGT2B7 exhib-
ited peak expression in iPT cells, whereas other genes
showed distinct subcluster-specific dominance (Fig.
6b). Functional enrichment analysis revealed pathway
divergence among prognostic genes. The protein prod-
ucts of CDHRS5, FKBPI10, GRB7, IGF2BP3, and SGIPI
were significantly enriched in the ribosome, oxidative
phosphorylation, and neurodegenerative pathways (Par-
kinson’s disease and Alzheimer’s disease). GRB7 was
additionally associated with cardiac muscle contrac-
tion, whereas SGIP1 was linked to cytokine-receptor
interactions (Figs. 6c—1-5). PPARGC1A coordinates
extracellular matrix (ECM) remodeling (ECM-receptor
interactions) and cancer-related pathways (focal adhe-
sion; Figs. 6¢—6). PRLR and SLC16A7 converged on car-
diomyopathy pathways (hypertrophic cardiomyopathy);
PRLR was also implicated in neuroactive ligand—receptor
signaling and SLC16A7 in antigen presentation (Figs. 6¢c—
7-8). UGT2BY7 is uniquely associated with systemic lupus
erythematosus alongside metabolic and neurodegenera-
tive pathways (Fig. 6¢c-9). Correlation analysis uncovered
coordinated regulatory networks. UGT2B7 and SGIsPI
showed the strongest positive association (cor=0.44,
p<0.001). Furthermore, IGF2BP3 was positively cor-
related with PRLR (cor=0.35, p<0.01) and PPARGCIA
(cor=0.32, p<0.05). Conversely, GRB7 and SGIPI
showed the strongest negative relationship (cor=-0.42,
p<0.05; Fig. 6d). These results collectively delineate an
organized functional architecture in which prognos-
tic genes operate through distinct yet interconnected
pathways. The observed correlation networks may high-
light coordinated transcriptional programs governing

epithelial plasticity, suggesting that these genes may be
involved in TME remodeling.

Immune landscape and checkpoint profiling across risk
groups

Immune infiltration analysis revealed distinct microen-
vironmental features, with neutrophils and B cells show-
ing lower relative infiltration levels than other immune
cells (Fig. 7a). Comparative immune infiltration analy-
sis between the high- and low-risk groups revealed sig-
nificant differences in four immune cell types. Monocyte
infiltration was markedly reduced in high-risk patients,
whereas gamma-delta T cells (y§ T cells), natural killer T
cells (NKTs), and regulatory T cells (Tregs) showed ele-
vated infiltration levels in this group (Fig. 7b). Addition-
ally, risk scores demonstrated strong positive correlations
with NKTs (cor=0.50, p<0.001) and Tregs (cor=0.49,
p<0.001; Fig. 7c). Furthermore, y& T cells were posi-
tively associated with SGIPI (cor=0.515, p<0.001) but
inversely associated with CDHRS5 (cor =-0.466, p <0.001)
and GRB7 (cor=-0.435, p<0.01) expression. Monocytes
exhibited a strong positive association with CDHRS
(cor=0.403, p<0.0001), whereas NKTs showed dual asso-
ciations: a positive correlation with SGIPI (cor=0.528,
»<0.001) and UGT2B7 (cor=0.369, p<0.0001), and neg-
ative correlations with GRB7 (cor=-0.362, p<0.0001)
and FKBPIO (cor=-0.382, p<0.0001). Tregs demon-
strated coordinated regulation with SGIPI (cor=0.518,
p<0.0001), PPARGCIA (cor=0.465, p<0.0001), and
UGT2B7 (cor=0.426, p<0.0001), but antagonism with
GRB?7 (cor=-0.374, p<0.0001; Fig. 7d). Immune check-
point analysis identified six differentially expressed genes
(BTN2A2, HLA-DRBS5, ICOS, KIR3DL3, PDCDI, and
TNFRSF9) between risk groups (Fig. 7e). Risk scores
exhibited a positive association with TNFRSF9 (cor >0.5,
»<0.001) and KIR3DL3 (cor>0.3, p<0.01). Conversely,
BTN2A2 exhibited an inverse association (cor<-0.03,
p<0.01; Fig. 7f). These findings collectively delineate an
immune microenvironment in high-risk patients charac-
terized by enhanced infiltration of Treg subsets and coor-
dinated expression of immune checkpoint genes. The
inverse relationship between monocyte infiltration and
risk scores, coupled with the strong associations between
prognostic genes and immune cell dynamics, suggests
potential interactions between epithelial transformation
and immune regulatory alterations.
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Fig.4 Identification and functional characterization of key genes in the Wilms tumor microenvironment (TME). (a-1) Volcano plot of DEGs in Wilms tumor
vs. normal tissues. Red points indicate upregulated genes. Blue points indicate downregulated genes. Gray points represent nonsignificant genes. The
top 10 most significantly upregulated and downregulated genes are labeled. (a-2) Heatmap of DEGs across Wilms tumor and normal samples. The upper
panel displays expression density with quantiles and mean lines. The lower panel shows gene expression levels, with red indicating high expression and
cyan indicating low expression. Sample groups are color-coded, with red for tumors and blue for normal tissues. (b) Venn diagram of key gene overlaps
between sDegs and bulk RNA-seq DEGs. The intersection revealed 405 shared genes identified as key genes in the TME. (c) GO enrichment analysis of
key genes in the Wilms TME. Bar height represents term significance, and color intensity reflects the z-score. The outer ring displays gene expression
levels per term, with red indicating upregulation and blue indicating downregulation. KEGG pathway descriptions are provided for reference. (d) KEGG
pathway enrichment of key genes. Genes are grouped by associated pathways, with red indicating upregulation and blue indicating downregulation in
tumor versus normal tissues. (e) Protein—protein interaction network of key genes. Node darkness corresponds to degree centrality, and edge thickness

represents interaction strength. EZH2, EGF, and PPARG emerged as central regulatory hubs

Identification of chitosan as a potential multitarget
interaction candidate

To predict compounds that potentially interact with
the nine identified target genes and to identify novel
therapeutic candidates, we leveraged bioinformatics
approaches. In total, 247 compounds were obtained from
DsigDB, whereas 482 compounds with interaction rela-
tionships to the target genes were retrieved from CTD.
Following compound merging and deduplication, 708
unique compounds were identified. Subsequent filtering
excluded 204 compounds lacking SMILES representa-
tions and one compound with excessively long SMILES,
resulting in a final set of 503 compounds for combina-
tion with the nine target genes. Using GraphBAN for
screening, 25 compound-protein pairs were identified,
encompassing eight proteins (excluding GRB7) and eight
compounds. Notably, chitosan interacted with all eight
proteins, whereas potassium dichromate interacted with
PPARGCI1A, UGT2B7, IGF2BP3, and SGIP1. Additional
interactions included perfluorooctane sulfonic acid, iver-
mectin, perfluoro-n-nonanoic acid, perfluorodecanesul-
fonic acid, sirolimus, and perfluorooctanoic acid (Fig.
8). These findings suggest that the identified drug com-
pounds, particularly chitosan, with its broad interaction
profile, might interact with the target proteins and serve
as candidates for experimental validation.

Discussion
WT, the most common pediatric kidney malignancy,
presents with a heterogeneous TME, with unclear impli-
cations for clinical prognosis [38—40]. Our single-cell
analysis unveiled significant cellular differences between
WT and normal kidney tissue, highlighting a distinct epi-
thelial cell landscape in these tumors. More importantly,
we identified eight TME-related core prognostic genes
and constructed a prognostic risk assessment model. This
model demonstrated preliminary prognostic value in
the TARGET-WT cohort. Furthermore, our preliminary
mechanistic exploration of these prognostic genes pro-
vides novel insights into WT pathogenesis and suggests
potential therapeutic targets.

Single-cell transcriptomic analysis revealed significant
differences in the cellular composition between WT and

adjacent normal kidney tissue. Normal renal tissue was
predominantly composed of functionally mature PT_S1
and M_TAL cells. This composition aligns with their cru-
cial physiological roles in maintaining renal homeostasis,
including reabsorption of substances and urine concen-
tration, reflecting the mature and stable state of normal
tissue [41, 42]. Conversely, other epithelial cell subpopu-
lations and renal progenitor cells predominated in WT
tissue. Notably, these tumor epithelial cells were primar-
ily in the G1 phase. This observation suggests that they
may be in a relatively quiescent yet “primed” state with
proliferative potential, or it could reflect aberrant cell
cycle checkpoint regulation that delays their progression
into the S phase [43]. Crucially, our dynamic trajectory
analysis suggests a potential differentiation trend from a
mature to an epithelial/undifferentiated phenotype. This
“atavistic” shift toward an undifferentiated state is a key
hallmark of malignant tumor evolution. Undifferentiated
cells typically show enhanced proliferative capacity, inva-
siveness, and treatment resistance [44—46]. This dynamic
process suggests that WT may continuously generate
more aggressive and drug-resistant cell clones during
its development, driving persistent tumor progression
and metastasis. This provides cellular-level evidence for
understanding WT mechanisms. However, RNA velocity
analysis was not performed in this study; therefore, the
inferred trajectory direction should be interpreted with
caution.

A key translational outcome of this study is the con-
struction and validation of a prognostic model consist-
ing of eight genes: PRLR, SLCI6A7, SGIP1, PPARGCIA,
CDHRS, GRB7, FKBP10, and UGT2B7. This model
effectively distinguished the survival outcomes of WT
patients; those in the high-risk group had a significantly
shorter median survival. Furthermore, ROC curve analy-
sis demonstrated that the model had modest predictive
ability at different time points. These findings suggest
that the model may have value as a molecular tool for
WT risk stratification. In clinical practice, this model
could provide a preliminary basis for identifying WT
patients with different risk profiles, although additional
validation is required before clinical application. For
example, it could direct high-risk patients toward more
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Fig. 5 Construction and validation of the 8-gene prognostic signature for Wilms tumor survival prediction. (a) Univariate Cox regression analysis of
candidate prognostic genes. The red dots represent hazard ratios (HR), and the blue lines indicate confidence intervals. (b) Schoenfeld residual test for
the proportional hazards (PH) assumption. The solid line is a smoothed spline fit, and the dashed lines represent +2 SE ranges around the fit. Parallel
lines relative to the X-axis suggest agreement with the PH assumption, and the coefficients 31, 32, and 33 are assumed to be time-invariant. (c-1) LASSO
regression analysis for prognostic gene selection. Cross-validation curve showing retained genes across different regression models, with the lower X-axis
as log(\) and the upper X-axis as the corresponding gene count. (c-2) LASSO coefficient profiles of prognostic genes. Colored lines represent regression
trajectories of individual genes, with the X-axis as log(A). (d) Kaplan-Meier survival analysis of the training cohort. (e) Time-dependent ROC curves of the
training cohort. The X-axis, the false-positive rate, reflects the proportion of negative samples incorrectly predicted to be positive, whereas the Y-axis, the
true positive rate, indicates correctly predicted positive samples. AUC values measure model discrimination, with higher values signifying better perfor-
mance. (f-1) risk score distribution in the training cohort. Red dots denote high-risk samples, and blue dots represent low-risk samples. (f-2) survival status
between the risk groups in the training cohort. Red dots indicate deceased patients, blue dots represent survivors, and the dashed line shows the optimal

risk score threshold. (g) Expression profiles of prognostic genes in the training cohort

intensive adjuvant chemotherapy regimens or enrollment
in clinical trials of novel targeted drugs [47-49].

To further understand our prognostic model, we used
GSEA to examine the potential functions of these core
genes. The prolactin receptor (PRLR) is a transmem-
brane cytokine receptor that, upon binding to its primary
ligand prolactin (PRL), initiates intracellular signaling
cascades, primarily activating the JAK2-STAT5 pathway
[50]. In addition to JAK-STAT, PRLR signaling exhib-
its cross-talk with other pathways, such as MAPK/ERK,
PI3K/AKT, and Src [51]. In renal cancer, components of
the prolactin signaling axis, including PRLR, may be dys-
regulated, contributing to renal cancer cell proliferation
[52]. Our study connected PRLR to neuroactive ligand—
receptor interaction pathways. Given the known neuro-
modulatory effects of PRL and the significant influence
of the nervous system on tumor growth and metastasis
through various neuropeptides and neurotransmitters
[53, 54], PRLR in WT may not only regulate intrinsic
tumor cell behavior but also mediate cross-talk between
tumor cells and neural components within the TME,
potentially influencing tumor progression.

Monocarboxylate transporter 2 (SLC16A7 or MCT?2) is
a key member of the solute carrier family 16 (SLC16), a
group of proton-coupled monocarboxylate transporters.
SLCI6A7 expression is dysregulated in various malignan-
cies, affecting tumor initiation, progression, and immune
responses [55]. In bladder cancer, decreased SLC16A7
expression is associated with tumor progression, and res-
toration inhibits cancer cell proliferation while promot-
ing CD8" T cell chemotaxis and tumor-killing capacity
[56]. Conversely, studies in prostate cancer have reported
increased MCT2 expression in tumors [57], suggesting
a context-dependent role. The precise balance of lactate
import and export, influenced by various MCT isoforms,
dictates tumor metabolic flexibility and invasiveness. Our
GSEA analysis linked SLCI6A7 to antigen presentation
pathways, suggesting a potential role in modulating the
immune status of the WT microenvironment.

UDP-glucuronosyltransferase 2 family polypeptide
B7 (UGT2B7) is an important member of the UGT
superfamily, and its role is often associated with the

metabolism of endogenous hormones and chemothera-
peutic drugs, which influences both carcinogenesis
and treatment response. In many cancers, altered UGT
expression affects the bioavailability of procarcinogens or
anticancer drugs. For instance, in breast cancer, UGT2B7
plays a role in the metabolism of estrogen and its deriva-
tives; altered activity affects the estrogen level, which is
a critical driver of hormone-sensitive breast cancers [58].
The kidney is a primary site of UGT expression, where
these enzymes contribute to detoxification and sub-
stance elimination. Given that WT is a pediatric kidney
cancer, the metabolic machinery of renal tissue, includ-
ing UGT2B7, is intrinsic to its cellular environment. The
metabolism of certain chemotherapeutic drugs used in
WT treatment may be influenced by UGT2B7 activity,
affecting drug pharmacokinetics and efficacy. Our study
identified LUGT2B7 as a core prognostic gene in WT. A
notable finding from our drug screening analysis was that
estradiol (E2) may target proteins encoded by six genes
in our prognostic model, including UUGT2B?7 itself. This
suggests a more complex relationship between hormone
signaling and the identified prognostic gene network in
WT than previously understood. Given the direct role
of UGT2B7 in E2 metabolism, this finding suggests a
potential feedback loop or regulatory axis in which E2
levels, influenced by UGT2B7, may affect the expression
or activity of other prognostic genes, impacting tumor
behavior.

Peroxisome proliferator-activated receptor gamma
coactivator 1-alpha (PPARGCI1A or PGC-1a) is a tran-
scriptional coactivator critical for regulating cellular
energy metabolism. It coordinates the expression of
genes involved in mitochondrial biogenesis, oxidative
phosphorylation, fatty acid oxidation, and gluconeogen-
esis [59]. In some cancers, PPARGCIA is a tumor sup-
pressor, and its downregulation promotes glycolysis and
tumor growth. Conversely, in other cancer types, par-
ticularly highly metabolic tumors, elevated PPARGCIA
expression fuels mitochondrial oxidative phosphoryla-
tion, supporting rapid proliferation and drug resistance
[60]. Some studies have indicated that PPARGCI1A influ-
ences tumor initiation, progression, and prognosis in
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Table 1 LASSO-derived coefficients and functional annotations
of the 8 prognostic genes in Wilms tumor

Gene coef

PRLR 0.44423766
SLC16A7 0.55279684
SGIP1 0.13282253
PPARGCTA 0.32674898
CDHR5 —0.24155525
GRB7 —0.11540579
FKBP10 —043312477

renal cancer [61]. Our study identified PPARGCIA as a
core prognostic gene in WT; its role as a key regulator of
mitochondrial biogenesis and energy metabolism aligns
with findings in other cancers. Aberrant PPARGCIA
expression may remodel tumor cell metabolic patterns to
adapt to rapid proliferative demands.

Cadherin-related family member 5 (CDHR5), a mem-
ber of the cadherin superfamily, is believed to participate
in cell-cell adhesion. It may influence cell signaling path-
ways that control cell behavior, including proliferation
and differentiation [62]. Aberrant cadherin expression is
frequently observed in renal cancer, in which it promotes
tumor growth and metastatic potential [63]. Given that
WT originates from undifferentiated renal blastema,
aberrations in normal cell adhesion and developmental
processes are intrinsically related to its pathogenesis. We
identified CDHRS as a core prognostic gene whose down-
regulation may weaken cell adhesion. Reduced CDHR5
expression may lead to the more aggressive, dedifferenti-
ated phenotype observed in high-risk tumors.

Growth factor receptor-bound protein 7 (GRB7) is
an adaptor protein belonging to a small family of SH2-
domain-containing proteins that interact with numerous
receptor tyrosine kinases. It participates in various cel-
lular processes, including cell proliferation, migration,
and differentiation [64—66]. GRB7 is a well-recognized
oncogene in breast cancer and is often coamplified with
HER2/ERBB2 on chromosome 17q. This coamplifica-
tion enhances HER2 signaling, promoting aggressive
tumor phenotypes, increased proliferation, and therapy
resistance. In bladder cancer, a key mechanism by which
GRB7 exerts oncogenic effects is by activating the clas-
sical PI3BK/AKT pathway, amplifying signals that drive
tumor cell growth, survival, and invasion [67]. We found
that GRB7 is a core prognostic gene in WT and that high
expression may drive malignant progression. This aligns
with its role in other cancers as an oncogenic adaptor
protein activating key procancer signaling pathways like
RAS/RAF/MEK/ERK [64—66]. Our results suggest that
GRB?7 acts as a critical mediator of oncogenic signaling in
WT cells, contributing to their proliferative and invasive
capabilities.
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FKBP prolyl isomerase 10 (FKBP10) is a member of the
FK506-binding immunophilin family. It is a large endo-
plasmic reticulum-resident immunophilin involved in
protein folding and quality control. Beyond protein fold-
ing, FKBPs interact with various signaling molecules,
influencing diverse cellular processes, including immune
responses, cell growth, and stress responses [68, 69]. In
renal cancer, FKBPI0 is significantly upregulated, pro-
moting tumor cell proliferation, migration, and inva-
sion. It also enhances the progression of clear cell renal
cell carcinoma by regulating LDHA phosphorylation
and modulating sensitivity to HIF2«a blockade. Further-
more, FKBP10 promotes glioblastoma cell proliferation
by activating the AKT-CREB-PCNA axis [70, 71]. Given
the pro-oncogenic role of FKBP10 in other tumor types,
our study suggests a similar mechanism may exist in WT,
implying that FKBP10 could be a key mediator of WT
cell invasion and metastatic potential. Direct functional
studies in WT models are needed to elucidate the pre-
cise mechanisms by which FKBP10 contributes to WT
pathogenesis.

SH3-domain GRB2-like endophilin B1 (SGIP1) is a less
characterized protein primarily functioning as an endo-
cytic adaptor. In addition to endocytosis, SGIP1 has been
implicated in autophagy and energy homeostasis regula-
tion [72, 73]. While it has not been as widely studied as
prominent oncogenes or tumor suppressors, evidence
suggests it may influence tumor cell growth, metabolism,
and patient prognosis. Our study suggests that SGIP1
may be associated with immune and metabolic pathways
in WT. Future functional studies are required to elucidate
the precise mechanisms by which SGIP1 participates in
WT pathogenesis, including its specific roles in meta-
bolic reprogramming and immune modulation, which
could provide novel targets for therapeutic intervention.

Furthermore, we found overlap in the pathway func-
tions of the m® A reader protein, IGF2BP3, and several
prognostic genes (e.g., CDHRS5, FKBP10, GRB7, and
SGIPI), particularly in core metabolic pathways like
ribosome biogenesis and oxidative phosphorylation.
IGF2BP3 maintains cell stemness by enhancing the sta-
bility of stemness gene mRNAs like SOX2 [74] and pro-
moting tumor invasion and metastasis [75, 76]. This
suggests that our prognostic gene network may synergize
with IGF2BP3-mediated m® A modification regulation,
thereby reprogramming tumor cell energy metabolism to
maintain tumor stem cell characteristics and malignant
phenotypes.

This study suggests potential immune regulatory
alterations within the TME of high-risk patients. We
observed a reduction in antitumorigenic monocyte infil-
tration, coupled with an increase in immunosuppressive
Tregs, y6 T cells, and NKTs. These immune alterations
may be associated with tumor—immune interactions
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Fig. 6 Functional characterization and interaction networks of prognostic genes in Wilms tumor epithelial cells. (@) Spatial distribution of prognostic
genes across epithelial cell clusters. The UMAP plot illustrates the expression patterns of the eight signature genes in distinct epithelial subpopulations.
(b) Expression levels of prognostic genes in epithelial cell clusters. Violin plots depict the differential expression of each gene Across key cell types, with
GRB7 and UGT2B7 showing peak expression in iPT cells. (c) Functional pathway enrichment of prognostic genes. GSEA results revealed distinct biological
pathways associated with each gene, including ribosome biogenesis, oxidative phosphorylation, and neurodegenerative diseases. (d) Correlation net-
work among prognostic genes and /IGF2BP3. Spearman analysis highlighted significant co-expression relationships, with asterisks indicating statistical
significance and numerical values representing correlation coefficients
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Fig. 7 Distinct immune landscape and checkpoint profiles stratify Wilms tumor risk groups. (a-1) Immune cell infiltration abundance in the high- and
low-risk groups. Darker blue indicates lower infiltration abundance, and darker orange indicates higher infiltration abundance. (a-2) Differential immune
cell infiltration analysis between the high- and low-risk groups. ***, **, and * denote p-values <0.001, 0.01, and 0.05, respectively. (b) Correlation analysis
between risk scores and differentially infiltrated immune cells. r-Spearman represents correlation values; the blue line indicates the trend, with a positive
slope indicating a positive correlation. (c) Correlation analysis between prognostic genes and differentially infiltrated immune cells. ***, **, and * denote
p-values <0.001,0.01,and 0.05, respectively. The numerical values represent correlation coefficients. Darker blue indicates a stronger negative correlation,
and darker red indicates a stronger positive correlation. (d) Boxplot visualization of immune checkpoint expression between high-and low-risk groups. (e)
Correlation analysis between risk scores and differentially expressed immune checkpoints. Colors represent different p-value ranges; larger dots indicate

higher absolute correlation values |cor|

within the TME. We also identified a close association
between the prognostic genes and immune cell infiltra-
tion. For example, monocyte infiltration was strongly
positively correlated with CDHRS expression, suggesting
a direct or indirect interaction that collectively impacts
cell adhesion and tumor invasion. Y8 T cells and NKT

cells exhibited robust correlations with multiple prog-
nostic genes, including SGIP1, GRB7, and FKBPI0. This
indicates that these immune cells undergo multifac-
eted signaling regulation within the TME and may exert
either protumorigenic or antitumorigenic effects by
influencing the expression of these genes. These findings
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Fig. 8 Gene-drug interactions and molecular docking analysis of prognostic targets in Wilms tumor: gene—drug interaction network of prognostic
genes and potential therapeutic agents. Blue nodes represent prognostic genes, and purple nodes indicate drug compounds

suggest a bidirectional cross-talk between epithelial
transformation and immune evasion: tumor epithelial
cells may influence immune microenvironment features
by expressing specific prognostic genes. Conversely, the
immune cells within this microenvironment and their
secreted cytokines may provide feedback to tumor cells,
promoting the maintenance and development of malig-
nant phenotypes [77]. Intriguingly, our drug screening
analysis identified E2 as a compound capable of targeting
proteins encoded by six genes in our prognostic model,
including UGT2B7, which plays a crucial role in hormone
metabolism. This finding not only suggests a potentially
overlooked role for hormone signaling pathways in W'T
but also opens new avenues for drug repurposing in WT
treatment [78]. Although this requires experimental vali-
dation, it provides a preliminary basis for future studies
exploring potential low-toxicity therapeutic strategies
for WT. However, these drug predictions are primarily
derived from computational analyses and require addi-
tional validation by experimental studies.

In summary, we comprehensively analyzed the com-
plex cellular heterogeneity and immune microenviron-
ment of WT by integrating single-cell and transcriptomic
data. We not only unveiled the dynamic trajectory of
tumor cell evolution toward an undifferentiated state
but also identified an eight-gene prognostic model with
potential predictive value. Crucially, this research illu-
minates the intricate interplay between epithelial cell

plasticity and immune evasion, providing additional per-
spectives for understanding the malignant progression of
WT. Despite our significant findings, this study has some
limitations. First, the relatively limited number of WT
samples with survival information (7 =50) may increase
the risk of model overfitting. Second, this study lacked
an independent external validation cohort, so the stabil-
ity and generalizability of the prognostic model need to
be validated in a larger dataset. SCRNA-seq analysis was
only performed on three pairs of tumor—normal tissue
samples, which may limit the generalizability of trajec-
tory inference. Meanwhile, this analysis may also be
affected by potential batch effects, and the results should
be validated in larger single-cell cohorts. Single-cell RNA
sequencing analysis used only three pairs of tumor-nor-
mal tissue samples, which may limit the generalability of
trajectory inference. At the same time, this analysis may
also be affected by potential batch effects. Therefore, the
relevant results still need to be further validated in larger
single-cell cohorts. Therefore, future research will focus
on bridging this gap by conducting in-depth functional
studies of the core genes in this eight-gene prognostic
model. The aim is to elucidate their mechanisms of action
at the molecular, cellular, and whole-organism levels,
providing robust experimental support for the clinical
translation of this prognostic model and the development
of targeted therapies.
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Conclusions

This study delineates the cellular and molecular land-
scape of WT using integrated single-cell and tran-
scriptomic analyses. The enrichment and potential
differentiation trajectories of tumor-specific epithelial
and progenitor cells were revealed, highlighting the
NRG1/3-Erbb4 signaling interaction. We established
an 8-gene prognostic signature (comprised of PRLR,
SLC16A7, SGIP1, PPARGCI1A, CDHRS, GRB7, FKBP10,
and UGT2B?7), which stratifies patients into distinct risk
groups with significant survival differences and was vali-
dated with time-dependent ROC analysis (AUC>0.6).
High-risk patients exhibited distinct immune microen-
vironment features characterized by elevated regula-
tory T cell infiltration and upregulated checkpoint genes
(TNFRSF9 and KIR3DL3). These genes play roles in met-
abolic reprogramming, immune evasion, and hormone
response pathways. Meanwhile, the computational drug
screening results suggest that chitosan may be a candi-
date compound worth further exploration in subsequent
studies. Our findings may offer insights into WT patho-
genesis and highlight a prognostic model with potential
clinical relevance as well as candidate therapeutic tar-
gets. Although our results require validation, this work
advances precision oncology approaches for WT man-
agement by linking cellular heterogeneity with clinical
outcomes, identifying actionable molecular vulnerabili-
ties within the tumor ecosystem.
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