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to enhance TILs function and improve prognosis
in ovarian and cervical cancers
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Abstract

Background Ovarian cancers (OC) and cervical cancers (CC) have poor survival rates. Tumor-infiltrating lymphocytes
(TILs) play a pivotal role in prognosis, but shared immune mechanisms remain elusive.

Methods We integrated single-cell RNA sequencing (scRNA-seq) and spatial transcriptomics (ST) to explore immune
regulation in OC and CC, focusing on the PI3K/AKT pathway and FLT3 as key modulators. Seurat and Harmony

were employed for batch correction and dimensionality reduction. FLT3 expression was mapped with spatial data
from 10x Genomics.

Results FLT3, identified as a regulator through the PI3K/AKT pathway, showed positive correlations with T cells, NK
cells, and B cells. FLT3-high regions exhibited increased immune infiltration, particularly in CC, enhancing survival
outcomes.

Conclusion This study provides the first spatially resolved evidence of FLT3's immune-modulatory role in OC and CC,
positioning it as a promising immunotherapeutic target. FLT3-targeted strategies may offer new options for patients
resistant to conventional therapies.

Keywords FLT3, PI3K/AKT pathway, Tumor-infiltrating lymphocytes (TILs), Ovarian cancer, Cervical cancer, Spatial
transcriptomics

Introduction

Ovarian cancer (OC) and cervical cancer (CC) are two of
the deadliest malignancies affecting women globally, with
five-year survival rates as low as 30-40% [1]. Develop-
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associated with improved outcomes in immunotherapy
[8, 9].TILs demonstrate clinical efficacy across various
solid tumors, including triple-negative breast cancer
[10], melanoma [11], lung cancer [12], ladder cancer [13],
renal cell carcinoma [14], penile cancer [15], sarcoma
[16], glioma [17], and pancreatic cancer [18] as well as
ovarian [19, 20] and cervical cancers [21, 22]. Their suc-
cess in clinical trials highlights their potential as both
prognostic markers and therapeutic agents.

Given the therapeutic relevance of TILs in OC and CC,
we hypothesize that shared signaling pathways regulate
their immune activity, mediated by common regulatory
genes that may serve as prognostic markers and thera-
peutic targets. To explore these mechanisms, we integrate
single-cell RNA sequencing (scRNA-seq) and spatial
transcriptomics (ST) data, leveraging these advanced
technologies to uncover molecular pathways and spa-
tial dynamics of immune responses. We began by ana-
lyzing T cells, the predominant immune cell population
within TILs, to identify shared differentially expressed
genes (DEGs) between OC and CC. Through pathway
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enrichment analysis, we uncovered that the PI3K/AKT
signaling pathway—a critical regulator of immune cell
activity and apoptosis—is significantly enriched in the
shared DEGs. Focusing on this pathway, we performed
prognostic and immune cell correlation analyses, which
highlighted FLT3 as a key immune regulatory gene. FLT3
was found to correlate strongly with TILs activity, sug-
gesting its potential role in enhancing immune responses
through the PI3K/AKT pathway. To further validate
these findings, we leveraged spatial transcriptomics data
to analyze the spatial expression patterns of FLT3 and
its co-localization with immune cells within the tumor
microenvironment. This spatial analysis confirmed the
association of FLT3 with immune cell infiltration and
provided insights into its immune-modulatory functions
within the tumor architecture. Through this integrative
workflow (Fig. 1), we aim to identify shared regulatory
genes and pathways, such as FLT3 and the PI3K/AKT
signaling pathway, that could serve as actionable thera-
peutic strategies for ovarian and cervical cancers.
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Materials and methods

Identification of common immune-related signaling
pathways in ovarian and cervical cancers

Data source and selection

To identify shared immune-related pathways between
ovarian and cervical cancers, we analyzed publicly avail-
able single-cell RNA sequencing (scRNA-seq) datasets
from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/). The ovarian can-
cer cohort included seven high-grade serous ovar-
ian carcinoma (HGSOC) samples and five normal
ovarian tissue samples (GSE184880), while the cervical
cancer cohort comprised three squamous cell carcinoma
(SCC) samples and four normal cervical tissue samples
(GSE197461&GSE208653). All datasets were generated
using the Illumina NovaSeq 6000 platform (GPL24676)
and provided in 10X Genomics format, ensuring compat-
ibility with the Seurat package for downstream analysis.
The overall workflow, including data acquisition, pre-
processing, quality control, integration, and downstream
analysis, is summarized in Supplementary Fig. 1.

Data preprocessing, quality control, and integration

We utilized Seurat for scRNA-seq data processing and
Harmony to correct batch effects across datasets. Mito-
chondrial gene proportions were calculated using the
PercentageFeatureSet function, and quality metrics such
as gene detection counts, total RNA counts, and mito-
chondrial content were visualized to assess data quality.
Standard quality control and cell filtering steps typically
include identifying and excluding empty droplets, multi-
plets, and cells with abnormally high mitochondrial gene
expression, which often indicate cell lysis [23]. To ensure
the reliability and accuracy of downstream analyses, we
applied the following stringent criteria: cells express-
ing fewer than 200 genes or more than 9,000 genes were
excluded, as were cells with over 25% mitochondrial con-
tent. These thresholds were chosen to maintain a balance
between eliminating low-quality cells and retaining suf-
ficient data for robust analysis. Normalization was per-
formed using the LogNormalize method, and the top
2,000 highly variable genes (HVGs) were identified with
the FindVariableFeatures function for downstream clus-
tering [24].

Differential gene expression analysis and annotation

To minimize technical variability, we employed the Har-
mony algorithm for data integration. Dimensionality
reduction was performed using PCA, followed by t-SNE
for clustering and visualizing transcriptional heterogene-
ity. The use of PCA prior to t-SNE emphasizes the pri-
mary structural features of the data while reducing noise,
enabling more effective t-SNE visualizations that reveal
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distinct clustering patterns and relationships between
cells. Immune cell annotation was conducted using
canonical markers: CD3D, CD3E, and CD3G for T cells
[25], CD19 for B cells [26], and FCGR3A, FCGR3B, and
NCAM1 for NK cells [27]. Differential expression analy-
sis was performed using the FindMarkers function from
the Seurat package to compare gene expression levels in
T cell populations between tumor and normal samples,
identifying differentially expressed genes (DEGs). The
Wilcoxon rank-sum test was used to evaluate the expres-
sion levels of each gene between the two groups, and an
adjusted p-value threshold of <0.05 was applied to ensure
statistical significance. Shared immune-related DEGs
were identified using a Venn diagram tool (http://bioin
formatics.psb.ugent.be/webtools/Venn/) and further ana-
lyzed for pathway enrichment using WebGestalt (http://
www.webgestalt.org/).

Clinical correlation analysis of PI3K/AKT pathway
in ovarian and cervical cancers

Bioinformatics analysis of PI3K/AKT pathway-related genes
We identified PI3K/AKT pathway-related genes using
three major bioinformatics databases: GeneCards, Reac-
tome, and KEGG. Gene lists were generated by search-
ing for “PI3K AND AKT’ yielding 605 genes from
GeneCards, 116 genes from Reactome, and 359 genes
from KEGG. To identify shared genes, we employed an
online Venn diagram tool, which revealed 69 overlapping
genes across the three databases. These shared genes
were subjected to further pathway interaction analysis to
explore their functional roles within the PI3K/AKT sign-
aling pathway.

Prognostic analysis and immune cell correlation

In this study, the Kaplan—Meier survival analysis was
performed using the Kaplan—Meier Plotter tool (https://
kmplot.com/analysis), specifically utilizing the RNA-seq
module of the pan-cancer dataset derived from publicly
available TCGA databases. Patients with ovarian cancer
(n=374) and cervical squamous cell carcinoma (n=304)
were selected as the analysis cohorts. The prognostic
significance of the identified core genes was evaluated
for both ovarian cancer (OV) and cervical squamous
cell carcinoma (CESC) using this tool. To evaluate the
association between these genes and tumor-infiltrating
lymphocytes (TILs), we used the Tumor-Immune Sys-
tem Interaction Database (TISIDB) (http://cis.hku.hk/
TISIDB/index.php). The focus was placed on key immune
cell types, including activated CD8+T cells (Act_CD8),
activated CD4+T cells (Act_CD4), NK cells, and B cells.
This analysis identified key regulatory genes, such as
FLT3, that play a pivotal role in modulating the immune
microenvironment and promoting TILs infiltration,
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offering potential insights for immune-based therapies.
The overall workflow, from gene selection across three
major databases to prognostic analysis and immune cell
correlation, is illustrated in Supplementary Fig. 2.

Spatial analysis of flt3 and its association

with immune cells in ovarian and cervical cancers
Spatial transcriptomics data source and selection

Spatial transcriptomics data were obtained from the
10X Genomics platform  (https://www.10xgenomics.
com/cn). The ovarian cancer dataset included a serous
papillary carcinoma sample (ID: Block 108,906), and the
cervical cancer dataset comprised a squamous cell car-
cinoma sample (ID: Block C00084155.1a). Both datasets
were processed using the 10X Genomics Space Ranger
pipeline (version 1.3.0), generating standardized gene
expression matrices, spatial coordinates, and high-reso-
lution tissue images.

Spatial data preprocessing and integration

Gene expression matrices were imported using the
Read10X_h5 function, and high-resolution tissue section
images were loaded with the Read10X Image function.
For each sample, we created Seurat objects by integrating
spatial coordinates with gene expression data, ensuring
accurate alignment between molecular expression pro-
files and tissue architecture.

Definition of FLT3 high and low expression regions

To analyze the spatial expression patterns of FLT3, we
extracted the expression data and defined FLT3-high
regions using the 90th percentile as a threshold. Cells
with expression levels above this threshold were cat-
egorized as FLT3-high, while the rest were considered
FLT3-low. This classification provided insight into the
distribution of FLT3 across the tumor microenvironment.
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Spatial co-expression analysis of FLT3 and immune cell
marker genes

We visualized spatial co-expression patterns of FLT3
and immune cell markers using the FeaturePlot func-
tion in Seurat. Dual-color plots were generated to high-
light regions where FLT3 co-expressed with markers for
T cells (CD3D), B cells (CD19), and NK cells (FCGR3A).
These plots provided insights into how FLT3 regulates
the recruitment and spatial localization of immune cells
within the tumor microenvironment, revealing poten-
tial immune-modulatory functions of FLT3. The overall
workflow for spatial transcriptomics data preprocessing,
FLT3 expression region definition, and spatial co-expres-
sion analysis is illustrated in Supplementary Fig. 3.

Statistical analysis

All statistical analyses were performed using R with the
Seurat, ggplot2, dplyr, and patchwork packages. Differ-
ences in immune cell distribution between FLT3-high
and FLT3-low regions were evaluated using 2X2 con-
tingency tables, followed by chi-square or Fisher’s exact
tests. A p-value threshold of <0.05 was used to determine
statistical significance.

Results

Single-cell data preprocessing and quality control

We implemented a rigorous quality control workflow
to ensure the reliability of scRNA-seq data. Cells were
retained based on the following criteria: (1) expres-
sion of at least 200 genes and no more than 9,000 genes;
(2) mitochondrial content below 25%. After filtering,
54,079 cells from ovarian cancer (83.4% retention) and
72,007 cells from cervical cancer (95.8% retention) were
included in the final analysis (Tables 1 & 2). Key qual-
ity metrics, including nFeature (number of detected
genes), nCount_RNA (total RNA counts), and percent.mt
(mitochondrial content), confirmed the suitability of the
retained cells for downstream analysis (Fig. 2).

Table 1 Number of Cells in Each Ovarian Cancer Sample After Filtering

Sample cl c2 c3 c4 c5 c7 n1 n2 n3 n4 n5
Cells 6499 3094 4304 1584 5032 4108 4400 6122 4962 4113 6084 3777
" ¢ for cancer samples, n for normal tissue samples

Table 2 Number of Cells in Each Cervical Cancer Sample After Filtering

Sample cl c2 c3 c4 c5 nl n2 n3 n4
Cells 8786 6250 2657 6788 5492 10,878 8629 15,538 6989

" ¢ for cancer samples, n for normal tissue samples
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Fig. 2 nFeature_RNA, nCount_RNA, and Proportion of Mitochondrial(percent.mt) Genes After Filtering. A Ovarian Cancer; B Cervical Cancer

Normalization and Identification of Highly Variable Genes
(HVGs)

Following quality control, gene expression values were
normalized using the LogNormalize function in Seurat.
To capture biologically significant variation, we identi-
fied the top 2,000 highly variable genes (HVGs) with the
FindVariableFeatures function. Figure 3 illustrates the
relationship between average gene expression (x-axis)
and standardized variance (y-axis), with red points high-
lighting the top HVGs.

Batch effect removal using harmony

Given the technical variability across datasets, we
employed the Harmony algorithm to remove batch
effects while preserving biological variance. As shown in

Fig. 4, the Harmony algorithm successfully aligned data-
sets while retaining meaningful clustering patterns.

Non-Linear dimensionality reduction and cell clustering

To explore high-dimensional scRNA-seq data in a lower-
dimensional space, we applied Principal Component
Analysis (PCA) followed by non-linear dimensional-
ity reduction using t-distributed Stochastic Neighbor
Embedding (t-SNE). Dimensionality reduction was ini-
tially performed on the top 2,000 highly variable genes
(HVGs) via PCA, and clustering was based on the top 20
principal components (PCs) (Fig. 5A & B).

The t-SNE visualization revealed distinct clusters
across both ovarian and cervical cancer datasets, high-
lighting the transcriptional heterogeneity among differ-
ent cell populations. In the two-dimensional t-SNE plot,
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cells within the same category showed similar transcrip-  local structure of the original high-dimensional space,
tional characteristics, while those from different catego-  closely positioned points in the 2D plot typically cor-
ries exhibited clear differences. Since t-SNE preserves the  respond to cells with similar expression profiles in the
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original space. Meanwhile, its non-linear nature ensures
that points positioned far apart in the 2D space remain
well-separated, minimizing potential overlap between
distinct cell types.

Using this approach, 26 clusters were identified in ovar-
ian cancer samples (Fig. 5C & D), and 27 clusters were
identified in cervical cancer samples (Fig. 5E & F). Fig-
ure 5C and E display the clustering results obtained using
the Seurat package, with each point representing a cell,
colored according to its assigned cluster. Each cluster
reflects a group of cells with similar gene expression pro-
files. Figure 5D and F present the same t-SNE projection,

Page 8 of 19

this time grouping cells based on their original identities
(orig. ident). In both cases, the color coding helps visu-
alize the transcriptional characteristics and clustering
patterns within the ovarian and cervical cancer datasets,
offering valuable insights into biological processes and
disease mechanisms.

Immune cell annotation in ovarian and cervical cancer

To define immune cell populations within ovarian and
cervical cancers, we annotated each cluster using canoni-
cal marker genes. T cells were identified by the expres-
sion of CD3D, CD3E, and CD3G; B cells by CD19; and
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Fig. 6 Annotation of Immune Cells in Ovarian Cancer. A DotPlot of specific markers in ovarian cancer; B Expression distribution of specific markers
in t-SNE for ovarian cancer; C t-SNE distribution of ovarian cancer after cell annotation
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NK cells by FCGR3A, FCGR3B, and NCAMI1. The anno-
tation results are shown in Fig. 6A for ovarian cancer and
Fig. 7 for cervical cancer. Each dot represents a cluster,
with dot size indicating the proportion of cells expressing
a given marker and color intensity reflecting the average
expression level. This comprehensive annotation ena-
bled us to accurately classify each cluster into distinct
immune cell subtypes. Based on these criteria, ovarian
cancer clusters 0, 4, 13, 16, and 18 were annotated as T
cells, clusters 8 and 12 as B cells, and cluster 3 as NK cells
(Fig. 6). Similarly, cervical cancer clusters 0, 1, 7, and 16
were classified as T cells, cluster 13 as B cells, and clusters
4 and 5 as NK cells. This annotation provided a robust
framework for downstream differential gene expression.

Screening and pathway analysis of common differential
genes in ovarian and cervical cancer

T cells are the largest population of tumor-infiltrating
lymphocytes (TILs) and play a central role in anti-tumor
immunity, making them an ideal initial focus for analy-
sis. Prioritizing T cells allowed us to efficiently identify
biologically significant differentially expressed genes and
establish a foundation for broader investigations.

Using the FindMarkers function, we identified differ-
entially expressed genes (DEGs) between tumor and nor-
mal tissues for T cells in ovarian and cervical cancer. By
applying an adjusted P-value threshold of < 0.05, we iden-
tified 4,362 DEGs in ovarian cancer and 3,360 DEGs in
cervical cancer, with 2,143 shared genes between the two
cancer types (Fig. 8A).
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Figure 8B presents a clustered heatmap of the top 50
shared genes commonly expressed in ovarian and cer-
vical cancers. The extent of gene expression changes is
quantified by the average log2 fold change (avg_log2FC),
with red indicating significant upregulation and blue
indicating significant downregulation. Statistical signifi-
cance is represented by the p-value (P_val) and adjusted
p-value (P_val_adj), with darker colors reflecting higher
levels of significance. It is important to note that color
intensity does not directly correspond to the numerical
values of the p-values. In differential expression analysis,
the p-value is calculated through statistical testing and
reflects the significance of the difference in gene expres-
sion between two groups. Fold change, by contrast, meas-
ures the magnitude of these expression differences. Small
p-values are typically associated with large fold changes,
indicating pronounced differences between groups. Con-
versely, smaller fold changes are often linked to reduced
statistical significance and consequently larger p-values.
The top 50 shared DEGs are visualized in a heatmap
(Fig. 8B), highlighting the distinct transcriptional signa-
tures of T cells in ovarian and cervical cancers.

To investigate the possible pathways associated with
the shared DEGs, we utilized the WebGestalt platform
to perform WikiPathways cancer pathway enrichment
analysis. WikiPathways cancer provides a pathway col-
lection specifically tailored for cancer research, mak-
ing it the most suitable choice for this study. As shown
in Fig. 8C, apoptosis emerged as the most significantly
enriched pathway for the shared DEGs in ovarian and
cervical cancers. Building on the enrichment analysis,
we further examined the detailed apoptosis pathway
(also called WP254 in WebGestalt) to explore the spe-
cific genes and molecular networks involved. The path-
way diagram in Fig. 8D illustrates the intricate signaling
components and interactions within the apoptosis path-
way. Our analysis revealed that the IGF1R signaling path-
way, a subset of the PI3K/AKT pathway, plays a pivotal
role in regulating apoptosis. The pathway diagram in
Fig. 8D specifically underscores the significance of PI3K/
AKT signaling in modulating downstream apoptotic
processes, providing a compelling rationale for further
investigation of this signaling cascade. Additionally, our
previously published work strongly supports that dual
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knockout of AKT1/2 significantly reduced early apopto-
sis in CD8+ TILs [28], reinforcing the scientific validity
and importance of focusing on the PI3K/AKT pathway
as a key target. This rationale underpins our decision to
prioritize the PI3BK/AKT signaling pathway for the next
phase of our research.

Identifying PI3K/AKT signaling pathway related genes
from three bioinformatics websites

In this study, we firstly identified 69 PI3K/AKT-related
common genes using GeneCards, Reactome, and KEGG
databases (Table 3& Fig. 9A), and refined the list to
45 core genes using the MCODE plugin in Cytoscape
(Table 4& Fig. 9B). By inputting the aforementioned 45
core genes into the Kaplan—Meier Plotter database, we
screened for genes that are statistically significant for
prognosis in both cervical and ovarian cancer. A total of
9 genes met these criteria: AKT1, EGF, EGFR, ERBB2,
FGF5, FGFR4, FLT3, IRS1, and PIK3R2. (Fig. 9C).

Correlation between prognostic gene expression

and tumor-infiltrating lymphocytes in ovarian and cervical
cancers

To investigate the relationship between key prognostic
genes and tumor-infiltrating lymphocytes (TILs) in ovar-
ian and cervical cancers, we utilized the Tumor-Immune
System Interaction Database (TISIDB). Specifically, we
analyzed the correlation of nine core genes (AKT1, EGE,
EGFR, ERBB2, FGF5, FGFR4, FLT3, IRS1, and PIK3R2)
with the abundance of activated CD8 T cells (Act_CDS8)
and activated CD4 T cells (Act_CD4) in both ovar-
ian cancer (OV) and cervical squamous cell carcinoma
(CESC). Using Spearman correlation and statistical sig-
nificance tests, we observed that high expression levels
of ERBB2, IRS1, and PIK3R2 were significantly nega-
tively correlated with the abundance of both Act CD8
and Act_CD4 cells, suggesting a potential role in immune
suppression (Fig. 10A, C&D). In contrast, FLT3 expres-
sion showed a significant positive correlation with these
immune cells, indicating its potential role in enhancing
immune activation (Fig. 10B). To further understand the
broader impact of these genes on the tumor immune
microenvironment, we extended our analysis to other
immune cell types, such as natural killer (NK) cells and
B cells.
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The results revealed that high FLT3 expression was
positively correlated with NK cell abundance in both
OV and CESC, suggesting an immune-stimulatory
effect. Conversely, PIK3R2 exhibited a significant nega-
tive correlation with NK cells, indicating an immune-
suppressive role, while ERBB2 and IRS1 showed no
significant correlation (Fig. 11). Our next step is to fur-
ther investigate the relationship between the FLT3 and
PIK3R2 genes and B cells. Similar trends were observed
for B cells, where FLT3 was positively associated with
increased B cell infiltration, whereas PIK3R2 was nega-
tively correlated with B cell abundance in OV but not
in CESC (Fig. 12). Collectively, these findings suggest
that FLT3 may play a crucial role in promoting immune
activation across various immune cell types in both
cancers.

In summary, FLT3 expression in cervical squamous
cell carcinoma (CESC) and ovarian serous cystad-
enocarcinoma (OV) is significantly associated with
increased infiltration of activated immune cells, includ-
ing CD4 and CD8 T cells, NK cells, and B cells, suggest-
ing its potential as a target for enhancing anti-tumor
immunity in these cancers.

Spatial co-expression analysis of FLT3 and immune cells

To determine the spatial distribution of FLT3 and its
association with immune cells, we performed spatial
co-expression analysis in ovarian and cervical cancer
samples. FLT3 expression levels were stratified using
the 90th percentile as a threshold, categorizing cells
into FLT3-high and FLT3-low regions to delineate spa-
tial patterns and assess immune cell localization in the
tumor microenvironment. Figure 13A and B show the
spatial co-expression of FLT3 with T cell, B cell, and
NK cell markers in both cancers. Regions of co-expres-
sion, marked by red dashed circles, suggest that FLT3 is
spatially associated with increased infiltration of these
immune cells.

Quantitative analysis further demonstrated that in
ovarian cancer, FLT3-high regions were significantly
enriched for B cells (P=0.0001), while no significant
differences were observed for T cells (P=0.067) or
NK cells (P=0.66). In contrast, in cervical cancer, all
three immune cell types showed significantly higher

Table 3 Common Genes Related to the PI3K/AKT Signaling Pathway from Three Databases

Number Genes Name

69 AKT1 AKT2 AKT3 AREG BAD CASP9 CD19 CDKNTA CDKN1B CHUK CREB1 EGF EGFR ERBB2 ERBB3 ERBB4 EREG FGF1 FGF10 FGF16 FGF17
FGF18 FGF19 FGF2 FGF20 FGF22 FGF23 FGF3 FGF4 FGF5 FGF6 FGF7 FGF8 FGF9 FGFR1 FGFR2 FGFR3 FGFR4 FLT3 FLT3LG FOXO3 GRB2 GSK3B
HGF IRST KIT KITLG MDM2 MET MLST8 MTOR NR4A1 PDGFA PDGFB PDGFRA PDGFRB PDPK1 PIK3AP1 PIK3CA PIK3CB PIK3CD PIK3R1 PIK3R2

PIK3R3 PTEN RACT RPS6KB2 TGFATSC2
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Table 4 Core Genes of the PI3K/AKT Signaling Pathway
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Number Genes Name

45 AKT1 EGF EGFR ERBB2 ERBB3 ERBB4 FGF1 FGF2 FGF3 FGF4 FGF5 FGF6 FGF7 FGF8 FGF9 FGF10 FGF16 FGF17 FGF18 FGF19 FGF20 FGF22
FGF23 FGFR1 FGFR2 FGFR3 FGFR4 FLT3 GRB2 HGF IRS1 KIT KITLG MET MTOR PDGFA PDGFB PDGFRA PDGFRB PIK3CA PIK3CB PIK3R1 PIK3R2

PTEN TGFA

proportions in FLT3-high regions (T cells: P=0.0001;
B cells: P=0.008; NK cells: P=0.046) (Table 5&
Fig.C&D). These results suggest that high FLT3 expres-
sion may be associated with enhanced infiltration of
tumor-infiltrating lymphocytes (TILs), influencing
their spatial distribution and function within the tumor
microenvironment.

Discussion

Based on our clinical observations and previous stud-
ies, TILs have been shown to significantly improve
survival outcomes in ovarian and cervical cancers, sug-
gesting the presence of shared regulatory mechanisms.
However, the molecular underpinnings of these mecha-
nisms remain poorly understood. To address this gap,
our study takes an innovative approach by integrating
single-cell RNA sequencing (scRNA-seq) data with
spatial transcriptomics—a combination rarely applied
in these malignancies. This dual-layered analysis
allowed us to uncover shared differentially expressed
genes (DEGs) and reveal how these genes operate in
both molecular and spatial dimensions, offering novel
insights into immune regulation in ovarian and cer-
vical cancers. Using scRNA-seq data from the GEO
database, we employed Seurat and Harmony for data
processing and batch effect correction, followed by
dimensionality reduction with t-SNE and immune cell
annotation based on canonical markers. This analy-
sis identified PI3K/AKT signaling as a pivotal pathway
regulating immune cells in both cancers, providing a
unified explanation for their shared immune-regula-
tory mechanisms. A particularly innovative aspect of
this study is the integration of spatial transcriptom-
ics, which enabled us to map FLT3 expression within
the tumor microenvironment and its spatial co-local-
ization with immune cells. Our results demonstrate
that FLT3-high regions are enriched with T cells, NK
cells, and B cells, especially in cervical cancer. This
spatial insight emphasizes the role of FLT3 not only
as a molecular regulator but also as a key player in the
spatial orchestration of immune responses within the
tumor microenvironment. Such insights are critical for
understanding the spatial dynamics of tumor-infiltrat-
ing lymphocytes (TILs) and their potential therapeutic
modulation.

FLT3, previously studied primarily in acute myeloid
leukemia (AML), has recently been implicated in solid
tumors such as NSCLC, where it has been linked to
enhanced immune cell infiltration and improved progno-
sis [29]. Our findings expand the role of FLT3 to ovarian
and cervical cancers, demonstrating that it functions as
an immune modulator through the PI3K/AKT pathway,
enhancing TILs recruitment and activity. This is the first
study to provide spatially resolved evidence of FLT3’s
role in promoting immune responses in these cancers,
underscoring its potential as a novel immunotherapeutic
target.

Our results align with previous studies showing that
FLT3 promotes cell proliferation, inhibits apoptosis,
and regulates differentiation through multiple signaling
pathways, including RAS/MAPK, JAK/STAT, and PI3K/
AKT [30]. Among these, the PI3BK/AKT pathway plays a
critical role in the development and function of immune
cells and is essential for maintaining immune homeosta-
sis [31, 32]. However, aberrant activation of this path-
way has been associated with poor prognosis in various
cancers, highlighting its dual role in tumor biology and
immune regulation [33-36]. In our study, WikiPathways
cancer pathway pathway enrichment analyses of shared
DEGs identified the PI3K/AKT pathway as a key regula-
tor of apoptosis. This finding is consistent with our previ-
ous research, where we demonstrated that knocking out
AKT1/2 reduces early apoptosis in CD8+ T1ILs, thereby
enhancing their stemness and anti-tumor activity [28].
Our current results suggest that high FLT3 expression
may enhance the stemness and function of TILs through
the PI3K/AKT pathway, contributing to improved
immune responses and prolonged patient survival in
ovarian and cervical cancers.

In ovarian cancer, the TME is typically more immu-
nosuppressive. Studies have shown elevated levels
of immune checkpoint molecules such as PD-1 and
CTLA-4 [37], as well as immunosuppressive factors like
TGE-B and IL-10 [38], within ovarian cancer tissues.
These elements hinder T-cell activation and infiltration.
Additionally, the accumulation of tumor-associated mac-
rophages (TAMs) and regulatory T cells (Tregs) further
dampens the anti-tumor immune response [39]. Conse-
quently, even if FLT3 is highly expressed and potentially
promotes immune cell infiltration, the overall immu-
nosuppressive environment may still impede effective
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T-cell accumulation and function, leading to suboptimal
outcomes with immunotherapy. In contrast, the TME of
cervical cancer exhibits more immune-activating charac-
teristics, primarily due to the persistent immune response
triggered by high-risk human papillomavirus (HPV)
infection. HPV not only activates the host immune sys-
tem but also enhances immune surveillance mechanisms,
facilitating the infiltration of immune cells, particularly
CD8+T cells [40, 41]. This immune-activated state ren-
ders cervical cancer patients more responsive to immu-
notherapy [42]. Moreover, ovarian cancer may employ
various immune evasion strategies to suppress immune
cell infiltration and function. For instance, research indi-
cates that ovarian cancer can evade immune detection
through multiple mechanisms, resulting in significant
differences among different subtypes and even between
different tumor sites within the same patient [43]. These
complex immune evasion tactics further diminish the
efficacy of immunotherapy [44]. In summary, the signifi-
cant differences between ovarian and cervical cancers in
terms of tumor microenvironment (TME), immune cell
infiltration characteristics, and immune evasion mecha-
nisms may explain their disparate responses to immuno-
therapy. These conclusions align with our study’s findings
that high FLT3 expression correlates with increased infil-
tration of CD4 and CD8 T cells, B cells, and NK cells,
particularly in cervical cancer, further demonstrating the
accuracy and rigor of this research.
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Currently, research on FLT3-targeted therapies has
predominantly focused on the development of FLT3
inhibitors, especially in the context of acute myeloid leu-
kemia (AML). FLT3 inhibitors such as Midostaurin [45]
and Gilteritinib [46] have shown significant progress in
clinical applications. These drugs exert their effects by
inhibiting the activation of the FLT3 signaling pathway,
thereby suppressing tumor cell proliferation and inducing
apoptosis. Meanwhile, FLT3 agonists represent another
promising avenue. FLT3 agonists, through the activation
of FLT3 receptors, have the potential to enhance immune
cell function, particularly T cells, thereby improving
the immune system’s ability to recognize and eliminate
tumors. For instance, studies have demonstrated that the
FLT3 agonist Fc-fusion protein (GS-3583) exhibits the
capacity to expand circulating dendritic cells (cDCs) in
healthy volunteers [47] and patients with advanced solid
tumors [48], which could subsequently enhance T-cell-
mediated antitumor activity. Combination therapies also
constitute an important strategy. In murine models, the
combined use of FLT3 ligand (FIt3L) and PD-1 antibody
fusion protein (PD-1Ab7, a fusion of CCL7 and an scFv
of anti-PD-1) significantly promoted the generation and
proliferation of ¢DCls, while enhancing T-cell activa-
tion and expansion within the tumor microenvironment.
This synergistic effect led to markedly improved antitu-
mor immune responses [49]. Moreover, the combination
of FLT3 inhibitors with chemotherapy or other targeted
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Fig.12 Scatter Plot Analysis of Gene FLT3 and PIK3R2 Expression and Correlation with B Cells

therapies offers potential for overcoming drug resistance
and improving patient outcomes, making it a promising
therapeutic strategy [50]. However, clinical studies on
FLT3-targeted therapies for ovarian and cervical can-
cers remain relatively limited. Future investigations could
explore the application of FLT3 inhibitors in these malig-
nancies and evaluate their combination with existing
treatment modalities such as chemotherapy, immuno-
therapy, or other targeted therapies.

Despite providing new insights, our study has certain
limitations. Variability in cell isolation, sequencing depth,
and the use of publicly available GEO datasets may
impact the reproducibility and generalizability of our
findings. Future studies with larger, more diverse cohorts
will be needed for validation. While spatial transcriptom-
ics adds spatial context, it may introduce sampling bias
and be influenced by tissue heterogeneity, particularly

in complex tumor microenvironments. Differences in
immune cell distribution, vascular patterns, and tumor
composition across regions can affect gene expres-
sion analyses. Finally, as our conclusions are primarily
based on bioinformatics analyses, experimental valida-
tion through in vivo and in vitro studies will be essential
to confirm the mechanistic role of FLT3 and assess its
therapeutic potential, particularly for patients resistant to
conventional therapies.

Conclusion

In summary, our study reveals that FLT3 enhances
TIL function through the PI3K/AKT pathway, offer-
ing a novel immunotherapeutic target for ovarian
and cervical cancers. Beyond its established role in
hematologic malignancies, FLT3 shows potential in
solid tumors by promoting immune cell infiltration
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Table 5 Proportions of T Cells, B Cells, and NK Cells in FLT3-High and FLT3-Low Regions in Ovarian and Cervical Cancers
FLT3_Expression Ovarian Cancer Cervical Cancer
T_Cells B_Cells NK_Cells T_Cells B_Cells NK_Cells
High 0.945 0.291 0.939 0611 0.139 0486
Low 0.898 0.17 0.927 0.381 0.0565 0.364
P_Value 0.067 0.0001 0.66 0.0001 0.008 0.046

and activation, improving patient prognosis. Using a
reverse-engineering approach, we identified FLT3 as
a key regulator of anti-tumor immunity, with promis-
ing therapeutic implications, particularly for patients
resistant to conventional treatments. Future clinical
trials will be essential to validate the efficacy of FLT3-
targeted strategies, paving the way for new treatment
options in cancer immunotherapy.
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