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Abstract
Background: Immune cells critically influence pituitary neuroendocrine tumor (PitNET) progression and therapeutic responses. 
However, their composition and functional dynamics remain unclear. This study aimed to delineate the immune heterogeneity and 
intercellular communication networks within PitNETs.
Methods: This study conducted single-cell RNA sequencing (scRNA-seq) on 22 fresh PitNET samples obtained from surgical 
patients at Beijing Tiantan Hospital between September 2023 and January 2024, with classification based on the expression of key 
transcription factors: pituitary-specific transcription factor 1 (PIT1), steroidogenic factor 1 (SF1), and T-box transcription factor 
19 (TPIT). Following cell type identification, cell–cell communication analysis revealed specific intercellular interactions, which 
were validated by multiplex immunohistochemistry (mIHC), flow cytometry, and in vitro co-culture assays.
Results: The scRNA-seq analysis revealed significant cellular heterogeneity and a lineage-specific immune landscape, including 
cancer-associated fibroblasts (CAFs), neutrophils, T cells, natural killer cells, and myeloid cells. Specifically, CAF subset distribu-
tion was highly lineage-dependent. Collagen-expressing CAF3 was significantly enriched in the PIT1 lineage compared to both 
TPIT and SF1 lineages. In contrast, inflammatory CAF5 was predominantly found in the TPIT lineage relative to the PIT1 and 
SF1 lineages. Furthermore, CD4+ regulatory T (Treg) and T follicular helper (Tfh) cells were significantly enriched in the PIT1 
lineage relative to the TPIT and SF1 lineages, as validated by both flow cytometry and mIHC data. Cellular communication 
analysis revealed notable interactions between Treg/Tfh cells and macrophages/microglia that were mediated by the cytotoxic 
T-lymphocyte-associated protein 4 (CTLA4)–CD86 pathway. Subsequent mIHC assays confirmed spatial colocalization of Treg 
cells with macrophages/microglia. Complementing these findings, in vitro co-culture assays demonstrated functional CTLA4–
CD86 signaling specifically between Treg cells and macrophages, providing deeper insights into the complex cellular crosstalk 
within the PitNET tumor microenvironment (TME).
Conclusions: The three major PitNET lineages exhibited distinct immune cell frequencies, with the PIT1 lineage notably enriched 
in Treg and Tfh cells, as well as collagen-producing CAF3. Furthermore, a novel immunosuppressive interaction between Treg cells 
and macrophages, mediated by the CTLA4–CD86 pathway, was identified, suggesting its potential regulatory role within the TME.
Keywords: Immune cells; Intercellular communication; Pituitary neuroendocrine tumors; Single-cell RNA sequencing; Tumor 
microenvironment
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Introduction

Pituitary neuroendocrine tumors (PitNETs), formerly 
known as pituitary adenomas, account for a significant 
proportion of intracranial neoplasms.[1,2] These tumors 
originate from anterior pituitary cells and are classified 
according to adenohypophyseal hormones and transcrip-
tion factors, such as pituitary-specific transcription factor 1 
(PIT1), T-box transcription factor 19 (TBX19, also known 

as TPIT), and steroidogenic factor 1 (SF1).[3] A defining 
feature of PitNETs is their biological heterogeneity, which 
manifests in variations in cellular composition, hormone 
secretion profiles, and growth patterns.[4] Some aggressive 
subtypes display resistance to conventional therapies, 
including surgery, medical treatment, and radiotherapy, 
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further complicating clinical management.[5] Although 
many studies have focused on molecular mechanisms 
to improve therapies, the understanding of the PitNET 
heterogeneity remains limited.

Emerging evidence highlights that the tumor microenvi-
ronment (TME) influences PitNET progression and 
therapeutic efficacy.[6,7] Recent single-cell transcriptomics 
studies have characterized the TME in PitNETs, showing 
significant diversity in tumor-associated macrophages 
(TAMs) and T lymphocytes across different PitNET 
lineages.[8–11] Despite these advancements, the functional 
polarization of CD4+ T helper subsets, which differently 
regulates antitumor immunity, remains poorly under-
stood. In addition, cancer-associated fibroblasts (CAFs) 
are a major component of the tumor stroma and serve as 
essential regulators of tumor maintenance and progression 
through diverse mechanisms.[12] Critically, the substantial 
molecular heterogeneity and divergent functional and 
metabolic profiles across CAF subsets demand systematic 
investigation.

Immune checkpoint inhibitors (ICIs) targeting key inhib-
itory receptors, including lymphocyte activation gene 3 
(LAG3), cytotoxic T-lymphocyte-associated protein 4 
(CTLA4), and programmed cell death protein 1 (PD1), 
enhance antitumor immunity by alleviating T-cell sup-
pression.[13] However, their clinical efficacy remains 
limited in aggressive PitNETs, with only approximately 
one-third of patients achieving objective responses.[14] 
This limited efficacy is influenced by a variety of factors, 
including the quality and magnitude of tumor-infiltrating 
lymphocytes,[15] heterogeneous expression of immune 
checkpoints, such as programmed death-ligand 1 (PD-
L1) across PitNET subtypes,[16] and TAM-mediated 
immunosuppression within the TME.[17] Moreover, the 
composition, spatial distribution, and interactions of 
tumor-infiltrating immune cells may also significantly 
impact clinical outcomes.[18–20] Nevertheless, the funda-
mental mechanisms of limited efficacy in PitNETs remain 
incompletely understood. This study aimed to delineate 
the immune heterogeneity and intercellular communica-
tion networks within PitNETs to provide novel insights 
for advancing PitNET immunotherapies.

Methods

Clinical samples

A total of 22 fresh PitNET samples were collected from 
patients undergoing surgical resection at Beijing Tian-
tan Hospital from September 2023 to January 2024. 
All patients were subsequently diagnosed with PitNET 
according to the current World Health Organization 
(WHO) classification of pituitary tumors.[3] Clinical 
characteristics, including age, sex, and Knosp grade clas-
sification,[21] were extracted from electronic medical 
records [Supplementary Table 1, http://links.lww.com/
CM9/C703]. This study was approved by the Institutional 
Review Board of Beijing Tiantan Hospital (No. KY2023-
170-02). Written informed consent was obtained from all 
participants.

Single-cell RNA sequencing (scRNA-seq) and data analysis

After fresh tumor samples were processed into cell suspen-
sion at a concentration of 1 × 105 cells/mL, scRNA-seq was 
performed using a microfluidic chip and the Illumina (San 
Diego, CA, USA) HiSeq X10 platform.[22] The raw scR-
NA-seq datasets were processed using CellRanger-7.0.0 
(Pleasanton, California, USA), and the Genome Reference 
Consortium Human Build 38 (GRCh38) was used as the 
reference genome. Then, quality control was performed at 
the single-cell level. Cells were removed if they had fewer 
than 200 genes or more than 10% mitochondrial genes, 
and potential doublets were identified using Doublet-
Finder (v2.0.3, https://github.com/chris-mcginnis-ucsf/
DoubletFinder).[23] Subsequently, general single-cell 
data analyses were performed, including normalization, 
batch effect correction, and clustering. Furthermore, 
exploratory analyses were conducted, including cell–cell 
communication,[24] single-cell metabolomics analysis,[25] 
and pseudotime analysis to infer macrophage devel-
opmental trajectories using RNA velocity[26] and 
Partition-based Graph Abstraction (PAGA) for trajectory 
directionality.[27] The detailed methods for these analyses 
are described in the Supplementary Materials, http://links.
lww.com/CM9/C703.

Survival analysis and correlation analysis

Survival and pairwise correlation analyses of gene expres-
sion signatures were conducted using the GEPIA2 web 
server (http://gepia2.cancer-pku.cn/).[28] The specific gene 
sets and subgroups for the lower-grade glioma (LGG) 
and glioblastoma (GBM) cohorts are detailed in the  
Supplementary Materials, http://links.lww.com/CM9/C703.

Gene function and signature analysis

Differential gene expression analysis was performed 
to identify signature genes within each program. To 
analyze metabolic differences across various subsets, 
Single-cell Gene Set Variation Analysis (scGSVA),[29] a 
single-cell implementation of GSVA,[30] was employed. 
The activity of cell clusters in specific pathways and 
biological processes was assessed using gene sets derived 
from the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) database,[31] Hallmark gene sets,[32] and Gene 
Ontology (GO).[33] Metascape,[34] an online platform for 
experimental biologists, provides comprehensive gene 
list annotation and analysis. Using this tool, we carried 
out an in-depth investigation of the biological processes 
associated with each neutrophil cluster, focusing on the 
top 100 differently expressed genes.

Flow cytometry

For surface phenotype analysis, the single-cell suspension 
was stained with the following panel of surface antibod-
ies: CD3 (No. 566779, BD Biosciences, San Jose, CA, 
USA), CD4 (No. 980804, BD Biosciences), CD25 (No. 
M-A251, BioLegend, San Diego, CA, USA), CD44 (No. 
60-0441-U100, Tonbo, San Diego, CA, USA), PD1 (No. 
561273, BD Biosciences), and C-X-C chemokine receptor 
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type 5 (CXCR5, No. 356919, BioLegend) antibodies at 
a concentration of 5 µg/106 cells in magnetic activated 
cell sorting buffer for 30 min, shielded from light at room 
temperature. For intracellular staining, following fixation 
and permeabilization (No. 554714, BD Biosciences) for  
1 h at 4°C, cells were incubated with forkhead box pro-
tein P3 (FOXP3) antibodies (No. MA5-44084, Invitrogen, 
Carlsbad, CA, USA) in permeabilization buffer for 30 min 
at 4°C in the dark. Samples were analyzed using a BD 
LSR Fortessa flow cytometer, and data were processed 
with FlowJo V10 software (BD Biosciences).

CD86+ macrophage co-culture with naive CD4+ T cell assay

Naive CD4+ T cells were magnetically isolated from 
healthy donor peripheral blood mononuclear cells using 
the naive CD4+ T cell isolation kit (No. 130-094-131, 
Miltenyi Biotec, Bergisch Gladbach, Germany). Regulatory 
T (Treg) cell differentiation was induced using a modified 
protocol adapted from a previous study.[35] For co-culture 
experiments, naive CD4+ T cells (1 × 106 cells/well) were 
plated in Roswell Park Memorial Institute 1640 (RPMI 
1640) complete medium containing 10% fetal bovine 
serum (FBS) and 1% penicillin-streptomycin across five 
biological replicates. Specifically, in the co-culture group, 
CD86+ macrophages (1 × 105 cells/well) or anti-CD86 
antibody (10 µg/mL, No. C2158, Leinco, St. Louis, MO, 
USA) was added to the wells. After 4 days, cells were 
collected and simultaneously stained with surface anti-
bodies: anti-CD4 (No. 317416, BioLegend), anti-CD25 
(No. 302616, BioLegend), and anti-CD127-BV605 (No. 
351328, BioLegend). Data acquisition was performed 
using an LSR Fortessa flow cytometer and the data were 
analyzed using FlowJo V10 software.

Multiplex immunohistochemistry (mIHC)

We used the following fluorescently labeled antibodies 
in the staining procedure: CD68 mouse anti-human anti-
body (No. GB11315, Servicebio, Hubei, China), periostin 
(POSTN) rabbit anti-human antibody (No. AB215199, 
Abcam, Cambridge, MA, USA), CD4 mouse anti-hu-
man antibody (No. GB13588, Servicebio), CD3 rabbit 
anti-human antibody (No. GB12014, Servicebio), FOXP3 
rabbit anti-human antibody (No. GB112325, Servicebio), 
inducible T-cell costimulator (ICOS) mouse anti-human 
antibody (No. AB224644, Abcam), and 4′,6-diamidi-
no-2-phenylindole (DAPI, No. 422801, BioLegend). We 
diluted the antibodies and processed the samples accord-
ing to the manufacturer’s instructions. The slides were 
scanned using 3DHISTECH’s (Budapest, Hungary) Slide 
Converter scanning system (Pannoramic MIDI), and the 
images were analyzed using the CaseViewer2.3 software 
(3DHISTECH).

Histological diagnosis

The surgically resected samples were fixed in 10% buffered 
formalin and subsequently embedded in paraffin for 
the preparation of pathological sections. Histological 
diagnoses were made based on hematoxylin and eosin 
(H&E)-stained sections. IHC staining was conducted 

to evaluate the expression of three transcription factors 
(PIT1, SF1, and TPIT) and hormone production markers, 
including growth hormone, prolactin (PRL), thyroid-stimu-
lating hormone, follicle-stimulating hormone, luteinizing 
hormone, and adrenocorticotropic hormone (ACTH), to 
characterize tumor subtypes.[36] Pathological evaluations 
were conducted by experienced neuropathologists.

Statistical analysis

All statistical analyses were performed using R version 
4.2.1 (R Foundation for Statistical Computing, Vienna, 
Austria). Depending on the data distribution, Wilcoxon 
rank-sum tests and one-way analysis of variance, with 
correction for multiple comparisons, were used to com-
pare differences among three or more groups. All reported 
P values were two-sided, and statistical significance was 
defined as P <0.05. To account for multiple testing, P 
values were adjusted using the Benjamini and Hochberg 
method to control the false discovery rate.

Results

Single-cell transcriptional landscape of PitNETs

To analyze the tumor-infiltrating immune cells in Pit-
NETs, scRNA-seq was performed on tumor tissues from 
22 patients with PitNETs, which included 5 PIT1 tumors, 
7 SF1 tumors, 8 TPIT tumors, and 2 tumors with multi-
ple cell lineages (MIX), classified by three transcription 
factors [Figure 1A and Supplementary Table 1, http:// 
links.lww.com/CM9/C703]. After stringent quality control, 
a total of 287,051 single cells were selected for further 
analysis. Then uniform manifold approximation and 
projection (UMAP) was applied for dimensionality 
reduction and cell annotation. As a result, 13 distinct 
cell types were identified within the TME, including 
epithelial cells, macrophages, neutrophils, microglial cells, 
neural cells, T cells, natural killer (NK) cells, fibroblasts, 
dendritic cells (DCs), endothelial cells (ECs), mast cells, 
B cells, plasmacytoid dendritic cells (pDCs), and plasma 
cells [Figure 1B–F]. The distribution of epithelial cells, 
arranged in descending order, corresponded to MIX-, 
PIT1-, TPIT-, and SF1-lineage PitNETs. In addition, there 
were higher proportions of macrophages, microglial cells, 
fibroblasts, ECs, and mast cells in SF1 lineage tumors. In 
contrast, T and NK cells, DCs, B cells, pDCs, and plasma 
cells were abundant in PIT1 lineage tumors. Neutrophils 
were abundant in TPIT lineage tumors [Figure 1D]. These 
data demonstrated substantial variations in immune cell 
distribution across different PitNET lineages.

Characterization of epithelial cells in PitNETs

In this study, five epithelial cell types were identified across 
four PitNET lineages: Tumor cells, stem cells, cortico-
tropes, gonadotropes, and pro-PIT1 cells [Supplementary 
Figure 1A–E, http://links.lww.com/CM9/C703]. Tumor 
cells were predominant in all lineages. The PIT1 lineage 
exhibited a higher proportion of stem cells and pro-PIT1 
cells compared to the other lineages, while corticotropes 
were predominantly localized to the TPIT lineage. 
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Gonadotropes showed increased frequencies in SF1 and 
MIX lineages compared to other groups [Supplementary 
Figure 1C, http://links.lww.com/CM9/C703]. These find-
ings suggested that distinct epithelial cell types existed 
across the four PitNET lineages. Copy number variation 
(CNV) was calculated to assess the malignant status of 
four epithelial cell types [Supplementary Figure 1F, http://
links.lww.com/CM9/C703]. These results revealed that 
gonadotropes and corticotropes exhibited higher CNV 
levels compared to other cell types, suggesting a greater 
malignant potential.

Metabolic differences among the five epithelial cell 
types were systematically analyzed using scMetabolism. 

Metabolic pathway activity analysis revealed enrichment 
of tumor cells in fatty acid metabolism and the citrate 
cycle, while stem cells were associated with glutathione 
metabolism, as well as ascorbate and aldarate metabolism 
pathways. Notably, tumor cells, stem cells, and pro-PIT1 
cells all showed associations with oxidative phosphorylation 
[Supplementary Figure 1G, http://links.lww.com/CM9/
C703]. Furthermore, metabolomic activity heterogeneity 
was observed across all five cell types, with tumor cells 
and stem cells exhibiting elevated metabolic activity com-
pared to other cell types [Supplementary Figure 1H, http://
links.lww.com/CM9/C703]. These findings demonstrated 
pronounced compositional and metabolomic heterogeneity 
among the distinct epithelial cell types in PitNETs.

Figure 1: Single-cell transcriptomic atlas of the tumor microenvironment in PitNETs. (A) Overview of the study workflow from sample processing to single-cell data analysis. (B) UMAP 
visualizes 287,051 single cells from 22 patients with distinct lineage PitNETs, with color-coding indicating their identities. (C) UMAP displays the major cell types in PitNETs, with 
color-coding identifying their respective identities. (D) Bar graph demonstrates the proportions of each cell type in different PitNET lineages. (E) Violin plot illustrates the expression of 
marker genes across distinct cell types. (F) Heatmap illustrates the expression level of top differentially expressed genes in each cell type. DC: Dendritic cell; EC: Endothelial cell; MIX: 
Multiple cell lineages; NK: Natural killer; pDC: Plasmacytoid dendritic cell; PIT1: Pituitary-specific transcription factor 1; PitNETs: Pituitary neuroendocrine tumors; SF1: Steroidogenic factor 
1; TPIT: T-box transcription factor 19; UMAP: Uniform manifold approximation and projection.

http://links.lww.com/CM9/C703
http://links.lww.com/CM9/C703
http://links.lww.com/CM9/C703
http://links.lww.com/CM9/C703
http://links.lww.com/CM9/C703
http://links.lww.com/CM9/C703
http://links.lww.com/CM9/C703


Chinese Medical Journal 2026;139(4) www.cmj.org

601

Heterogeneity of CAF in PitNETs

Five CAF subsets were identified across PitNET lineages. 
Notably, CAF subset proportions varied across lineages, with 
CAF3 predominant in the PIT1 lineage and CAF5 domi-
nating the TPIT lineage [Figure 2A–C]. CAF3 expressed 
genes related to collagen, such as COL1A1, POSTN, and 
LUM, whereas CAF5 expressed inflammatory-associated 

genes like CXCL8, ATF3, and IL6 [Figure 2D]. Further 
analysis of CAF subset differences revealed that CAF3 
exhibited the lowest differentiation status, indicating strong 
stemness and a high differentiation potential [Figure 2E]. 
In addition, the biological functions of the CAF3 and 
CAF5 were characterized. Pathway analysis showed 
CAF3 enrichment in extracellular matrix (ECM)-related 
processes, including ECM receptor interaction, protein 

Figure 2: The heterogeneity of CAFs in PitNETs. (A, B) UMAP visualization identifies five CAF subsets (A) and distinct PitNET lineages (B) from single-cell data, with color-coding indicating 
their identities. (C) Bar graph illustrates the compositional distribution of five CAF subsets in different PitNET lineages. (D) Violin plot showing the expression of top three genes within each 
CAF subset. (E) CytoTRACE infers the differentiation status of distinct CAF subsets. (F) Bar plot depicting enrichment of upregulated genes in distinct signaling pathways for the CAF3 and 
CAF5 subsets. (G) Heatmap shows the top differentially enriched pathways across the five distinct CAF subsets, as identified by GSVA. (H) Dot plot shows the metabolic pathway activity of 
five distinct CAF subsets, using scMetabolism analysis. The circle size and color darkness both represent the scaled metabolic score. CAF: Cancer-associated fibroblast; CoA: Coenzyme 
A; GSVA: Gene set variation analysis; MIX: Multiple cell lineages; PIT1: Pituitary-specific transcription factor 1; PitNETs: Pituitary neuroendocrine tumors; SF1: Steroidogenic factor 1; TPIT: 
T-box transcription factor 19; UMAP: Uniform manifold approximation and projection.
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processing, and focal adhesion, all of which contribute to 
creating a TME conducive to tumorigenesis and metasta-
sis [Figure 2F]. Conversely, CAF5 exhibited enrichment in 
the TNF signaling pathway, lipid metabolism and ather-
osclerosis, and the IL-17 signaling pathway [Figure 2F]. 
GSVA analysis of the CAF subset signatures further 
revealed CAF3 enrichment in epithelial-mesenchymal 
transition, glycolysis, and apical surface. These processes 
were crucial for epithelial integrity and function. In con-
trast, CAF5 was associated with inflammatory responses, 
TNFα signaling via nuclear factor kappa B (NF-κB), and 
MYC target pathways. CAF2 and CAF4 were associated 
with oxidative phosphorylation and fatty acid metabo-
lism [Figure 2G]. Furthermore, scMetabolism analysis 
demonstrated that CAF3 actively participates in the met-
abolic pathways of amino acids, glycosaminoglycans, and 
various other substances [Figure 2H]. The involvement of 
CAFs in these metabolic pathways suggested a potential 
susceptibility to endocrine abnormalities.

Identify the characteristic of myeloid cells in PitNETs

Through systematic single-cell analysis, dimensionality 
reduction-based clustering was applied to the myeloid 
compartment, excluding neutrophils and mast cells, and 
identified seven phenotypically distinct mononuclear 
phagocyte (MP) populations across different PitNET 
lineages, including proliferating MPs, macrophages, 
monocytes, conventional dendritic cell type 1 (cDC1), 
conventional dendritic cell type 2 (cDC2), microglial cells, 
and pDCs [Figure 3A–C]. Notably, monocytes and DCs 
(cDC1, cDC2, and pDCs) were predominantly localized in 
PIT1 lineage tumors. In contrast, the proportion of micro-
glial cells was higher in SF1 and mixed lineages compared 
to those in other lineages [Figure 3D]. Then, the metabolic 
activity of these MP populations was investigated within 
PitNETs. As illustrated in Figure 3E, macrophages and 
microglial cells displayed elevated metabolic activity. This 
suggested that macrophages, the predominant immune 
cells in PitNETs, were susceptible to hormone secretion.

In light of the variable proportions of microglial cells 
among PitNET lineages, their functional profiles were 
compared across PIT1, SF1, and TPIT lineages. Differen-
tially expressed genes were visualized using a volcano 
plot. In contrast to the SF1 lineage, microglial cells in PIT1 
and TPIT lineages exhibited higher expression of C-X3-C 
motif chemokine receptor 1 (CX3CR1) and basic-helix-
loop-helix family member e41 (BHLHE41), which were 
associated with microglial and macrophage responses. 
Conversely, SF1-lineage microglial cells preferentially 
expressed chemokine-related genes [Figure 3F–G]. More-
over, microglial cells in the PIT1 and TPIT lineages appear 
to be involved in neutrophil activation, neutrophil-medi-
ated immunity, neutrophil degranulation, and response to 
interferon-γ [Figure 3H]. Furthermore, the development of 
macrophages was thoroughly investigated. Comprehen-
sive data on these immune cells were collected, and RNA 
velocity was utilized to deduce their developmental path-
ways. Macrophage-derived cell subsets were identified, 
including Macrophages_C1QB, Macrophages_ELMO1,  
Macrophages_FGL2, Macrophages_CXCL3, and Microglial  
cells_CX3CR1. Macrophages_C1QB serves as a 

common progenitor cell capable of differentiating into 
Macrophages_CXCL3 and Microglial cells_CX3CR1 
[Figure 3I]. Additionally, an increase in the mRNA levels 
of interleukin-6 signal transducer (IL6ST), NFKB inhib-
itor alpha (NFKBIA), and transformer 2 beta homolog 
(TRA2B) was observed during the development of mac-
rophages into Microglial cells_CX3CR1 [Figure 3J]. This 
suggested that Microglial cells_CX3CR1, as a terminally 
differentiated macrophage subset, contributed to PitNET 
immune responses.

Heterogeneity of neutrophils in PitNETs

Eight transcriptionally distinct neutrophil subsets were 
identified, showing differential distribution across PitNET 
lineages [Supplementary Figure 2A–C, http://links.lww.
com/CM9/C703]. Among these, the secreted phosphopro-
tein 1 (SPP1)-expressing subset dominated the PIT1 lineage, 
while the cathelicidin antimicrobial peptide (CAMP)-ex-
pressing subset was mainly enriched in the TPIT lineage 
[Supplementary Figure 2C–D, http://links.lww.com/CM9/
C703]. Furthermore, these eight neutrophil subsets were 
associated with distinct biological processes. The IL1B, 
SPP1, CAMP, and S100A12 neutrophil subsets were 
significantly enriched in regulating leukocyte activation, 
humoral immune response, and inflammatory response. 
The neutrophils_ISG15 were highly enriched in antiviral 
processes, including interferon-stimulated gene antiviral 
mechanisms, defense against viruses, and responses to type 
I interferon. The neutrophils_CXCR1 were only enriched 
in peptide chain elongation processes [Supplementary 
Figure 2E, http://links.lww.com/CM9/C703].

In addition, additional brain tumor datasets (by combin-
ing LGG and GBM into a single cohort) were integrated, 
and GEPIA2 was used to evaluate the clinical relevance 
and immune-related functions of neutrophils_SPP1 and 
neutrophils_CAMP. Notably, patients with high expres-
sion of SPP1 [Supplementary Figure 2F, http://links.lww.
com/CM9/C703] and CAMP [Supplementary Figure 2H, 
http://links.lww.com/CM9/C703] showed a significantly 
reduced overall survival (OS) (P <0.001). The SPP1 sub-
set showed strong correlations with both microglial cells 
(R = 0.82, P <0.001) and Treg cells (R = 0.81, P <0.001) 
[Supplementary Figure 2G, http://links.lww.com/CM9/
C703]. In contrast, the CAMP subset was strongly cor-
related with microglial cells (R = 0.83, P <0.001), but 
exhibited only a moderate correlation with Treg cells 
(R = 0.44, P <0.001) [Supplementary Figure 2I, http://
links.lww.com/CM9/C703]. These findings indicate that 
specific neutrophil subsets are associated with poor clinical 
outcomes. Moreover, these neutrophil subsets exhibit func-
tional associations with microglial cells and/or Treg cells.

Diversity of tumor-infiltrating T cells in PitNETs

Our study identified 13 subsets within distinct lineage 
PitNETs, including proliferating T cells, NaiveT_LTB, 
NaiveT_SELL, Tfh_PDCD1, NK_XCL2, NK_FCGR3A, 
Treg_FOXP3, NaiveT_IL7R, NaiveT_TCF7, CD8Teff_
CCL4, CD8Teff_GZMA, CD8Teff_KLRB1, and CD8Trm_ 
ZNF683 [Figure 4A and B]. Moreover, CD4+ and CD8+ 
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T-cell subsets displayed distinct distribution patterns 
across PitNET lineages. CD8+ effector T cells exhibited 
complex distribution profiles across different PitNET 
lineages. Furthermore, CD4+ Treg and T follicular helper  
(Tfh) cells were predominantly enriched in the PIT1 lin-
eage, showing higher abundance compared to the TPIT 
and SF1 lineages [Figure 4C and D]. Flow cytometric 
quantification revealed significant variation in Treg and 
Tfh cell frequencies across PitNET lineages. Notably, PIT1 
tumors exhibited elevated proportions of these immuno-
modulatory cells despite the relatively low abundance of 

overall CD4+ T cell infiltration [Figure 4E, Figure 4F and 
Supplementary Figure 3, http://links.lww.com/CM9/C703]. 
In addition, this finding was quantitatively assessed using 
mIHC, which revealed significantly elevated expression of 
CD3, CD4, FOXP3, and ICOS in the PIT1 lineage com-
pared to others (P <0.001) [Figure 4G and Supplementary 
Figure 4, http://links.lww.com/CM9/C703].

T cell molecular signatures were further characterized 
through scGSVA. Treg cells showed significant enrichment 
in the bile acid metabolism and interleukin-6/Janus 

Figure 3: The heterogeneity of MPs in PitNETs. (A, B) UMAP displaying seven MP populations (A) and four PitNET lineages (B), with color-coding indicating their identities. (C) Dot plot 
displaying the expression of top three genes across cell types. (D) Bar graph depicting the proportional distribution of each cell type across distinct PitNET lineages. (E) Box plot showing 
the distribution of metabolic activity across different cell types, based on scMetabolism. (F, G) Volcano plots showing the differentially expressed genes of microglial cells across distinct 
lineages. PIT1 vs. SF1 (F) and TPIT vs. SF1 (G). (H) For microglial cells, GO enrichment analysis further identifies the signaling pathways enriched among genes upregulated relative to the 
SF1 lineage. (I) The developmental trajectory analysis of macrophages. In the PAGA velocity graph, solid lines indicate stronger relationships than dashed lines. The velocity graph includes 
arrows representing the direction of cellular differentiation. (J) Heatmap of top-likelihood genes illustrates dynamic gene expression changes during the development of macrophages 
into Microglial cells_CX3CR1. BP: Biological process; CC: Cellular component; cDC1: Conventional dendritic cell type 1; cDC2: Conventional dendritic cell type 2; GO: Gene ontology; 
MF: Molecular function; MHC; Major histocompatibility complex; MIX: Multiple cell lineages; MP: Mononuclear phagocyte; PAGA: Partition-based Graph abstraction; pDC: Plasmacytoid 
dendritic cell; PIT1: Pituitary-specific transcription factor 1; PitNETs: Pituitary neuroendocrine tumors; SF1: Steroidogenic factor 1; TPIT: T-box transcription factor 19; UMAP: Uniform 
manifold approximation and projection.

http://links.lww.com/CM9/C703
http://links.lww.com/CM9/C703
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kinase/signal transducer and activator of transcription 3 
(IL-6/JAK/STAT3) signaling pathways. In contrast, Tfh 
and proliferating T cells exhibited enrichment in fatty 

acid metabolism, apical junction regulation, and p53 sig-
naling pathways [Figure 4H]. Moreover, scMetabolism 
was used to analyze the metabolic pathway activity of 

Figure 4: Single-cell profiling of T-cell subsets in PitNETs. (A, B) UMAP visualization of 13 T-cell subsets (A) and four PitNET lineages (B), with color-coding indicating their identities. (C) Bar 
graph showing the proportions of distinct T-cell subsets across various PitNET lineages. (D) Comparison of distinct T-cell subsets distribution among PIT1, TPIT, and SF1 PitNET lineages. *P 
<0.05; †P <0.01. (E, F) Bar graphs indicate the frequencies of Treg and Tfh cells in different lineage tumors (PIT1, n = 3; TPIT, n = 4; SF1, n = 5). (E): CD4+ CD25+ FOXP3+; (F) CD4+ CD44+ 
PD1+ CXCR5+. (G) Representative mIHC staining displaying the presence of CD4+ FOXP3+ Treg cells (orange, yellow, and white represent Treg cells) and CD4+ ICOS+ Tfh cells (yellow 
and white represent Tfh cells) in different lineage tumors (PIT1, n = 3; TPIT, n = 3; SF1, n = 3). Scale bar as indicated. (H) scGSVA reveals the hallmark pathways across distinct T-cell 
subsets. (I) Dot plot showing metabolic pathway activity of defined T-cell subsets, analyzed by scMetabolism. The circle size and color darkness both represent the scaled metabolic score. 
CD: Cluster of differentiation; CXCR5: C-X-C chemokine receptor type 5; FOXP3: Forkhead box protein P3; ICOS: Inducible T-cell costimulator; mIHC: Multiplex immunohistochemistry; 
MIX: Multiple cell lineages; PD1: Programmed cell death protein 1; PIT1: Pituitary-specific transcription factor 1; PitNETs: Pituitary neuroendocrine tumors; scGSVA: Single-cell gene 
set variation analysis; SF1: Steroidogenic factor 1; Tfh: T follicular helper; TPIT: T-box transcription factor 19; Treg: Regulatory T; UMAP: Uniform manifold approximation and projection.



Chinese Medical Journal 2026;139(4) www.cmj.org

605

tumor-infiltrating T cells. Proliferating T cells demon-
strated markedly higher activity across many metabolic 
pathways compared to all other subsets. Treg cells were 
actively involved in arginine and proline metabolism, 
while Tfh cells were engaged in glycosphingolipid biosyn-
thesis as well as glycine, serine, and threonine metabolism 
[Figure 4I].

Cellular interactions within the TME of PitNETs

Given the inherent heterogeneity of TME, CellPhoneDB 
was employed to systematically deconvolve the intercel-
lular communication networks among transcriptionally 
defined cell subsets. Ligand-receptor analysis revealed 
preferential interactions between MPs and CD4+ T-cell 
subsets, particularly Treg and Tfh cells [Figure 5A–C]. 
Then, selected ligand–receptor pair analysis further 
indicated that both Treg and Tfh cells interacted with 
monocytes, macrophages, or microglial cells primarily 
through the CTLA4–CD86 or CD28–CD86 pathways. 
Additionally, Treg and Tfh cells interacted with CAF3 
through the TIGHT–NECTIN2 pathway [Figure 5B and 
C].

Subsequently, mIHC staining was conducted on tumor tis-
sues containing macrophages, microglial cells, Treg cells, 
Tfh cells, and CAF3 from PIT1-lineage PitNETs (n = 3) 
to validate and delineate the complex interactions among 
these subsets [Figure 5D]. The mIHC results revealed a 
correlation between CD68+ macrophages or microglial 
cells and FOXP3+ Treg cells, as well as an association 
between POSTN+ CAFs and ICOS+ Tfh cells. These 
interactions suggested a potential modulation of tumor 
immune responses. To mechanistically validate the regula-
tory role of the CTLA4–CD86 pathway in Treg enriched 
PitNET microenvironments, in vitro coculture experi-
ments were performed using CD86+ macrophages and 
naive CD4+ T cells. Flow cytometry results demonstrated 
that treatment with an anti-CD86 neutralizing antibody 
significantly attenuated Treg differentiation mediated by 
CD86+ macrophages (P <0.01) [Figure 5E and F]. This 
functional evidence identified CD86 as a pivotal node 
within the immunosuppressive cellular network, wherein 
macrophage-derived CD86 interacted with CTLA4 on 
infiltrating lymphocytes to promote Treg polarization.

Discussion

PitNETs often display significant heterogeneity in bio-
logical behavior, which complicates the diagnostic and 
treatment approaches.[5,37,38] This challenge is particularly 
acute for aggressive tumor subtypes, where conventional 
therapies often show limited effectiveness.[5] These factors 
underscore the urgent need for a deeper understanding 
of the lineage-specific TME and immune cell infiltration 
patterns in PitNETs.

In antitumor therapy, many previous studies have focused 
on targeting the tumor cells.[39–44] However, CAFs, as criti-
cal non-tumor components of the TME, can remodel the 
stromal architecture by secreting growth factors, inflam-
matory ligands, and ECM proteins, thereby driving tumor 

proliferation, conferring therapeutic resistance, and pro-
moting immune evasion.[45] Furthermore, CAFs exhibit 
substantial molecular heterogeneity, with individual 
subsets displaying unique functional profiles.[46,47] This 
heterogeneity necessitates the development of subset-spe-
cific antitumor strategies.[48] Yet, despite this therapeutic 
significance, CAF heterogeneity across distinct PitNET 
lineages remains inadequately characterized. Here, we 
identified five functional CAF subsets associated with 
different biological processes. Notably, CAF3 demon-
strated the highest abundance in PIT1 lineage PitNETs 
and exhibited marked enrichment in TGF-β signaling, 
ECM remodeling, and epithelial-mesenchymal transition 
pathways. In contrast, CAF5, which predominated in the 
TPIT lineage, showed involvement in pro-inflammatory 
responses. These subsets are similar to the previously 
described collagen-producing and inflammatory CAF 
subtypes, respectively.[49,50] Therefore, the proportions 
and distinct functions of CAF3 and CAF5 may reflect 
underlying heterogeneity in the TME of PitNETs.

The myeloid cell composition and functional states are 
critically involved in regulating tumor progression and 
metastasis.[51,52] Our analysis identified the presence of 
proliferating MPs, macrophages, monocytes, cDC1, cDC2, 
microglial cells, and pDCs in PitNETs. The proportions 
of monocytes and microglial cells varied across distinct 
PitNET lineages, whereas the macrophage proportions 
remained comparable across these lineages. Within the 
TME, macrophages undergo polarization into either 
M1 macrophages, which exhibit antitumor functions, or 
M2 macrophages, which support pro-tumor activities.[53] 
However, macrophage polarization is more complex 
than the M1/M2 binary classification, and its polariza-
tion process is highly dynamic and regulated by diverse 
microenvironmental signals.[54] Recent scRNA-seq studies 
of PitNETs have further identified distinct TAM tran-
scriptional subtypes with unique functional states.[9,10] A 
population of microglial cells_CX3CR1 was observed, 
representing a terminally differentiated macrophage state. 
The developmental trajectory analysis demonstrated that 
these microglial cells_CX3CR1 and macrophages_CXCL3 
originate from a shared Macrophages_C1QB precursor. 
Further analysis suggested that the differentiation of these 
cells is potentially regulated by IL6ST, NFKBIA, and 
TRA2B. Functionally, myeloid-derived suppressor cells 
exhibiting high CX3CR1 expression may facilitate tumor 
immune evasion and are correlated with poor clinical 
outcomes.[55,56]

Neutrophils infiltrate tumor tissues and dynamically 
modulate the TME.[57,58] However, their functional roles 
in PitNETs remain inadequately defined. Our findings 
indicated that there were eight distinct subsets within 
PitNETs, each with unique biological functions. Notably, 
Neutrophils_SPP1 were predominantly localized to the 
PIT1 lineage and correlated with shorter OS in the brain 
tumor cohort. This finding is consistent with previous 
reports indicating that high SPP1 expression is associated 
with poor prognosis across multiple cancer types. Moreover, 
SPP1, known as secreted phosphoprotein 1 and commonly 
referred to as osteopontin, has been shown to promote 
immune escape by mediating myeloid cell differentiation 
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and facilitating leukocyte migration.[59] However, further 
investigation is warranted to elucidate the precise mechanisms 
by which SPP1 neutrophil subset can regulate PitNET 
progression, which will guide the development of targeted 
therapies against this specific subset.

Figure 5: The cellular interactions within the TME of PitNETs. (A) Heatmap showing the total number of interactions among different cell types in PitNETs with CellPhoneDB analysis. (B, 
C) Ligand-receptor pair analysis using CellPhoneDB reveals distinct intercellular communication involving both Tregs (B) and Tfh (C) cells. P-values are indicated by circle size; scale is 
shown below the plot. The means of the average expression levels are indicated by color. (D) Representative mIHC staining shows colocalization of macrophages with CD4+ FOXP3+ 
Treg cells (red represents CD68+ macrophages and microglia; orange, yellow, and white represent Treg cells), as well as an association between POSTN+ CAFs and CD4+ ICOS+ Tfh 
cells (cyan represents CAFs; red represents macrophages; yellow and white represent Tfh cells) in PIT1 lineage PitNETs (n = 3). Scale bar as indicated. (E, F) Flow cytometry analysis of 
the proportion of Treg cells in different groups. Treg cell: CD4+ CD25+ CD127-. Three independent experiments. CAF: Cancer-associated fibroblast; CD: Cluster of differentiation; cDC: 
Conventional dendritic cell; CTLA4: Cytotoxic T-lymphocyte antigen 4; FOXP3: Forkhead box protein P3; HAVCR2: Hepatitis A virus cellular receptor 2; ICOS: Inducible T-cell costimulator; 
ICOSLG: Inducible COStimulator ligand; LGALS9: Lectin galactoside-binding soluble 9; Mac: Macrophage; mIHC: Multiplex immunohistochemistry; MP: Mononuclear phagocyte; NCR3: 
Natural cytotoxicity triggering teceptor 3; NCR3LG1: Natural cytotoxicity triggering receptor 3 ligand 1; NECTIN2: Nectin 2; pDC: Plasmacytoid dendritic cell; PDCD1: Programmed cell 
death protein 1; PIT1: Pituitary-specific transcription factor 1; PitNETs: Pituitary neuroendocrine tumors; POSTN: Periostin; PVR: Poliovirus receptor; Tfh: T follicular helper; TIGIT: T cell 
immunoreceptor with Ig and ITIM domains; TME: Tumor microenvironment; TNFSF: Tumor necrosis factor superfamily; Treg: Regulatory T.

Although T cells play pivotal roles in antitumor immu-
nity,[60] the distribution and phenotypic characteristics 
of T-cell subsets within PitNET lineages have not been 
completely elucidated. Our flow cytometry and mIHC 
analyses revealed a significantly elevated abundance of 
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Treg and Tfh cells within the PIT1 lineage. Furthermore, 
Treg cells exhibited significant upregulation of the IL6/
JAK/STAT3 signaling pathway and actively drove argi-
nine/proline metabolism. Previous work has suggested that 
activation of the STAT3 pathway can introduce immuno-
suppression within the TME. The underlying mechanisms 
involve the suppression of cytotoxic T lymphocyte activity 
and/or the enhancement of Treg recruitment.[61–64]

In the complex TME, dynamic interactions among cellu-
lar constituents are critically involved in driving tumor 
progression and immune modulation.[65,66] Therefore, 
this study further investigated the intercellular commu-
nication networks among diverse cell populations in the 
PitNET TME. Our research revealed distinct communica-
tion networks that included Treg and Tfh cells interacting 
with macrophages, microglia, and CAF3 in PitNETs via 
specific ligand-receptor pairs such as CTLA4-CD86, 
CD28-CD86, and T cell immunoreceptor with Ig and 
ITIM domains (TIGIT)-nectin 2 (NECTIN2). These results 
suggested a potential mechanism for immune-mediated 
modulation of PitNET development. Subsequent mIHC 
assays confirmed Treg-macrophage/microglia colocaliza-
tion, indicating myeloid-mediated maintenance of Treg 
cells within the TME. In addition, prior research has 
well established that CAFs can influence T cell activities 
and functions in various cancers.[18,67] Consequently, 
the present investigation was specifically focused on 
CD86 interactions with Treg cells. In vitro coculture 
assays demonstrated that macrophage-derived CD86 
could engage with CTLA4 on lymphocytes to drive 
Treg polarization, establishing CD86 as a key regulator 
in the immunosuppressive network. Previous reports 
have demonstrated that ICIs, including PD1 and CTLA4  
inhibitors, have been used in the treatment of several 
aggressive PitNET cases.[68–71] However, because of the 
limited efficacy and these drugs’ risk of adverse effects[5], 
personalized immunotherapy using immune classification 
offers a promising alternative.[72–73] Our study revealed 
significant immune cell composition heterogeneity among 
the distinct lineage-specific subtypes, further supporting the 
necessity of personalized treatment strategies for PitNETs. 
Moreover, our findings also highlight the CTLA4–CD86 
axis as a potentially valuable therapeutic target. Further 
preclinical and large-scale clinical studies with long-term 
follow-up are still needed to confirm its effectiveness and 
identify biomarkers for response and prognosis.

Our current analysis has several limitations. First, the 
small sample size led to insufficient representation within 
each cell lineage subtype, affecting the statistical power 
and generalizability of the findings. Second, this study 
focused exclusively on tumor samples without including 
normal pituitary tissues as controls, which may have limited 
the ability to distinguish between tumor-specific and 
normal immune compositions. Third, highly abundant 
heterogeneous neutrophil populations were observed 
across the three PitNET lineages. Their precise function, 
whether promoting tumor growth or regression, requires 
further investigation at the single-cell level to be uncovered. 
Therefore, future studies should expand the sample size 
and include normal tissue controls to ensure the robust-
ness and generalizability of the single-cell findings.

In summary, this study provides a comprehensive analysis 
of tumor-infiltrating immune cells in PitNETs, with a 
focus on immune heterogeneity and intercellular com-
munication networks. Specifically, PIT1 lineage PitNETs 
exhibited an enrichment of Treg and Tfh cells, along with 
collagen-producing CAF3. Moreover, the CTLA4–CD86 
pathway mediated a novel immunosuppressive interac-
tion between Treg cells and macrophages, demonstrating 
its role in TME modulation and potential as a therapeutic 
target. These findings deepen our understanding of the 
PitNET immune complexity and provide translational 
insights for novel treatment development and immuno-
therapy research.
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