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Unveiling the role of PPIF and

macrophage subtypes in LSCC
progression via single-cell and
exosome RNA sequencing
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Laryngeal squamous cell carcinoma (LSCC) is a highly aggressive malignancy with a rising incidence
over time. The tumor microenvironment (TME) plays a crucial role in LSCC development, yet the
precise cellular characteristics of laryngeal cancer and its TME remain unclear. Here, we employed
single-cell RNA sequencing analysis to uncover the heterogeneous populations of tumor and immune
cells and investigate the role of the TME in LSCC. This analysis revealed significant heterogeneity
among malignant cells, T cells, and macrophages. Notably, regulatory T cells were markedly increased
at tumor sites, and macrophage analysis identified an increased presence of the Macrophage-C1-
C€1QC subset with up-regulated PPIF expression. Bulk RNA-seq further confirmed PPIF up-regulation
in exosomes derived from LSCC tissues. Consistently, survival analysis indicated that high PPIF
expression was associated with poor prognosis in LSCC. Further analyses suggested that PPIF
up-regulation in Macrophage-C1-C1QC cells was associated with the enhancement of their anti-
inflammatory phenotype and the promotion of F11R-F11R signaling with malignant cells, allowing
LSCC cells to evade macrophage-mediated cytotoxicity. Our study provides new insights into the
cellular dynamics of LSCC and highlights the critical role of Macrophage-C1-C1QC and PPIF in LSCC
progression, offering potential therapeutic targets for treatment.
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Laryngeal squamous cell carcinoma (LSCC) remains a prevalent neoplasm affecting the head and neck region,
constituting approximately 20% of all cases!. Up to 60% of LSCC patients were diagnosed with an advanced
clinical stage (IIT or IV)2 Notwithstanding remarkable progressions in therapeutic modalities encompassing
surgery, radiotherapy, chemotherapy, and immunotherapy, the ten-year survival rate for LSCC has demonstrated
a decrement over the preceding decades. Consequently, it is imperative to discern innovative, reliable biomarkers
for early diagnosis and prognosis that can facilitate therapeutic assessment for individuals afflicted with LSCC.
The tumor microenvironment (TME) is characterized by the interaction of various cell types, including
tumor-associated macrophages (TAMs), T cells, tumor cells, and other cells’. The interplay among these distinct
cell types within the TME possesses significant correlations with tumor progression and represents a promising
therapeutic target’. Numerous studies have demonstrated that the prognosis and malignancy of tumors are
largely dictated by the TME*. Moreover, the interactions between immune cells and tumor cells play a crucial
role in the prognosis of patients with LSCC’. Recently, single-cell RNA sequencing (scRNA-seq) is employed to
unravel the intricacy of the TME by characterizing the gene expression and immune cell subtypes within tumor
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microenvironments®. However, while few articles report the scRNA-seq data for LSCC cells, there is a need for
more data from different patients to better understand the complex TME of LSCC.

In the context of the expeditious progress of cancer immunotherapy, considerable attention is directed towards
the utilization of cell-secreted diminutive vesicles that elicit an immune response. Among these nanoscale
vesicles of cellular origin, exosomes hold significant potential in the field of cancer immunotherapy due to their
immunogenic properties and ability to transfer molecules’. Notably, exosomes originating from tumor cells
and immune cells possess distinctive compositional profiles that directly impact anticancer immunotherapy.
Furthermore, exosomes are capable of transporting their cargo to specific cells, thereby exerting influence over
the phenotype and immune regulatory functions of these targeted cells’.

TAMs, as key components of the tumor microenvironment, play a multifaceted role in tumorigenesis and
cancer progression. These cells are derived from circulating monocytes that are recruited to the tumor site. Upon
recruitment, the local tumor microenvironment influences their polarization into either pro-inflammatory
(M1) or anti-inflammatory (M2) phenotypes. M1 macrophages generally exert anti-tumoral effects through the
production of inflammatory cytokines, reactive nitrogen and oxygen species, and by presenting antigens to T
cells, thereby promoting an immune response against tumor cells. In contrast, M2 macrophages are associated
with tumor-promoting activities. They facilitate tumor growth and metastasis by secreting growth factors,
promoting angiogenesis, and suppressing adaptive immune responses through the release of anti-inflammatory
cytokines. The dynamic balance between M1 and M2 macrophages within the tumor microenvironment is a
critical factor in determining the outcome of cancer progression. In laryngeal cancer, the role of TAMs has
been highlighted in several studies, suggesting that a high density of TAMs correlates with poor prognosis and
enhanced tumor invasiveness.

Peptidylprolyl Isomerase F (PPIF) is a protein coding gene. The protein encoded by this gene is a member
of the peptidyl-prolyl cis-trans isomerase (PPlase) family. PPlases catalyze the cis-trans isomerization of
proline imidic peptide bonds in oligopeptides and accelerate the folding of proteins. This protein is part of the
mitochondrial permeability transition pore in the inner mitochondrial membrane. Activation of this pore is
thought to be involved in the induction of apoptotic and necrotic cell death. Study identifies an enhancer with
an inflammatory bowel disease risk variant that regulates the expression of PPIF, influencing the mitochondrial
membrane potential in macrophages®. Additionally, it demonstrates that PPIF, which encodes cyclophilin D,
regulates mitochondrial permeability transition and significantly impacts the early inflammatory response in
macrophages’. However, it remains unclear whether PPIF directly regulates macrophages or is associated with
the development of LSCC, necessitating further research.

Here, we used single-cell RNA sequencing(scRNA-seq) to analyze tumor and immune cell heterogeneity in
LSCC and found significant variation among malignant cells, T cells, and macrophages. Notably, regulatory T
cells were increased at tumor sites, and Macrophage-C1-C1QC cells exhibited up-regulated PPIF expression.
Bulk RNA-seq confirmed PPIF upregulation in LSCC-derived exosomes, and high PPIF expression correlated
with poor prognosis. Our findings highlight the role of PPIF in enhancing the anti-inflammatory phenotype of
Macrophage-C1-C1QC cells and promoting F11R-F11R signaling, which helps LSCC cells evade macrophage-
mediated cytotoxicity, offering potential therapeutic targets for LSCC treatment.

Results

Landscape view of cell composition in tumor tissue in patients with LSCC

To better investigate the TME of LSCC, we collected three tumor tissues and their adjacent normal tissues from
patients with diagnosed LSCC (Fig. 1a). The H&E staining of these tissues are shown (Fig. 1b). Then, we used
fluorescence-activated cell sorting (FACS) to sort single cells by 7-AAD- for single-cell RNA sequencing. After
stringent quality assessment, a total of 40,667 cells (ranging from 5149 to 9704 per sample) were deemed suitable
for subsequent analysis in the scRNA-seq dataset. Within these cells, a median of 1,286 genes per cell were
detected.

To facilitate a comprehensive exploration of immune cell populations, we performed data normalization
and integration by pooling the scRNA-seq data from all samples. Furthermore, the application of the harmony
and Seurat v4.2.3'0 R packages enabled dataset de-batching and unsupervised clustering to identify discernible
cell populations. After clustering, a total of 22 cell clusters were obtained. Two cell clusters were then manually
removed to end up with 20 clusters (Fig. 1c, d and Supplementary Fig. 1a, b). Graph-based clustering'! was
used to identify the specific cells from these patients, and 12 main cell types were identified, including T cells,
macrophages, mast cells, B cells, fibroblasts, plasma cells, neutrophil cells, pericyte cells, endothelial cells,
epithelial cells and malignant cells (Fig. Le, f). All these cell types were characterized using well-known markers
(Fig. 1g and Supplementary Fig. 1¢).

The CD4 + T cells, neutrophil cells, and macrophages were increased in the tumor tissues of LSCC compared
with their adjacent tissues. Conversely, the proportions of CD8 + T cells and B cells exhibited a decline (Fig. le
and Supplementary Fig. 1d, e). Consistent with recent investigations!?, we observed considerable heterogeneity
in the immune composition across tumors from distinct patients with LSCC. The numbers of different cell type
in each patient are presented in Supplementary Table S1.

Heterogeneity of malignant cells of different LSCC patients

A comprehensive assessment of LSCC tumors led to the identification of 4,780 malignant epithelial cells
characterized by significant chromosomal copy number variants (CNVs). These variants encompassed large-
scale amplifications and deletions of DNA, as compared to the reference data derived from normal epithelial cells
(Fig. 2a). The top 100 deregulated genes of these cell types are shown in Supplementary Table S2. It was reported
that CNVs can drive the rapid adaptive evolution and progress of human cancer!®. The data shows that LSCC
tumor cells contain several CNVs in the entire chromosome, the amplification variants in chromosomes 1, 12,
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Fig. 1. Landscape view of cell composition in tumor tissue in patients with LSCC. (a) Overview of the study
workflow; (b) HE staining of adjacent tissues and LSCC tumor tissues; (¢, d) UMAP plot and proportions of
each cluster with 40,667 cells from 3 LSCC tumor tissues and 3 LSCC adjacent tissues; (e) The expression of
specific marker genes in these cell types; (f) and (g) UMAP plot and proportions annotated by cell types.

20 and the deletion variants in chromosomes 6 and 10 specifically (Fig. 2a). Considering the established role of
the SCEL gene in the oncogenic progression and tumorigenesis of various human cancers, including LSCC", we
conducted an investigation into the expression pattern of SCEL within the malignant cell population. Based on
the presence or absence of detectable SCEL transcripts, we categorized these cells into two groups: epithelial cells
(IRX3) and malignant cells (SCEL) (Fig. 2b, Supplementary Fig. 2a). Among the genes co-expressed in tumor
tissue and exosomes, the volcano plot highlight genes that are significantly up-regulated or down-regulated
(Supplementary Fig. 2b). By comparing the gene expression profiles of tumor tissues and exosomes, researchers
can gain insights into the potential roles of exosomes in tumor development and progression.

We further observed that the expression of ATP5MF, NDUFBI and UQCRQ were up-regulated in
tumor malignant cells (Fig. 2c and Supplementary Fig. 2c), which related to the susceptibility of oxidative
phosphorylation (OXPHOS)'">. In consistent, we observed specifically higher expression of the major genes
involved in OXPHOS and synaptic vesicle pathways as well as chemokine in tumor malignant cells compared
to the malignant cells form their adjacent tissues (Fig. 2¢, d and Supplementary Fig. 2d). All in all, these results
depicted a landscape of the inter- and intra-tumor heterogeneity of the malignant cells in LSCC.

Subtype analysis and altered status of T cells, fibroblasts and neutrophils in LSCC
Since T cells represent the primary cytotoxic immune cells within TME, we proceeded to perform unsupervised
clustering of T cells derived from all samples of LSCC. The clustering analysis successfully identified four clusters
of CD4 + T cells, three clusters of CD8 + T cells, and one cluster of NK/T cells (Fig. 3a). Supplementary Table
S3 presents the top dysregulated genes for each cluster. Within the T cell populations, we employed functional
markers to discern sub-populations of CD4 + T cells (including naive, helper, exhausted, and regulatory T
cells) and CD8 + T cells (including effector and exhausted T cells) (Fig. 3b and Supplementary Fig. 3a). CD4-
C1-CCR7 exhibited a naive phenotype, characterized by the expression of CCR7, TCF7, LEFI, and SELL, and
showed minimal expression of cytokines and effector genes. Treg-FOXP3 displayed elevated levels of signature
genes associated with regulatory T cells, such as FOXP3, IL2RA, IKZF2, and CTLA-4, along with co-stimulatory
markers like ICOS, TNFRSF9, and TNFRSF14.

Among the CD8 + T cell clusters, CD8-C1-GZMB and CD8-C2-XCL1 exhibited high expression levels
of cytotoxic markers such as GZMB and IFNG'®. Consistent with a recent study!’, the results of our study

Scientific Reports|  (2025) 15:10141 | https://doi.org/10.1038/s41598-025-93584-3 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

a InferCNV
zgo..mmm. of Expression 2 : ; F - , ‘ : ol
: -T2 - -
i 5 - = 2 ] *3
Es = A o e = T i g
& - - b bl
s i 1 E Pt (S A
s S e < i d . 3 = 2
= £ f FRo= 3L g f=c
° T s X = - s = L TS - L N 13
o et fal = % 1 " e R
L — -
. 1 2 3 3 = _E EIn it =
et RT3 B e
| o : ’4:- 3 3 f N [T L * 1:“'1 -
ﬁl R - - R 4 - 22 14 « - ‘-_'g;!__
N B0 8 SnESCECRIE IRSE B
g’ 5= | TR ¥ 3 o :A = ‘ B2t 2
= s ] Rk - T M > gl 3 — 5 Sl
I i 3 ST % i1 L T 3
i . SELHE T T e
3 : i8 Pog T &
3 . I i %
i = £ i |-
ncr SlElsE | LmE L {1 3
- L4 - £ 2! 1 & l ©
E | 3 3
5 3 :E| 3 ' =
‘ - H iE E ﬁ
S =i SEE EREIE I AERIE E
k> . 4 . x o5 Li 3 -
§-=3 : 2= IEIE ¥

Genomic Region

] 8 normol

In HYJ AP © HYJHA @ WJGAP O

WJG_HA @ ZXL_AP O ZXL_HA

b Tumor Adjacent Cc Tumor_vs_Adjacent d KEGG Pathway
5 300 _.‘. Oxidative phosphorylation ! i |
| _— : ; 4
= mag % gne Ol e lart 8 S Sesinaan =
Y 3 o Helicobgc‘er lori jnfection |
o = scatiare o .0 Gimdnelia ifection « G
<2C -5 ;200 PRI - 100 Vibrio cholerae infection [ NRNRG__
=200 Endocytosis - I
210 g =300 Synaptic vesicle cycle - | IENEGEG_G
£ celoss | N
-15 =100 I%gg b aust Bacterial ivgson ol .
0 UrleP IiO 5 0 UIVSIAP 1’lo 5 [P Rhela o
- 0 5 1 15 2 %
- : 0.008
Epithelial_IRX3 of 0010
Tumor_SCEL 25 0.0 25 616
Log2FC

Fig. 2. Heterogeneity of malignant cells with different samples. (a) This figure presents an inferCNV analysis
of single-cell RNA sequencing data from LSCC patients. The heatmap displays the relative expression of genes
across genomic regions, identifying potential copy number variations (CNVs) in different cell populations.

The top panel shows the distribution of expression levels in reference cells, which are presumed to have normal
CNVs, plotted against various genomic regions. The bottom panel is categorized by patient condition. Color
Scale: Modified expression values are indicated on the color scale, with red representing higher expression and
blue indicating lower expression relative to the mean. Clusters: Cells are clustered based on the similarity of
CNYV patterns, with the dendrogram on the left illustrating hierarchical clustering results. Cell Annotations:
Cells are annotated with specific identifiers corresponding to different patients and conditions (HYJ_AP, W]G_
AP, ZX]J_AP for observations and HY]_HA, WJG_HA, ZX]_HA for reference), helping to differentiate between
normal and altered genomic expressions; (b) UMAP plot of epithelial cells and malignant cells in adjacent and
tumor tissues isolated from 3 LSCC patients; (c) Volcano plot of tumor tissues compare to adjacent tissues in
malignant cells; (d) KEGG pathway analysis of deregulated expression gene of LSCC tumor cells.
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Fig. 3. Subtype analyses and altered status of T cells in LSCC. (a) The UMAP plots illustrate the distribution
of T cell subsets within all sampled T cells, T cells from tumoral tissues, and adjacent non-tumoral tissues.
Each dot represents a single cell, color-coded to indicate different T cell subtypes based on gene expression
signatures; (b) The expression of specific marker genes in these T cells subsets; (c) The bar chart compares
the proportion of various T cell subpopulations between control individuals and LSCC patients. The color
corresponds to the T cell subsets defined in the UMAP plots, facilitating a direct comparison of cellular
composition between health and disease states; (d) Diffusion pseudotime analysis in different T cells subsets.
(e) Diffusion pseudotime analysis of T cells in adjacent and tumor tissues isolated from 3 LSCC patients.

revealed that CD8-C3-GZMK, which acts as a transitional population, exhibited a specific expression profile of
transcription factors when compared to the other CD8 clusters. Notably, this population displayed a significantly
higher level of EOMES. Interestingly, it was observed that this specific cluster was the only one containing
cells with elevated levels of GZMK, implying a potential association between EOMES and GZMK. Subsequent
investigations confirmed a positive correlation between GZMK and EOMES in both CD8-C3-GZMK cells and
the overall CD8 + T cell population (Fig. 3b, ¢, and Supplementary Fig. 3a).

Additionally, another cluster (NKT-NKG7) exhibited high expression levels of granzyme genes and NKG7,
while displaying the lowest expression levels of checkpoint genes, SELL, and TCF7, indicating a population of
recently activated effector T cells (Fig. 3b and Supplementary Fig. 3a). To explore gene networks associated
with exhausted CD8 + T cells and regulatory T cells, we utilized publicly available signatures for naive T cells,
regulatory T cells, and exhaustion'®.

The distribution of different T cell type in the tumor tissues and their adjacent tissues showed that CD4-C1-
CCRY7 cells and Treg-FOXP3 cells were increased in the tumor tissues of LSCC. In contrast, the percentages of
CD8-C1-GZMB and CD8-C2-XCL1 cells were decreased (Fig. 3¢ and Supplementary Fig. 3b, c). To trace the
origin of intratumoral T cells, we performed pseudotime trajectory analysis and revealed the most terminal
status with the highest pseudotime scores for T cells in tumors by using Monocle2 (Fig. 3d, e and Supplementary
Fig. 3d). We detected a discernible pattern of pathway enrichment unique to each T cluster, indicative of their
diverse functional roles. Particularly, the KEGG pathway analysis!® demonstrated that the CD4_C1_CCR7
cells in LSCC tumor tissues have different gene expression levels in OXPHOS (Supplementary Fig. 4a). The
chemokine signal pathway was highly enriched in CD8_C1_GZMB (Supplementary Fig. 4b), while the antigen
processing and presentation was highly enriched in CD8_C2_XCL1 (Supplementary Fig. 4c). In addition, the
interleukin-10 production, T cell activation, and NF-«B signaling pathways were enriched in Treg FOXP3
(Supplementary Fig. 4d). In short, we identified the distribution and functional pathways of different T cell types
in tumor tissues and their adjacent normal tissues of LSCC.

To further evaluate the impact of LSCC tumor cells on fibroblasts, we analyzed the different performance of
fibroblasts between the tumor and adjacent tissues of LSCC. The analysis identified a total of 5414 fibroblasts,
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which were classified into two clusters by well-known markers in LSCC tissues (Supplementary Fig. 5a). The
expression of specific marker genes is presented in Supplementary Fig. 5b. The percentage of subsets of fibroblasts
in the tumor and adjacent tissues are shown respectively in Supplementary Fig. 5c. The UMAP plot shown the
distribution of these subsets of fibroblasts in the tumor tissues and their adjacent normal tissues (Supplementary
Fig. 5a). The data showed that fibroblasts (Fibroblast_ COL3A1) and pericyte cells (Pericyte_ ACTA2) have no
significant change in the LSCC tumor tissues compared with their adjacent tissues (Supplementary Fig. 5c).
Then, the KEGG pathway analysis!® of the clusters of Fibroblast COL3A1 cells and Pericyte_ ACTA2 cells
demonstrated the differential gene expression also occurred in the OXPHOS and antigen processing and
presentation pathways (Fig. 5d, e), respectively.

To examine the effect of LSCC tumor cells on neutrophils, we analyzed the differential role of neutrophils
in the tumor and adjacent tissues of LSCC patients. First, a total of 1334 neutrophils were identified, and they
were grouped into two clusters by well-known specific marker genes in LSCC (Supplementary Fig. 6a). The
expression of the specific marker genes is shown in Supplementary Fig. 6b. The percentages of neutrophil subsets
in tumor and adjacent tissues are shown in Supplementary Fig. 6¢, respectively. We used UMAP plots to present
the distribution of these neutrophil subsets in the tumor tissue and adjacent tissues (Supplementary Fig. 6a).
Our data showed that neutrophils (Neutrophil_FCGR3B) were more abundant in tumor tissues (Supplementary
Fig. 6¢). In contrast, mast cells (Mast_TPSB2) were reduced in the TME of LSCC tumor tissues (Fig. 5¢). GO
analysis of Neutrophil_FCGR3B cell clusters indicated that differential gene expression in tumor tissues mainly
occurred in positive regulation of cytokine production and immune response regulation signaling pathways
(Supplementary Fig. 6d, e).

Distinct functional composition of macrophage cells in LSCC

Subsequently, we performed unsupervised clustering analysis on macrophage cells, which resulted in the
identification of five distinct clusters. These clusters encompassed three macrophage clusters, one monocyte
cluster, and one dendritic cell (DC) cluster (Fig. 4a—c and Supplementary Fig. 7a, b). Supplementary Table S4
presents the top differentially expressed genes associated with these clusters. Leveraging the validated gene
signatures of monocytes, classically activated macrophages (M1), alternatively activated macrophages (M2),
and myeloid-derived suppressor cells (MDSCs)'2, macrophage clusters were identified. Macrophage-C3-
SNX10, representing the M1; Macrophage-C2-SPP1, representing the M2; Macrophage-C1-C1QC representing
MDSC*; Mono-C1-VCAN showed a strong monocyte signature; DC_CD1C was conventional DCs (Fig. 4a-
¢). The distribution of different macrophage cell type in the tumor and adjacent tissues of LSCC showed that
Macrophage-C1-C1QC accounted for the majority of macrophages and increased in tumor tissues (Fig. 4c and
Supplementary Fig. 7c). Mono-C1-VCAN and DC_CDIC cells were also increased. In the context of differential
expression analysis between the tumor and the adjacent in Macrophage-C1-C1QC cells, heatmap visualize genes
that are significantly up-regulated or down-regulated (Fig. 4d).

Through functional enrichment of highly expressed genes, GO analysis can help researchers gain insight
into the potential role of Macrophage in the development of aspects such as regulating immune response and
apoptosis in LSCC (Fig. 4e). To elucidate the origin of intratumoral macrophages, we employed pseudotime
trajectory analysis using Monocle2, which unveiled the Macrophage-C2-SPP1 cells within tumors exhibiting the
most advanced state with the highest pseudotime scores (Fig. 4f, g and Supplementary Fig. 7d). Notably, Given
that Macrophage-C1-C1QC cells predominate in tumors, limited expression of resident markers may indicate
their recent differentiation into Macrophage-C2-SPP1.

PPIF were up-regulated in the Macrophage-C1-C1QC and exosomes derived from the LSCC
tumor

To study the differential gene expression in the Macrophage-C1-C1QC cell of LSCC tumor, we performed
differential expression analysis and discovered 161 up-regulated genes and 115 down-regulated genes in the
Macrophage-C1-C1QC in LSCC tumor tissues compared with those in their adjacent tissues (avg_log2FC >
0.58 and p_val_adj > 0.05) (Supplementary Table S5). In the context of differential expression analysis between
the tumor and the adjacent in exosomes discovered 449 up-regulated genes and 98 down-regulated genes
(Supplementary Table S6). Through Venn diagram analysis, Macrophage-C1-C1QC and exosomes shared 16
up-regulated genes and 3 down-regulated genes in common (Fig. 5a). The dotplot shows the expression of these
co-expressed genes in the single-cell RNA-seq data (Fig. 5b). Volcano plot and heatmap visualize genes that are
significantly up-regulated or down-regulated (Fig. 5c, d) and the correlation of these genes in the exosome data
(Fig. 5e).

By highlighting genes that are co-expressed between macrophage cells and exosomes, heatmap can help
researchers to gain insights into the potential roles of exosomes in regulating immune responses and the
development of diseases such as cancer and inflammatory disorders. For example, PPIF gene was up-regulated
in the Macrophage-C1-C1QC from LSCC tumor tissues (Fig. 5f). This result is consistent with the exosome
data we detected. The data showed that the expression of PPIF was higher in exosomes derived from tumor than
those derived from adjacent tissues (Fig. 5g). We used the GEPIA 2 database to perform prognostic analysis by
grouping PPIF according to the median value and found that the prognosis of patients with high PPIF expression
was significantly worse than that of patients with low PPIF expression?! (Fig. 5h). Furthermore, a published
database?? was used to screen drugs and signaling pathways and found 19 drugs and 2 signaling pathways related
to PPIF anti-apoptotic pathway genes, as shown in Table 1 and Supplementary Table S7.

To elucidate the origin of intratumoral Macrophage-C1-C1QC, we conducted a pseudotime trajectory analysis
using Monocle2 (Fig. 4f, g and Supplementary Fig. 7d). Our analysis revealed that Macrophage-C1-C1QC cells
were in their most recent state. Given that the pseudotime trajectory analysis mainly positioned macrophages
within tumors, and considering their limited expression of resident markers, it suggests that Macrophage-C1-
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Fig. 4. Distinct functional composition of macrophage cells in LSCC. (a, ¢) UMAP plot of macrophage cells
subsets; (b) The expression of specific marker genes in macrophage cells subsets; (d) Diffusion pseudotime
analysis in different macrophage cells subsets; (e) Diffusion pseudotime analysis of macrophage cells in
adjacent and tumor tissues isolated from 3 LSCC patients; (f) Heatmap of different genes of Macrophage-C1-
C1QC in adjacent and tumor tissues isolated from 3 LSCC patients; (g) GO analysis of deregulated expression
gene of Macrophage-C1-C1QC cells.

C1QC cells have a recent influx from the bone marrow. Consequently, the up-regulation of PPIF in Macrophage-
C1-C1QC may contribute to the immune evasion mechanisms of LSCC tumors. These results indicate that PPIF
is up-regulated in both macrophages and exosomes within LSCC tumors, underscoring its potential value in the
diagnosis and treatment of LSCC.

PPIF is associated with the survival and differentiation of Macrophage-C1-C1QC cell in LSCC
To elucidate the impact of PPIF upregulation on Macrophage-C1-C1QC cell function, in total of 277
Macrophage-C1-C1QC cells were extracted from the LSCC tumor tissues. We further used the median of PPIF
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Fig. 5. PPIF were up-regulated in LSCC tumor Macrophage-C1-C1QC and exosome. (a) Venn diagram
analysis of Macrophage-C1-C1QC differentially expressed genes, highly expressed genes in single-cell
transcription data, and differentially expressed genes and highly expressed genes in exosome data; (b) Dotplot
of Macrophage-C1-C1QC differentially expressed genes in single-cell transcription data; (c) Volcano of
differentially expressed genes in exosome; (d) Heatmap of differentially expressed genes in exosome; (e)
Corrplot analysis shows the correlation of PPIF gene in exosome; (f) VInplot of PPIF in Macrophage-C1-C1QC
of single-cell transcription data; (g) Boxplot of PPIF gene in exosome; (h) Survival curve of PPIF in Head and
Neck Squamous Cell Carcinoma (HNSC) of GEPIA2 database.

gene expression as a standard to divide the Macrophage-C1-C1QC cell population into two subgroups: PPIF
high expression (Macrophage-C1-C1QC-PPIF_high) and PPIF low expression (Macrophage-C1-C1QC-PPIF_
low) groups. Differential expression and functional enrichment analyses revealed that the differential genes
between those two subgroups were enriched on the key function pathways associated with the regulation of
tumor microenvironment, cell survival and differentiation, such as NF-KB, phagosome, apoptosis, myeloid cell
differentiation signaling pathways (Fig. 6a—e). The top variable genes were showed in Fig. 6¢c. By performing
pseudotime series analysis on the Macrophage-C1-C1QC cell population, we found that there was a certain
transformation relationship between Macrophage-C1-C1QC-PPIF_high and Macrophage-C1-C1QC-PPIF_
low subgroups (Fig. 6f-h). These results suggest that the up-regulation of PPIF may influence the survival,
differentiation, and function of macrophages by affecting the expression of key genes such as JUN (Fig. 6c¢).
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No. | Symbol | Drug name kegg pathway

1 ILIA Rilonacept Apoptosis

2 MMP9 | Aminoquinuride Pathways in cancer
3 MMP9 | Beclometasone dipropionate | Pathways in cancer
4 MMP9 | Budesonide Pathways in cancer
5 MMP9 | Busulfan Pathways in cancer
6 MMP9 | Cefonicid Pathways in cancer
7 MMP9 | Cefotetan Pathways in cancer
8 MMP9 | Cefotiam Pathways in cancer
9 MMP9 | Cefuroxime Pathways in cancer
10 | MMP9 | Cefalotin Pathways in cancer
11 | MMP9 | Cefradine Pathways in cancer
12 | MMP9 | Chlorhexidine Pathways in cancer
13 | MMP9 | Dacarbazine Pathways in cancer
14 | MMP9 | Econazole Pathways in cancer
15 | MMP9 | Floxacillin Pathways in cancer
16 | MMP9 | Secobarbital Pathways in cancer
18 | MMP9 | Zoledronic acid Pathways in cancer
18 | MMP9 | Quercetin Pathways in cancer
19 | MMP9 | Prazosin Pathways in cancer

Table 1. The drug-target-pathway interactions with apoptotic signaling pathway.

Consequently, this regulates the tumor immune microenvironment related to the development of LSCC. To
further strengthen our findings, we conducted additional analyses, including in-depth single-cell analysis.
We observed that, compared to Macrophage-C1-C1QC cells with downregulated PPIF expression, those with
upregulated PPIF expression displayed an increased expression of the immune-suppressive macrophage marker
CD163, along with the secretion of tumor-promoting cytokines (“IL6”, “VEGFA”, “CCL5”, “MMPI’, “MMP3,
and “MMP9”) (Fig. 6i and j, and Supplementary Fig. 8a). These results further support the notion that PPIF
up-regulation in LSCC plays a pivotal role in modulating the tumor immune microenvironment and promoting
tumor progression.

To further explore inter-patient variability, we performed patient-based subgroup analysis. Notably,
one patient did not exhibit detectable Macrophage-C1-C1QC cells, while two other patients did. These two
patients, in which Macrophage-C1-C1QC cells were identified, displayed similar expression patterns of PPIF,
CD163, and tumor-promoting cytokines (“IL6”, “VEGFA”, “CCL5”, “MMP1”, “MMP3’, and “MMP9”), with no
significant differences between them (see Supplementary Fig. 8b). These results suggest that the heterogeneity of
Macrophage-C1-C1QC cells and PPIF-related factors across patients may be minimal. However, larger sample
sizes and further validation are needed to confirm these findings. Nonetheless, our data indicate that these
factors have potential as widely applicable immune therapeutic targets and biomarkers for laryngeal cancer
treatment.

Up-regulation of PPIF is associated with the anti-inflammatory phenotype of Macrophage-
C1-C1QCcellsin LSCC

Tumors and their surrounding microenvironments are complex communities of cells that modify local immune
cell functions. The interaction between tumor cells and these inmmune cells are a vital parts of TME. We used
a reference list of approximately 1,800 known, literature-supported interactions containing receptor-ligand
interactions from the chemokine, cytokine, receptor tyrosine kinase (RTK), and tumor necrosis factor (TNF)
families and extracellular matrix (ECM)-integrin interactions®*. Bubble plot showed the ligand-receptor pairs
contributing to the signaling between the tumor cells and these immune cell clusters of LSCC (Fig. 7a, b).
In LSCC tissues, the interactions of CD209-CECAMI1 and APP-CD74 between Macrophage-C1-C1QC cells
and malignant cells were significantly reduced compared to adjacent tissues, while these interactions between
Macrophage-C1-C1QC cells and Macrophage-C2-SPP1 cells, as well as Macrophage-C3-SNX10 cells, were
significantly increased. We found that CD209-CECAM1 and APP-CD74 interactions were present in the LSCC
microenvironment compared with adjacent adjacent tissues.

In LSCC tumor tissues, we grouped Macrophage-C1-C1QC cells and divided them into Macrophage-C1-
C1QC-PPIF_high and Macrophage-C1-C1QC-PPIF-low groups based on the median value of PPIF. Compared
to Macrophage-C1-C1QC-PPIF-Low cells, Macrophage-C1-C1QC-PPIF_high cells exhibited higher expression
of MRC1 and CD163, and displayed a stronger anti-inflammatory phenotype (Fig. 7c). In consistent, further
ligand-receptor analysis of the immune microenvironment suggested that Macrophage-C1-C1QC-PPIF_high
cells specifically exhibited the F11R-F11R ligand-receptor relationship with malignant cells (Fig. 7d, e). This
suggests that in LSCC tumors, when Macrophage-C1-C1QC cells were induced to up-regulate PPIF, it enhances
the F11R-F11R ligand-receptor signaling between macrophages and LSCC malignant cells. Consequently, this
allows LSCC malignant cells to evade macrophage-mediated cytotoxicity.
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Fig. 6. Function of Macrophage-C1-C1QC_PPIF_high in LSCC tumor. (a, b) KEGG and GO analysis

of deregulated expression gene of Macrophage-C1-C1QC_PPIF_high cells; (c) Volcano of differentially
expressed genes in Macrophage-C1-C1QC_PPIF_high cells; (d, e) Circular plot displaying genes from three
signaling pathways associated with tumor immunity, as identified in KEGG and GO analyses; (f-h) Diffusion
pseudotime analysis in Macrophage-C1-C1QC_high cells of LSCC. (i-j) Comparison of CD163 expression
and pro-tumor cytokine score between PPIF-high and PPIF-low Macrophage-C1-C1QC cells.

Materials and methods

Experiment model

Human freshly frozen LSCC tissues were collected from The Third People’s Hospital of Shenzhen, under their
Standard Experimental Ethics Protocol and approved by the Research Ethics Committee of The Third People’s
Hospital of Shenzhen. After obtaining written informed consent, individuals with suspected or diagnosed LSCC
were recruited for participation in this study. Fresh tissue samples were collected during surgical debulking
procedures conducted at the primary tumor sites. During surgery, the surgeon sampled the margin of the tumor.
The margin may contain invasive front tumor cells. Adjacent non-tumor tissue selected at a certain distance
(typically at least 2 cm) from the tumor margin. Although this tissue is near the tumor, it may not contain tumor
cells and can serve as a control. The process of tissue acquisition strictly adhered to the prescribed guidelines
and regulations.

Cell preparation

Within 48 h of surgery, LSCC tissues underwent enzymatic dissociation to obtain single cells. Cell quantification
was performed using the Countstar Rigel S3 instrument with dual-fluorescence AO/PI staining. Following
cell sorting, the samples were promptly centrifuged and resuspended in PBS at a concentration of 800-1200
cells/pl, based on the cell count. Subsequently, the Gel Bead-In Emulsions (GEM:s) required for the Chromium
Controller were generated, and cell barcoding was conducted.
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Fig. 7. Bubble plot showed the ligand-receptor pairs contributing to the signaling between the immune cell
clusters of LSCC. (a, b) Macrophage-C1-C1QC acts as a ligand and other cell types act as receptors; (c) Dotplot
of anti-inflammatory macrophage signature genes; (d) Macrophage-C1-C1QC-PPIF_high acts as a ligand and
other cell types act as receptors; (e) other cell types act as ligands and Macrophage-C1-C1QC-PPIF-low acts as
receptors.

Construction of scRNA-seq libraries

For each patient, the construction of 3" Gene Expression Libraries for scRNA-seq was carried out using the
Chromium Single Cell Library (v3 chemistry) in accordance with the guidelines provided by the manufacturer
(http://support.10xgenomics.com).

Analysis of scRNA-seq data

The Seurat v4.2.3 package was employed for the analysis of primary scRNA-seq data. To ensure high-quality data
for downstream analysis, we implemented stringent quality control metrics, excluding cells with low-quality
or insufficient transcript counts. Specifically, we filtered the data to include genes expressed in at least 10 cells,
and cells with gene expression ranging from 500 to 8,000 genes, while mitochondrial transcripts were restricted
to less than 20%. To mitigate batch effects and technical variability, the Harmony algorithm?* was applied for
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dataset integration, which effectively aligned data from multiple sources and minimized potential confounding
effects. This strategy enhanced the robustness and comparability of the integrated dataset. Additionally, we
performed rigorous data normalization using the ‘SCTransform’ within the Seurat pipeline to ensure consistency
in gene expression levels across cells, addressing variability due to differences in sequencing depth. Following
integration, principal component analysis (PCA) was performed, followed by Uniform Manifold Approximation
and Projection (UMAP) for visualization and subpopulation identification. Clear cell clusters were observed,
which were subsequently validated through marker gene expression analysis.

For single-cell analysis of cell composition, we used the Seurat package to perform cell type identification
and quantify the proportion of different cell populations in tumor and adjacent tissues. The predominant
cellular subpopulations within the and immune compartments were delineated based on cluster-averaged gene
expression levels of the subsequent gene markers: (1) Malignant: SCEL, (2) B cells: MS4A 1, CD79A, (3) CD4 cells:
CD3D, CD4, (4) CD8 cells: CD3E, CD8A, (5) Macrophage: CD14, CD163, (6) Fibroblasts: COL3A1, (7) Pericyte
cells: ACTA2, (8) Plasma cells: IGHAI, (9) Mast cells: TPSB2, (10) Neutrophil cells: FCGR3B, 11) Endothelial
cells: VWF, 12) Epithelial cells: IRX3. For in-depth investigation of T cell and macrophage cell populations, the
dataset was narrowed down to exclusively include these specific cell types. Subsequently, the data underwent
comprehensive processing from its raw form, following the aforementioned methodology.

The examination of T cell and macrophage cell populations in each individual patient was carried out through
the division of the subset population based on patients, followed by the processing of raw data according to the
previously described methodology.

Pro-tumor cytokine score calculation

The pro-tumor cytokine score was calculated by averaging the expression levels of the tumor-promoting
cytokines: “IL6”, “VEGFA”, “CCL5”, “MMP1I”, “MMP3”, and “MMP9’. This score was used to quantify the overall
expression of these cytokines in macrophage-C1-C1QC cells and to assess their potential role in promoting
tumor progression.

InferCNV analysis

The inferCNV tool was utilized to evaluate the initial copy number variations (CNVs) for each region?. CNV
was determined by considering the expression level of each cell. Epithelial cells were classified as malignant cells,
while other cells were categorized as normal cells.

Monocle analysis
The R package of monocle2 was used to perform the diffusion pseudotime analysis was conducted using the
monocle2 software and the results were subsequently transferred back to Seurat.

Cellchat analysis

CellChat?? is an R package designed for inference, analysis, and visualization of cell-cell communication from
single-cell and spatially resolved transcriptomics. CellChat aims to enable users to identify and interpret cell-cell
communication within an easily interpretable framework, with the emphasis of clear, attractive, and interpretable
visualizations.

Gene expression analysis and functional enrichment analysis

Single-cell gene expression analysis was conducted using Seurat v4.2.3. Differential gene expression between
tumor and adjacent tissues was identified using the FindMarkers function, applying the Wilcoxon rank-sum test.
Genes with an adjusted p-value < 0.05 and log2 fold change > |1| were considered significant. The differential
gene expression analysis of exosome RNA sequencing data was performed using the COVID19db platform
(http://www.biomedical-web.com/covid19db/)*. This platform enables the processing and comparison of
gene expression between different groups, providing insights into the differences in RNA profiles. Functional
enrichment analysis was performed using the ClusterProfiler (v3.18.1) package?’, with Gene Ontology (GO) and
KEGG pathway analyses!? to explore biological processes and pathways associated with differentially expressed
genes. Significant terms (adjusted p-value < 0.05) were visualized using bar and dot plots to highlight key
pathways involved in LSCC progression.

Identification of subpopulations

The identified macrophage and T cell clusters were assigned annotations based on the average gene expression
profiles of the specified gene markers?: (1) Macrophage: CD14, APOE, (2) myeloid cells: SP100A9, LYZ, (3) DC
cells: CD1C, CLEC9A, (4) CDS8 T cells: CD8A, CD8B, (5) CD4 cells: CD4, FOXP3.

Exosomes isolation

Exosomes were isolated from the serum of subjects with LSCC and vocal cord polyps. To initiate the isolation
procedure, the serum underwent filtration by using a 0.45-um PVDF filter (Millipore, Billerica, MA) in order to
remove any cellular debris. The exosomes were harvested by centrifugation of the mixture at 1,5000 g for 30 min
under refrigerated conditions (4 °C).

Survival analysis

To evaluate the prognostic value of PPIF expression and other key variables, Kaplan-Meier survival analysis was
performed using data from TCGA head and neck cancer cohort. Patients were categorized into high and low
expression groups based on PPIF expression. The log-rank test compared survival distributions between groups,
and Cox proportional hazards regression analysis assessed hazard ratios, adjusting for potential confounders

Scientific Reports |

(2025) 15:10141 | https://doi.org/10.1038/s41598-025-93584-3 nature portfolio


http://www.biomedical-web.com/covid19db/
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

like age, gender, and clinical stage. A p-value of less than 0.05 was considered statistically significant. Survival
analysis was conducted using the survival and survminer packages in R (4.3.1).

Statistic analysis

For pairwise comparisons between groups in the violin plots, we used the Mann-Whitney U test to assess
differences in distributions between two independent groups, given that the data did not follow a normal
distribution. A p-value of less than 0.05 was considered statistically significant. All statistical analyses were
performed using the R programming language (4.3.1) with packages such as ggplot2 for visualization and dplyr
for data manipulation.

Discussion

LSCC is an aggressive malignant tumor with limited treatment options and poor patient prognosis. scRNA-seq
has shown great potential in understanding the complexity and heterogeneity of LSCC and has led to significant
advances in our understanding of the molecular mechanisms underlying LSCC development and progression.
The application of scRNA-seq in LSCC has revealed the existence of previously unknown cell subpopulations,
which are associated with distinct functional pathways, and have potential clinical significance in the diagnosis
and treatment of LSCC. In addition, scRNA-seq has provided new insights into the interactions between LSCC
cells and the tumor microenvironment, including immune cells and stromal cells, which are essential for tumor
growth and metastasis.

Despite these challenges, the potential benefits of scRNA-seq in LSCC research are clear. By enabling the
study of gene expression at the level of individual cells, this technology has the potential to reveal the underlying
molecular mechanisms of LSCC, identify new therapeutic targets, and develop personalized treatments
that are tailored to the unique genetic profile of individual patients. Immunological therapy is an emerging
treatment that may improve the treatment effect and survival time of patients. However, the complex immune
microenvironment of LSCC limits the effectiveness and the use of immunotherapy in patients. scRNA-seq is an
effective method to understand the immune microenvironment of cancer.

Our study found that OXPHOS-related genes are upregulated in LSCC tumor cells, indicating increased
reliance on OXPHOS to support tumor growth, consistent with findings in other cancers?*-32. We also observed
elevated expression of genes involved in OXPHOS, chemokine signaling, and synaptic vesicle pathways, linking
metabolism with immune modulation. KEGG pathway analysis'® revealed distinct enrichments in T cell clusters:
CD4_C1_CCR7 cells showed altered OXPHOS, chemokine signaling was enriched in CD8_C1_GZMB cells,
and antigen processing was prominent in CD8_C2_XCL1 cells. These results suggest OXPHOS affects tumor
survival and immune function, with metabolic changes, like increased ROS production, potentially suppressing
T cell activation and promoting immune evasion®**. Additionally, differential expression of OXPHOS and
antigen presentation in stromal cells (Fibroblast_ COL3A1 and Pericyte ACTA2) indicates that metabolic
shifts in the TME influence immune responses. In summary, OXPHOS in LSCC supports tumor growth and
modulates immune responses, offering a potential therapeutic target.

In the context of laryngeal cancer, MDSCs play a critical role in modulating the immune landscape, which
significantly impacts disease progression and response to therapy®>. MDSCs are a heterogeneous population
of cells originating from the bone marrow and are known for their potent immunosuppressive activities. Their
function in laryngeal cancer, as in many other malignancies, centers on their ability to inhibit T-cell mediated
immune responses, which are crucial for anti-tumor immunity®®. However, limited research on the roles of
Macrophage in the development and progression of LSCC has restricted further understanding. In this study,
we identified characteristics of the TME in LSCC tumor tissues. Our scRNA-seq analysis results showed that the
numbers of Macrophage-C1QC cells were increased in the LSCC tumor tissues than those in its adjacent tissues.
The results is consistent with the reported that MDSCs show a pro-tumor effect®.

The PPIF gene, encoding Cyclophilin D, is an integral part of the mitochondrial permeability transition pore
and plays a significant role in regulating mitochondrial function and cell death. In the context of cancer, PPIF
has been implicated in various mechanisms that contribute to tumorigenesis and tumor progression, including
alterations in cellular metabolism, resistance to apoptosis, and the modulation of the tumor microenvironment?%.
PPIF is known to influence cancer cell survival and proliferation through its effects on mitochondrial integrity
and apoptosis. Overexpression of PPIF in cancer cells has been associated with increased resistance to
apoptosis, a hallmark of cancer progression. This resistance is primarily mediated by PPIF’s ability to inhibit the
mitochondrial permeability transition, thereby preventing cytochrome c release and subsequent activation of
the caspase cascade essential for apoptotic cell death.

In the TME, particularly in the context of laryngeal cancer, PPIF may play a role in shaping the function
and activity of MDSCs. MDSCs are known for their ability to suppress T-cell mediated immune responses,
thereby promoting tumor immune evasion. The interaction between PPIF and MDSCs could potentially be
through the regulation of mitochondrial functions, which are pivotal for the survival and immunosuppressive
activity of these cells. MDSCs utilize various metabolic pathways to support their immunosuppressive functions,
and PPIF could influence these pathways by regulating mitochondrial calcium uptake and protecting against
mitochondrial dysfunction under the stressful conditions of the TME. Enhanced survival and functionality of
MDSCs due to PPIF could lead to increased immunosuppression within the TME, thereby facilitating tumor
growth and progression®.

In this study, pseudo-time analysis provides valuable insights into the functional evolution of immune
cells, particularly macrophages, within TME. Trajectory analysis of the Macrophage-C1-C1QC subgroup
reveals how cell states evolve over time and their relevance to tumor pathophysiology. Specifically, PPIF_low
macrophages exhibit a pro-inflammatory phenotype associated with anti-tumor activities such as phagocytosis
and T-cell activation, whereas PPIF_high macrophages are linked to a suppressive environment that fosters
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tumor progression. The pseudo-time trajectory effectively captures how these cells adapt to support processes
like angiogenesis and invasion. This approach not only deepens our understanding of macrophage diversity but
also highlights potential therapeutic targets and the optimal timing for intervention.

Given its role in both cancer cell survival and the modulation of the immune response, targeting PPIF
could be a promising therapeutic strategy. Inhibitors of PPIF, such as cyclosporin A, have shown potential in
preclinical models by inducing cancer cell apoptosis and reducing the suppressive functions of MDSCs, thus
enhancing immune-mediated tumor suppression’. Studies have also suggested that high expression of PPIF
may be associated with poor clinical outcomes in LSCC patients, including decreased survival and increased risk
of metastasis. In addition, blocking the PPIF protein using monoclonal antibodies has been shown to inhibit the
proliferation of LSCC cells and promote apoptosis, suggesting that PPIF may be a potential therapeutic target
for LSCC. The presence of PPIF expression within exosomes as revealed by our analysis suggests the potential
involvement of these vesicles in intercellular communication and immune modulation. However, comprehensive
investigations are warranted to fully elucidate the underlying mechanisms and functions associated with this
phenomenon. The study of PPIF gene expression in exosomes may have implications for the diagnosis and
treatment of immune-related diseases.

This macrophage subgroup division based on PPIF expression levels and its differential gene analysis not
only provides a new perspective for understanding the complex role of macrophages in tumor biology, but
also provides potential targets for the development of macrophage-mediated tumor treatment strategies. These
findings will help promote the development of personalized tumor treatment, especially in regulating the activity
of macrophages in the tumor microenvironment.

This study provides valuable insights into the role of PPIF and OXPHOS in LSCC, highlighting their impact
on both cancer progression and immune evasion within TME. In addition to the key metabolic pathways
identified, several other biomarkers and pathways could be targeted for immunotherapy in LSCC. For instance,
immune checkpoint inhibitors targeting PD-1/ PD-L1%*2, which have shown promise in other cancers, could
also enhance T-cell-mediated immune responses in LSCC. Additionally, targeting chemokine signaling
pathways, particularly those associated with CD8 + T cells, could modulate immune cell trafficking to the tumor
site, improving anti-tumor immunity. Furthermore, modulating antigen processing and presentation pathways,
especially in stromal cells, could enhance immune cell recognition of tumor antigens. These approaches may
complement existing treatments and improve the efficacy of immunotherapy in LSCC.

However, there are limitations to this study. The scRNA-seq analysis was based on a small sample size, which
may not fully capture the heterogeneity of LSCC. Larger cohorts are needed for broader validation. While
we identified key pathways like OXPHOS and PPIF expression, further experimental studies are necessary to
confirm their roles in tumor progression and immune modulation. The molecular interactions between PPIF
and immune cells, particularly MDSCs, remain unclear and warrant further investigation. Additionally, the
therapeutic potential of PPIF-targeted interventions requires preclinical and clinical validation to assess their
safety and efficacy. Further research into the mechanisms of PPIF in LSCC is essential, offering a dual target for
therapeutic interventions that could improve outcomes in LSCC and potentially other malignancies.

Data availability

The accession number for the scRNA-seq data and exosome data described in this article is Gene Expression
Omnibus Archive: PRINA975301. To corroborate our scRNA-seq discoveries, one HNSC clinical dataset from
the GEPIA2 data portal was employed in this investigation (available at http://gepia2.cancer-pku.cn).
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