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Abstract 

We report proteogenomic analysis of locally advanced cervical cancer (LACC). Exome-seq data revealed predominant 
alterations of keratinization-TP53 regulation and O-glycosylation-TP53 regulation axes in squamous and adeno-LACC, 
respectively, compared to in early-stage cervical cancer. Integrated clustering of mRNA, protein, and phosphorylation 
data identified six subtypes (Sub1-6) of LACC among which Sub3, 5, and 6 showed the treatment-resistant nature 
with poor local recurrence-free survival. Elevated immune and extracellular matrix (ECM) activation mediated by acti-
vated stroma (PDGFD and CXCL1high fibroblasts) characterized the immune-hot Sub3 enriched with MUC5AChigh epi-
thelial cells (ECs). Increased epithelial-mesenchymal-transition (EMT) and ECM remodeling characterized the immune-
cold squamous Sub5 enriched with PGK1 and CXCL10high ECs. We further demonstrated that CIC mutations could 
trigger EMT activation by upregulating ETV4, and the elevation of the immune checkpoint PVR and neutrophil-like 
myeloid-derived suppressive cells (FCN1 and FCGR3Bhigh macrophages) could cause suppression of T-cell activation 
in Sub5. Increased O-linked glycosylation of mucin characterized adeno-LACC Sub6 enriched with MUC5AChigh ECs. 
These results provide a battery of somatic mutations, cellular pathways, and cellular players that can be used to pre-
dict treatment-resistant LACC subtypes and can serve as potential therapeutic targets for these LACC subtypes.
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Introduction
Uterine cervical cancer (UCC) is the fourth most com-
monly diagnosed cancer and the fourth leading cause of 
cancer-related deaths in women [1]. Early-stage UCC can 
be effectively treated with surgery. Accordingly, the mor-
tality has been ascribed mainly to locally advanced UCC 
(LACC). The incidence of LACC has been high in under-
developed countries [2], and remains still substantial in 
some high-income countries, such as Korea, Japan, and 
Taiwan [3–5]. A standard treatment modality for LACC 
declared by National Cancer Institute (NCI) [6] has been 
concurrent cisplatin-based chemoradiotherapy (CCRT) 
for the past twenty years. However, it has been argued 
that CCRT should be further customized to reflect clini-
cal characteristics of LACC. For example, combinations 
of CCRT with immuno-oncology agents, such as PD-1 
or PD-L1 inhibitors, have been exploited as promis-
ing modalities [7, 8]. However, these trials showed het-
erogeneous treatment responses and differential benefits 
depending on the stage, immune checkpoint expression, 
and/or mutation burden [9]. Therefore, it is necessary to 
define LACC subtypes and then develop tailored treat-
ments based on characteristics of the individual subtypes.

Several genomic and/or transcriptomic analyses, 
including the Cancer Genome Atlas (TCGA), have iden-
tified subtypes of UCC based on genomic alterations, 
mRNAs, and/or their associated cellular pathways that 
reflect pathophysiological characteristics of patients 
[10–13]. However, these studies have focused on sur-
gically treated early-stage UCC. There has been thus a 
significant need for a comprehensive molecular charac-
terization of LACC. The previous studies have investi-
gated mainly genomic and mRNA alterations. However, 
signaling pathways (e.g., PI3K/AKT signaling) have been 
also shown to play significant roles in UCC pathogenesis, 
and proteins (e.g., phosphorylated AKT) central in these 
pathways have been proposed as therapeutic targets [14]. 
To explore these protein/phosphorylation signatures, the 
TCGA study [10] profiled the abundances or phospho-
rylation levels of proteins in UCC, but only for a limited 
set of 192 proteins using reverse phase protein arrays. 
Recent proteogenomic studies have demonstrated that 
mass spectrometry (MS)-based proteomic analysis can 
provide abundance and phosphorylation levels for larger 
proteomes, facilitating effective discovery of protein/
phosphorylation signatures and their associated cellular 
and signaling pathways.

Here, we present proteogenomic analysis of LACC 
patients who underwent primary radiotherapy with or 

without chemotherapy involving whole-exome sequenc-
ing (WES), RNA-sequencing, global proteomics, and 
phosphoproteomics, as well as single-cell RNA-seq 
(scRNA-seq) analysis. Our results provide 1) proteog-
enomic subtypes of LACC, 2) genomic, mRNA, and pro-
tein signatures defining these subtypes, 3) functional 
characteristics of the subtypes based on cellular pathways 
represented by the molecular signatures, and 4) subpop-
ulations of epithelial, immune, and fibroblast cells associ-
ated with the subtypes through integration of scRNA-seq 
data. These results can contribute to subtype-dependent 
therapeutic stratification of LACC.

Results
Proteogenomic analysis of UCC​
We collected treatment-naïve tumor tissues from 350 
patients with LACC based on the following criteria, 
along with matched peripheral blood mononuclear cells 
from 251 of the patients: 1) stage IB2-IIA showing LACC 
characteristics [large tumor size (> 3  cm in diameter) 
and/or lymph node metastasis] treated with primary 
CCRT or radiotherapy according to the NCI guideline 
[15] (107 patients); 2) stage IIB-IVA according to 2014 
international federation of gynecology and obstetrics 
(FIGO) staging (212 patients); or 3) stage IVB treated by 
primary CCRT (31 patients) (Supplementary Table  S1). 
Our LACC cohort included a larger percentage (70%) 
of patients at stage IIB or higher (36.2% in TCGA [10], 
and 9.1% in Huang et al. [16]) with the median cellularity 
of 75.0% (Supplementary Fig. S1A and S1B). How WES, 
RNA-seq, global proteomics, phosphoproteomics, and 
scRNA-seq analyses were performed for individual sam-
ples is described in Supplementary Fig. S1C.

Predominant alteration of keratinization‑TP53 regulation 
axis in LACC​
We performed WES analysis for 251 patients for whom 
the matched PBMC samples were available. By com-
paring WES data from tumors of 251 patients and their 
matched PBMCs, we identified 55,397 somatic mutations 
affecting protein sequences (Supplementary Fig.  S1D) 
and 14 significantly (q < 0.1) mutated genes (SMGs) in 
our cohort using MutSigCV (Fig.  1A, 2nd panel). To 
investigate the SMGs predominant in LACC, we com-
pared their mutation frequencies with those in three pre-
vious cohorts including more early-stage tumors (TCGA 
[10], Ojesina et al. [17], and Huang et al. [16]) and found 
that mutation frequencies of STK11, CASP8, TGFBR2, 
KRT10, and DYNAP were significantly (P < 0.05) higher in 
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our LACC cohort (Fig. 1B, red-labeled genes). Next, we 
identified 12 genes frequently (> 1% of patients) altered 
by genome integration of human papillomavirus (HPV; 
Fig.  1A, 3rd panel), and 10 of them (KRT5/13/14/16, 
MUC4, UBC, S100A9, TPX2, and GANAB) had signifi-
cantly higher integration frequencies in our LACC cohort 
than in the three previous cohorts (Fig.  1C). Finally, we 
identified 16 genes having frequent copy number altera-
tions (CNAs) (Fig.  1A, 4th panel) and found that 13 of 
them (HRNR, FLG/FLG2, RPTN, TCHH, CRNN, RUFY2, 
DNA2, SLC25A16/20, TET1, PRKAR2A, and ARIH2) 
showed significantly higher CNA frequencies in our 
LACC cohort than in the TCGA cohort (Fig. 1D).

To explore functional associations of these predomi-
nantly altered genes in LACC (PAG-LACC; Fig.  1B-D) 
with LACC pathogenesis, we performed gene set enrich-
ment analysis (GSEA) for them using ConsensusPathDB 
[18]. The PAG-LACC significantly represented keratini-
zation, TP53 regulation, and toll-like receptor (TLR) cas-
cade pathways (Supplementary Fig. S1E), suggesting that 
substantial dysregulation of these pathways are associ-
ated with development of LACC. In support, the absence 
of keratinization was reported to be suggestive for a 
higher tumor grade associated with LACC characteris-
tics (larger tumor size and lymph node metastasis) [19], 
and the loss of TP53-dependent tumor suppression and 
innate immune response to HPV infection contributes 
to promoting tumor growth. Furthermore, we identified 
genes/proteins whose expression or phosphorylation lev-
els correlated with alterations of (Fig.  1E). Interestingly, 
the alterations of these genes were significantly (P < 0.01) 
enriched in SCC (Fig.  1E, Histology). To examine the 
functions of the genes/proteins correlated with the alter-
ations of PAG-LACC, we performed GSEA for them 
(Supplementary Table S2). The genes/proteins correlated 

with either KRT5/10/13/14/16 or DNA2/UBC/TPX2 
alterations commonly represented the keratinization 
and apoptosis/TP53 regulation pathways (Fig.  1F, black 
labeled), supporting the importance of these pathways 
in LACC pathogenesis. On the other hand, the genes/
proteins correlated with KRT5/10/13/14/16 alterations 
uniquely represented the pathways related to hypoxia 
(Hif-1 and glycolysis), cell cycle (AP-1, DNA replica-
tion, and RND1 GTPase cycle), and cell adhesion (Nectin 
adhesion and adherens junctions) (Fig. 1F, blue labeled). 
The genes/proteins correlated with DNA2/UBC/TPX2 
alterations predominantly represented the pathways 
related to reactive oxygen species (ROS; glutathione and 
fatty acid degradation/pyruvate metabolism), phagocy-
tosis, and actin cytoskeleton-extracellular matrix (ECM) 
(ECM-receptor interaction and regulation of RAC1 activ-
ity and actin cytoskeleton) (Fig. 1F, green labeled). These 
results suggest that the two sets of PAG-LACC can have 
the shared (keratinization and apoptosis/TP53 regulation 
pathways) and distinctive (blue and green labeled path-
ways in Fig. 1F) roles in LACC pathogenesis.

Interestingly, the genes/proteins correlated with 
KRT5/10/13/14/16 or DNA2/UBC/TPX2 alterations 
represented both keratinization and apoptosis/TP53 
regulation pathways, suggesting potential links between 
these pathways. To explore such links, we built a net-
work model describing interactions among the PAG-
LACC and their correlated genes/proteins involved in 
these pathways. TP53/63 are known to suppress expres-
sion of keratins [20] and cornified envelop components 
[21] whose disruption facilitates HPV release. Con-
sistent with this previous finding, the network model 
showed that the loss of TP53 functions by DNA2/UBC/
TPX2 mutations accompanied upregulation of cornified 
envelop components to prevent HPV release (Fig.  1G, 

Fig. 1  Predominant alteration of keratinization-TP53 regulation axis in LACC. A Predominantly altered genes in LACC (PAG-LACC). Mutations 
per megabase in each patient are shown in the top panel. SMG mutations (2nd panel), alterations by HPV genome integration (3rd panel), 
and CNAs (amplification in red and deletion in blue; 4th panel) detected in each patient for the indicated genes are shown. Alteration frequencies 
are shown on the right, and the indicated clinical parameters for each patient are shown in the bottom. B-D Comparisons of frequencies 
of SMG mutations (B), alterations by HPV genome integration (C), and CNAs (D) between our LACC cohort and the two previous early-stage 
tumor-enriched cohorts. Red labels indicate the genes (PAG-LACC) having significantly (p < 0.05 by proportional test) higher alteration 
frequencies in our LACC cohort than in the early-stage tumor-enriched cohorts. *, p < 0.05; **, p < 0.01; ***, p < 0.001. n = 251, 289, and 102 patients 
for our, TCGA, and Huang et al. cohorts, respectively, for SMG mutations; n = 251, 178, and 45 patients for our, TCGA, and Huang et al. cohorts, 
respectively, for alterations by HPV genome integration and CNAs. E mRNAs, proteins, phosphorylated peptides up-regulated in tumors harboring 
the alterations (SMG, HPV integration, or CNA) in any of the indicated PAG-LACC. The colored bar represents the gradient of log2-fold-changes 
of abundances for mRNAs, proteins, or phosphorylated peptides relative to their median levels. F Cellular pathways enriched by mRNAs (Gene) 
or proteins + phosphoproteins (Prot) correlated with alterations of the indicated PAG-LACC. The heat map shows the enrichment significance 
(p value from ConsensusPathDB) of each pathway by the mRNAs or proteins + phosphoproteins as –log10(p). G Network model describing 
interactions among the mRNAs (blue node center), proteins (blue node border), or phosphoproteins (blue circled P) that have significant correlation 
with alterations of the PAG-LACC (red labeled) and are involved in keratinization and apoptosis/TP53 regulation. Gray nodes indicate molecules 
added to the pathways to increase connections among the nodes. Solid arrows, direct activations; dotted arrows, indirect activations; gray lines, 
protein–protein interactions; thick lines, plasma membrane

(See figure on next page.)
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Fig. 1  (See legend on previous page.)
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top right). However, the loss of keratin functions by 
KRT5/10/13/14/16 could lead to the failure of such 
upregulation to increase the cornified envelop integ-
rity, thereby rather promoting HPV release and tumor 
growth, consistent with upregulation of cell cycle genes/
proteins (Fig.  1G, bottom) and its upstream signaling 
pathways (PI3K-AKT). These results suggest that the 
collective loss of keratinization-TP53 regulation axis by 
PAG-LACC can define the characteristics of LACC dur-
ing development of SCC.

Proteogenomic subtypes of LACC​
The TCGA study previously identified three subtypes of 
UCC based on mRNA data: Keratin-high and Keratin-
low SCC, and ADC. However, the TCGA cohort included 
only 36.2% of stage IIB-IVA, and the TCGC subtypes 
were thus biased toward early-stage tumors. Moreo-
ver, how the whole proteome-level information, such as 
our global proteome and phosphoproteome data, can 
change the subtypes of the early-stage-enriched tumors 
remains elusive. Previously, global proteome profiling, 
not phosphoproteome profiling, has been performed in 
a few studies [22, 23] using liquid chromatography-tan-
dem mass spectrometry (LC–MS/MS) analysis, but only 
for small cohort sizes (8 to 15) with low proportions of 
LACC. In this study, we generated global proteomes and 
phosphoproteomes from 146 LACC tumors with suf-
ficiently large tumor wet weights to meet the required 
amounts of proteins and phosphopeptides using LC–MS/
MS analysis, and also RNA-seq data for all 350 LACC 
tumors (Supplementary Fig. S1C). To identify the molec-
ular subtypes of LACC, we performed clustering analysis 
on 1) 334 LACC tumors (272 SCC and 62 ADC) using 
mRNA data and 2) 146 LACC tumors (117 SCC and 29 

ADC) using global proteome or phosphoproteome data. 
Because the different nature of SCC and ADC can con-
found the clustering, we employed a two-stage cluster-
ing that first clustered SCC only (1st stage) and then all 
tumors (2nd stage) based on the clustering results of SCC 
(Supplementary Fig. S2A).

For mRNA data, the two-stage clustering identi-
fied three clusters of SCC (s-RNA1-3) at the 1st stage 
and four clusters (RNA1–4) of all LACC tumors 
(SCC + ADC) at the 2nd stage (Supplementary Fig. S2B; 
Supplementary Table S3A). RNA1-4 were characterized 
by up-regulation of 790 (rna1), 654 (rna2), 520 (rna3), 
and 914 (rna4) signature genes, respectively (Fig.  2A; 
Supplementary Table  S3B). A majority of ADC (42 of 
63) were found enriched in RNA2. We then used these 
mRNA signatures (rna1-4) to classify tumors in the 
TCGA cohort and found that 78.6% (198 of 252) could 
be categorized into RNA1-4 (Supplementary Fig.  S2C, 
TCGA cohort). We further generated a merged cohort 
of patients reported by Medina-Martinez et  al. [12], 
Espinosa et  al. [11], and Shin et  al. [13], which were 
also enriched with early-stage tumors, and found that 
83.8% (62 of 74) could be also classified into RNA1-4 
(Supplementary Fig. S2C, Merged cohort). The remain-
ing tumors (21.4% in TCGA and 16.2% in the merged 
cohort) were not be classified into RNA1-4 (Supple-
mentary Fig. S2C), which can make molecular subtypes 
different between early-stage tumors and LACC. For 
global proteome data, the two-stage clustering identi-
fied four clusters of SCC (s-Prot1-4) at the 1st stage and 
five clusters of all LACC tumors (Prot1–5) at the 2nd 
stage (Supplementary Fig. S2D). For phosphoproteome 
data, it also identified three clusters of SCC (s-Phos1-3) 
at the 1st stage and four clusters of all LACC tumors 
(Phos1–4) at the 2nd stage (Supplementary Fig.  S2E). 

(See figure on next page.)
Fig. 2  Proteogenomic subtypes of LACC. A RNA1-4 clusters defined by mRNA signatures (rna1-4) in our LACC cohort. rna1-4 defining 
RNA1-4, respectively, are shown. Numbers of mRNAs in rna1-4 are indicated in parentheses. Clinical parameters for tumors are shown 
in the bottom, and the subtype bar plot shows subtypes predicted using molecular signatures defined by the TCGA [10]. B and C, Protein 
signatures (prot1-5 and phos1-4) defining Prot1-5 (B) and Phos1-4 (C) based on global proteome and phosphoproteome data. Numbers 
of proteins and phosphopeptides are indicated in parentheses. D Six subtypes (Sub1–6) identified via integrative clustering of mRNA, protein, 
and phosphorylation data. Each row in the heat map shows Z-values of the tumors with the corresponding molecular signature for each indicated 
cluster. Color bar, the gradient of Z-value representing distances from mean vectors with the signature. Colored bars at the top, Sub1-6; RNA1-4 
clusters defined by rna1-4. E Disease-free survival of patients with tumors belonging to Sub1-6. n = 29, 15, 17, 23, 14, and 16 in Sub1-6, respectively. 
F Somatic mutations of frequently mutated genes enriched in Sub5 (red), Sub6 or Sub6 + ADC in Sub3 (green), or all Sub3, 5, and 6 (black). 
Fractions of tumors carrying mutations of each gene in Sub1-6 were shown in the right panel. G mRNAs, proteins, phosphorylated peptides 
up-regulated in tumors harboring ADC-enriched somatic mutations in the 11 genes (green labeled in F). The colored bar represents the gradient 
of log2-fold-changes of abundances for mRNAs, proteins, or phosphorylated peptides relative to their median levels. H Cellular pathways enriched 
by mRNAs or proteins + phosphoproteins (Prot/Phos) correlated with the ADC-enriched somatic mutations. The heat map shows the enrichment 
significance (p value from ConsensusPathDB) of each pathway by the mRNAs or Prot/Phos as –log10(p). I Network model describing interactions 
among the mRNAs (green node center), proteins (green node border), or phosphoproteins (green circled P) that have significant correlation 
with the ADC-enriched somatic mutations and are involved in O-linked glycosylation and apoptosis/TP53 regulation. PAG-LACC are labeled in red. 
Gray nodes indicate molecules added to the pathways to increase connections among the nodes. Solid arrows, direct activations; dotted arrows, 
indirect activations; gray lines, protein–protein interactions; thick lines, plasma membrane
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Prot1-5 and Phos1-4 were characterized by up-regula-
tion of the cluster-specific signature proteins (Fig.  2B, 
prot1-5) and phosphoproteins (Fig.  2C, phos1-4), 
respectively (Supplementary Table  S3B). Finally, we 
performed an integrative clustering of 146 tumors with 
both mRNA and protein data and identified six sub-
types (Sub1–6) of LACC (Fig.  2D). Prot1 and Phos1 

profiles (Fig. 2D, green boxes) further divided RNA1 to 
Sub1 and 2, and Prot2 profiles (Fig. 2D, orange boxes) 
divided RNA4 to Sub3 and 4, indicating that the pro-
tein data further subdivide the mRNA-based subtypes 
due to their complementary nature.

We next compared survival of LACC patients in Sub1–
6. While molecular subtyping would not be problematic 

Fig. 2  (See legend on previous page.)
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because treatment-naïve samples were used, survival 
analysis can be problematic because distinct treatments 
can affect survival. We thus excluded 10 patients at 
stage IVB having distant metastases, and 9 patients who 
underwent surgery as the primary treatment modal-
ity, and used only patients who received primary CCRT 
for survival analysis. Sub3, 5, and 6 had relatively lower 
disease (local/regional recurrence or distant metastasis)-
free survival (DFS) and local recurrence-free survival 
(LRFS) rates (Fig.  2E and Supplementary Fig.  S2F) than 
Sub1 and 2, indicating their treatment-resistant nature. 
Interestingly, Sub4 showed better LRFS than the treat-
ment-resistant Sub3, 5, and 6, but comparable DFS, sug-
gesting a high rate of distant metastasis in Sub4 and thus 
a need for systematic chemotherapy. We next examined 
whether the SMGs and frequently mutated non-SMGs 
were significantly enriched in the treatment-resistant 
subtypes and found the following enrichments: 1) BPTF 
mutations in Sub3, 5, and 6 (Sub1 + 2 + 4 vs. Sub3 + 5 + 6), 
2) CIC and GCN1 mutations in Sub5, and 3) STX11, 
LRP1B, MUC3A, ITPR1, THSD7A, PLXNA1, LGR6, 
ZC3H13, PKHD1L1, FAT1, and MAGEC1 mutations 
in Sub6 or in ADC of Sub3 and 6 (Fig. 2F). In SCC, we 
identified the keratinization-TP53 regulation axis as a 
potential cause for LACC. To identify a potential cause 
for LACC in ADC, we then identified the genes/proteins 
whose expression and phosphorylation levels correlated 
with the ADC-enriched alterations of the above 11 genes 
(Fig.  2G). The GSEA revealed that these genes/proteins 
represented N/O-linked glycosylation of mucins and 
apoptosis. The network model further demonstrated that 
1) N-glycosylated molecules (e.g., CD44) could suppress 
TP53 via MDM2 activation [24]; and 2) O-glycosylation 

of mucins could produce tumor-associated antigens (Tn) 
and inhibit TP53 transcription [25, 26], which could col-
lectively facilitate tumor growth. These data suggest the 
collective aberration of N/O glycosylation-TP53 regula-
tion axis can define the characteristics of LACC during 
development of ADC (Fig. 2H and I).

Characteristics of proteogenomic subtypes of LACC​
To investigate functional characteristics of Sub1-6, we 
identified cellular pathways represented by mRNA and 
protein (protein + phosphorylation) signatures of each 
subtype (Supplementary Fig.  S3A) through GSEA. For 
SCC Sub1-2 (RNA1 in Fig.  2D), their mRNA signa-
tures (S1/2-G, rna1) significantly (P < 0.05) represented 
the keratinization-TP53 regulation axis (Fig.  3A, blue-
labeled; Supplementary Table  S4), which was suggested 
to be associated with PAG-LACC-driven development 
of LACC (Fig. 1G), as well as ROS-related pathways (bio-
logical oxidation and chemical carcinogenesis) to induce 
TP53 activation, which were represented by the genes/
proteins correlated with DNA2/UBC/TPX2 alterations 
(Fig. 1F). Sub1-2 can be thus considered to be early-stage 
squamous LACC, consistent with the findings that they 
had good DFS (Fig.  2E) and corresponded to the Kera-
tin-high subtype in TCGA with good survival (RNA1 in 
Fig.  2a, TCGA cohort). The protein signatures defining 
Sub1 (S1-P; prot1 and phos1) consistently represented 
the same keratinization-TP53 regulation axis while those 
defining Sub2 (S2-P; prot5 and phos4) represented addi-
tionally platelet activation/complement cascade path-
ways [27] (Fig. 3A, light blue-labeled). Collectively, these 
data suggest that both Sub1 and 2 are treatment-sensitive 

Fig. 3  Characteristics of proteogenomic subtypes of LACC. A Cellular pathways represented by mRNAs (S1-G to S6-G) and proteins 
(proteins + phosphoproteins) (S1-P to S6-P) defining Sub1-6. The heat map shows the enrichment significance (p value from ConsensusPathDB) 
of pathways by the mRNAs or proteins defining Sub1-6 as –log10(p). B, D, and F, Network models showing interactions between the mRNAs 
and proteins involved in immune and ECM pathways upregulated in activated stroma for Sub3 (B); EMT signaling and ECM remodeling pathways 
for Sub5 (D); and O-linked glycosylation (F). Node colors (center and boundary) indicate whether the corresponding mRNA and protein were 
selected as signatures for the corresponding subtypes (green for Sub3, yellow for Sub4, orange for Sub5, and dark green for Sub6). Presence 
of a circled P on a node indicates that the corresponding phosphoproteins had phosphorylated peptides that defined the corresponding subtypes. 
Kinases that could control the pathways in the network models in Sub3 and 5 were identified as previously described [28–30] and included 
to the network models (blue-labeled nodes). Arrows, activation; inhibition symbols, inhibition; solid arrows, direct activation; dotted arrows, indirect 
activation; gray lines, protein–protein interactions. C and E Representative images for MMP2 (Sub3), ICOS (Sub4), and GPC4 (Sub6) (C) and BSG, 
VAV2, EGFR, and FOSL1 (Sub5) (E) and their quantification results in Sub1-6 from IHC analysis. Magnification 20 × . Scale bar = 100 μm. Blue color: 
Hematoxylin counterstaining; Brown color: DAB positive staining. n = 17, 11, 16, 20, 13, and 16 in Sub1-6, respectively, for MMP2 and ICOS; n = 17, 
10, 15, 20, 13, and 16 in Sub1-6, respectively, for GPC4, BSG, VAV2, EGFR, and FOSL1. *, p < 0.05; **, p < 0.01 by comparing H-scores (grades or density) 
between a subtype of interest and the other subtypes using one-sided Fisher’s exact test (MMP2) or one-sided Student’s t-test (ICOS, GPC4, 
VAV2, EGFR, and FOSL1). G Representative images of CIC, ETS transcription factors (ETV4), and cytoskeletal proteins (CDH1/2, CTNNA1, and VIM) 
in #6507A (Sub5) and #6595 (Sub3) cells from Western blotting analysis. β-actin was used as a loading control. n = 2 independent experiments. H 
Quantification of indicated proteins relative to β-actin in the indicated cells. Band intensity from western blot images was quantified by ImageJ. 
Data are shown as mean ± s.e.m. n = 2 independent experiments. *, p < 0.05 by Student’s t-test. I, Representative immunofluorescence images 
of CDH1 (red; epithelial marker) and VIM (green; mesenchymal marker) in the indicated cells grown in monolayer culture system (n = 2 independent 
experiments). Magnification 40 × . Scale bar = 50 μm

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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early-stage squamous LACC, but Sub2 may be a more 
advanced LACC with platelet/complement activation 
than Sub1.

For Sub3 with mixed characteristics of SCC and ADC 
and SCC Sub4 (RNA4 in Fig. 2D), its mRNA signatures 
(S3/4-G, rna2) represented innate (leukocyte infiltration, 
phagocytosis, and antigen presentation) and adaptive 
(T/B-cell receptor signaling) immune pathways (Fig. 3A, 
yellow-labeled). Moreover, they also represented ECM 
pathways (collagen and proteoglycan; Fig.  3A, green-
labeled). However, the protein signatures defining Sub4 
(S4-P; prot5 and phos4) represented more strongly 
immune pathways while those defining Sub3 (S3-P; prot2 
and phos3) represented further strongly ECM pathways, 
suggesting the different nature of immune responses 
between Sub3 and 4. To address this issue, we estimated 
the proportions of tumor, stromal, and immune cells 
in tumor microenvironment (TME) using the mRNA 
signatures previously defined for the cell types (Sup-
plementary Fig.  S3B). Confirming high immune acti-
vation in both Sub3 and 4 (ESTIMATE, Puleo, and 
Peng-Immune), this TME analysis further revealed that 
activated stroma to induce immune activation was found 
highly elevated in Sub3 compared to in Sub4 (Moffit, 
Puleo, Maurer, and Peng in Supplementary Fig.  S3B), 
suggesting that they could be responsible for immune 
activation in Sub3. This can also explain strong activa-
tion of ECM pathways in Sub3, which was reported to be 
associated with poor survival via MMP2 activation [31]. 
These data account for the treatment-resistant nature 
in Sub3 compared to in Sub4 according to the LRFS 
(Fig.  2F). The network model for Sub3 supported these 
findings that activated stroma secreted cytokines (IL33, 
CCL21, and CXCL9/10/11/12) for immune activation 
and produced integrins (ITGA2/4/5/7/L/M), collagens 
(COL1A1-2/2A1/3A1/5A1-2/6A1-3/8A1), and proteases 
(MMP2 and ADAMS2) for ECM activation (Fig. 3B). In 
contrast, the network model for Sub4 showed activation 
of the aforementioned immune pathways in response 
to tumor antigen (Supplementary Fig. S3C). We further 
performed immunohistochemistry (IHC) analysis for the 

representative markers MMP2 and ICOS for ECM acti-
vation [31] and T-cell activation [32], respectively. The 
analysis confirmed upregulation of MMP2 in stromal 
cells of Sub3 tumors and upregulation of ICOS in the 
total area of tumor tissues of Sub4 tumors (Fig. 3C; see 
Methods for tumor-stromal distribution of these mark-
ers). Collectively, these results suggest that Sub3 and 4 
are activated stroma-enriched treatment-resistant LACC 
and typical immunogenic treatment-sensitive squamous 
LACC, respectively.

For SCC Sub5 (RNA3 in Fig.  2D), both gene (S5-G, 
rna3) and protein (S5-P, prot3) signatures represented 
EMT-related 1) signaling (TGFB/EGFR/Integrin/Basi-
gin/HIF signaling) and 2) ECM remodeling (metallo-
proteinase/urokinase) pathways (Fig.  3A, red-labeled). 
The network model for Sub5 confirmed upregulation of 
these pathways (Fig. 3D), and IHC analysis further con-
firmed upregulation of representative markers BSG [33], 
VAV2 [34], EGFR [35], and FOSL1 [36] for EMT-related 
signaling pathways in the tumor area of tissues in Sub5 
(Fig.  3E). Sub3-5 (RNA3-4 in Fig.  2D) corresponded to 
the Keratin-low subtype with poor survival in TCGA, but 
such characteristics were much stronger in Sub5 (RNA3) 
than in Sub3-4 (RNA4) (Fig.  2A). Moreover, Sub5 had 
stronger basal-like characteristics (Puleo and Peng in 
Supplementary Fig.  S3B) and weaker immune activa-
tion (ESTIMATE, Puleo, and Peng) than Sub3-4. These 
EMT-high, keratin-low, basal-like, and immune-cold 
characteristics collectively contribute to the treatment-
resistant nature of Sub5 (Fig.  2E). For ADC-enriched 
Sub6, genes (S6-G, rna2) and/or protein (S6-P, prot4 
and phos2) signatures represented N/O-glycosylation 
(Golgi transport-modification) and mucin-related path-
ways (mucin glycosylation; Fig.  4A, dark green-labeled). 
Mucin-type O-glycosylated structures including Tn anti-
gens are linked to metastasis and poor survival [37], con-
tributing to the treatment-resistant nature of Sub6. In 
addition, ciliopathy pathway was also found upregulated 
in Sub6, consistent with a previous finding that the loss 
or abnormality of cilia structure was frequently observed 
in glandular cells of ADC [38]. The network model for 

(See figure on next page.)
Fig. 4  Cellular heterogeneity associated with LACC Sub1-6. A and G Uniform manifold approximation and projection (UMAP) plot showing 
subclusters of ECs (A) or myeloid cells (G). Associations of the individual subclusters with Sub1-6 are indicated in parenthesis. The stacked 
bar graph shows percentages of ECs belonging to individual subclusters. B Marker genes upregulated predominantly in each subcluster. 
Numbers in parenthesis represents the number of marker genes in the corresponding subcluster. The color bar represents the gradient of log2-FC 
with respect to their mean values. C, H, and K Dot plot showing the enrichment p-value of marker genes for each subcluster of ECs (C), myeloid 
cells (H), or CAFs (K) in the indicated mRNA and protein signatures for Sub1-6 (see legend in bottom right). The associated subtype for each 
signature is denoted in parenthesis. Dot size represents the fraction of overlapping marker genes as shown in legend (bottom left). D, I, and L 
Signature scores of marker genes for each subcluster of ECs (D), myeloid cells (I), or CAFs (L) in Sub1-6. n = 33, 17, 27, 28, 18, and 23 in Sub1-6, 
respectively. E, J, and M Cellular pathways enriched by marker genes for each subcluster of ECs (E), myeloid cells (J), or CAFs (M). The color 
bar represents the gradient of –log10(enrichment p-value). F UMAP plot showing ADC ECs with transferred labels of the subclusters of SCC ECs. The 
stacked bar graph shows percentages of ADC ECs having individual transferred labels
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Fig. 4  (See legend on previous page.)
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Sub6 confirmed upregulation of these pathways (Fig. 3F), 
and IHC analysis further confirmed upregulation of a 
representative marker GPC4 for N/O-glycosylation in 
the tumor area of tissues in Sub6 (Fig. 3C). These results 
suggest that Sub5 is treatment-resistant Keratin-low/
immune-cold squamous LACC while Sub6 is treatment-
resistant ADC-enriched LACC, respectively.

EMT‑inducing CIC mutations in treatment‑resistant LACC 
Sub5
Deficiency of CIC in the nucleus was shown to promote 
cell growth and invasion by derepressing expression of 
ETV4 that can facilitate EMT [39, 40]. We showed that 
CIC mutations were enriched in the treatment-resistant 
Sub5 (Fig. 2G), which mainly occurred on the C-terminal 
region containing its nuclear localization signal (Sup-
plementary Fig.  S3D) and could contribute to the loss 
of nuclear CIC. Moreover, the mRNA level of ETV4 was 
upregulated in Sub5 as an mRNA signature of Sub5 (rna3 
in Fig.  2GA and D). These data collectively propose a 
hypothesis that CIC mutations can cause the decrease of 
nuclear CIC, which leads to derepression of ETV4 mRNA 
expression and then contributes to EMT, a representa-
tive feature of Sub5. To test this hypothesis, we generated 
#6507A tumor cells carrying a frame shift deletion muta-
tion in the C-terminal region of CIC from a treatment-
resistant squamous Sub5 tumor and #6595 tumor cells 
from another treatment-resistant squamous Sub3 tumor 
as a control. Western blot analysis showed the significant 
decrease of nuclear CIC and also the substantial increase 
of cytosolic/nucleus ETV4 in #6507A (Sub5) cells com-
pared to in #6595 (Sub3) cells (Fig. 3G and H). Moreover, 
the expression of epithelial cell (EC) markers CDH1 and 
CTNNA1 was decreased in #6507A cells compared to 
in #6595 cells while the expression of mesenchymal cell 
markers CDH2 and VIM was increased (Fig. 3G-I), indi-
cating activation of EMT in #6507A (Sub5) cells. These 
data collectively support the hypothesis that CIC muta-
tions can lead to EMT via the decreased nuclear CIC and 
the increased ETV4.

Cellular heterogeneity associated with LACC Sub1‑6
We next investigated what cellular subpopulations are 
associated with LACC Sub1-6. To this end, we newly col-
lected the 16 samples (12 SCC and 4 ADC samples) for 
scRNA-seq analysis such that at least one sample was 
collected for each RNA subtype to model the cellular het-
erogeneity across RNA1-4. RNA-seq was also performed 
for these samples, and RNA subtypes were predicted 
based on rna1-4 signatures as described for TCGA and 
merged cohorts (Supplementary Fig. S2C). Nonetheless, 
the sample collection was biased toward some RNA sub-
types (e.g., RNA4). To resolve this bias problem and to 

improve statistical power for characterization of cellular 
heterogeneity, we further integrated our scRNA-seq data 
with four previously reported datasets (GSE208653 [41] 
with 2 SCC and 1 ADC samples; GSE236738 [42] with 
3 SCC samples; E-MTAB-12305 [43] with 4 SCC sam-
ples; and S-BSST1035 [44] with 3 SCC and 3 ADC sam-
ples). Using the quality control criteria in Supplementary 
Fig. S4A, we selected a total of 194,703 cells from our and 
previous data.

We performed clustering analysis for these selected 
cells and identified 14 clusters and their marker genes 
(Supplementary Fig.  S4B and S4C). For detailed under-
standing of epithelial cells (ECs), we further performed 
subclustering of cells in the epithelial cluster. To avoid 
potential artifacts that can arise by mixing ECs from 
SCC and ADC, we first performed the subclustering only 
using ECs from SCC samples and identified 7 EC subclus-
ters (KRT1/13, GADD45B, AKR1C2, PGK1, CXCL10, 
MUC5AC, and CEACAM5high; Fig.  4A) and their 
marker genes (Fig.  4B). The marker genes of KRT1/13, 
GADD45B, AKR1C2high subclusters showed 1) the largest 
overlaps with S1/2-G (rna1) and S1-P (prot1) (Fig. 4C); 2) 
the highest signature scores in Sub1 or 2 (Fig. 4D); and 3) 
significantly represented keratinization, TP53 signaling, 
and ROS pathways, the key pathways of Sub1-2 (Fig. 3A), 
respectively (Fig. 4E), indicating their strong association 
with Sub1-2. The marker genes of PGK1 and CXCL10high 
subclusters showed the largest or significant overlaps 
with S5-G (rna3) and S5-P (prot3) (Fig. 4C); the highest 
signature scores in Sub5 (Fig. 4D); and represented EMT 
signaling (TGFB/EGFR/Integrin/HIF) and ECM remod-
eling (metalloproteinase/urokinase) pathways (Fig.  4E), 
the key pathways of Sub5 (Fig. 3A), indicating their asso-
ciations with Sub5. The marker genes of MUC5AChigh 
subcluster showed the largest overlap with S6-G (rna2) 
and significant overlaps with protein signatures [S2/3-P 
(prot5) and S6-P (prot4)] of ADC-associated Sub3 and 
6 (Fig.  4C); the highest signature scores in Sub3 and 6 
(Fig. 4D); and represented the representative pathway of 
Sub6, O-linked glycosylation of mucin (Fig. 4E), suggest-
ing its associations with Sub3 and 6. These results sug-
gest that distinct EC subpopulations appear to dominate 
Sub1-6 (Fig. 4A, parenthesis).

To examine the relationships between ECs in SCC 
and ADC, we next transferred the labels of the above 7 
SCC EC subclusters into ECs in ADC samples (Fig. 4F). 
The majority (82.7%) of ADC ECs were labeled with 
MUC5AChigh (66.9%) and CEACAM5high (15.8%) sub-
clusters (Fig.  4F) whose marker genes represented 
O-linked glycosylation of mucin (Fig.  4E). These results 
indicate that ADC ECs are present even in SCC sam-
ples, but in a relatively smaller proportion [e.g., 6.0% of 
MUC5AChigh in SCC ECs (Fig. 4A) vs. 66.9% in ADC ECs 
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(Fig. 4F)], and there appear to be no EC subpopulations 
unique to ADC, as indicated by a small proportion (5.9%) 
of ECs with no SCC EC subcluster labels transferred. Of 
note, however, the marker genes of CEACAM5high sub-
cluster, unlike the MUC5AChigh subcluster, showed low 
signature scores for Sub6 (Fig. 4D), due to the significant 
overlaps with S1/2-G (rna1) and S5-G (rna3), besides 
S6-P (prot4), which caused to dilute their signature 
scores for Sub6.

To examine what subpopulations of myeloid cells are 
associated with Sub1-6, we next performed subcluster-
ing of macrophage, dendritic cells (DC), and mast cells 
in Supplementary Fig.  S4B and identified 8 subclusters 
[mast cell; CD1C/LAMP3/CLEC9Ahigh DC and plas-
macytoid DC (pDC); and C1QB/FCGR3B/FCN1high 
macrophage] (Fig.  4G) and their marker genes (Sup-
plementary Fig.  S4D). The marker genes of the mast 
cell and CD1C/LAMP3/CLEC9Ahigh DC/pDC and 
C1QBhigh macrophage subclusters showed 1) the larg-
est overlaps with mRNA [S3/4-G (rna4)] and protein 
[S2/3-P (prot5) or S4-P (prot2)] signatures of immuno-
genic Sub3-4 (Fig. 4H); 2) the highest signature scores in 
Sub3-4 (Fig. 4I); and 3) represented innate (phagocytosis 
and antigen presentation) and adaptive (CD4/8+ T-cell 
recruitment and activation/inhibition) immune path-
ways (Fig.  4J), consistent with their previously reported 
functions [45–48], suggesting their associations with 
the immunogenic Sub3-4. Of note, although the pro-
tein signatures of Sub4 represented more strongly the 
immune pathways (Fig.  3A), infiltrated proportions of 
these immune cells appeared to be comparable between 
Sub3 and 4, consistent with the findings from the TME 
analysis (Supplementary Fig.  S3B). The marker genes 
of the FCGR3B and FCN1high macrophage subclusters 
showed the largest overlaps with S5-G (rna3) and/or S5-P 
(prot3) of Sub5; the highest signature scores in Sub5; and 
represented IL-17 and oncostatin M signaling pathways, 
the key immune pathways of Sub5 (Fig.  3A), as well as 

neutrophil activation pathways (neutrophil extracel-
lular trap formation, NETosis, which can be induced by 
Th17-mediated inflammation and suppress T-cell activa-
tion), suggesting their associations with the treatment-
resistant immune-cold Sub5. Finally, we performed the 
same subclustering analysis for cancer-associated fibro-
blasts (CAF) and smooth muscle cell (SMC) clusters in 
Supplementary Fig.  S4B (Supplementary Fig.  S4E-S4I). 
Among the subclusters, the marker genes of PDGFD and 
CXCL1high subclusters showed the largest overlaps with 
S3/4-G (rna4) and S2/3-P (prot5) of Sub3; the highest 
signature score in Sub3; and represented ECM pathways 
more strongly upregulated in Sub3 than in Sub4, as well 
as immune pathways (Fig.  4K-M), suggesting that they 
mainly constitute activated stroma in the treatment-
resistant Sub3.

Immune‑suppressing pathways in treatment‑resistant 
LACC Sub5
Among the treatment-resistant subtypes of LACC, the 
immune-cold squamous LACC Sub5 frequently exhibited 
aggressive local tumor growth even during the course 
of radiotherapy. To examine the modality of immuno-
therapy for this immune-cold Sub5, we first examined 
whether there could be immune checkpoints associated 
with suppression of T-cell activation in Sub5. Among the 
immune checkpoints, PVR, which induces immune eva-
sion of tumor cells through its binding with TIGIT on 
T-cells, showed elevation of both mRNA and protein lev-
els in Sub5 (Fig. 5A) and also higher expression levels in 
PGK1 and CXCL10high ECs upregulated in Sub5 than in 
the other EC subpopulations (Supplementary Fig.  S5A). 
The IHC analysis further confirmed upregulation of PVR 
proteins in Sub5 (Fig. 5B). We then examined the interac-
tions between PVR and TIGIT using multiplex fluores-
cence IHC stain and spatial proximity distance analysis 
and found that co-localization of PVR-expressing tumor 
cells and TIGIT-expressing cells within 30 μm was most 

Fig. 5  Immune-suppressing pathways in treatment-resistant LACC Sub5. A PVR mRNA (left) and protein (right) expression patterns across Sub1-6. 
In violin plots, the line indicates the median value. B Representative images for PVR and its quantification results in Sub1-6 from IHC analysis. C 
Representative images for each subtype of 5-color mIHC staining scanned with PhenoImagerTM HT at 20 × magnification: PVR (red), TIGIT (yellow), 
NL-SC marker CD66B (cyan), cytokeratin (CK, white) and nucleus marker DAPI (blue). Scale bar = 200 μm. In the original and magnified images 
of spatial cell-to-cell distance analysis, TIGIT-expressing cells were represented as green dots while PVR-expressing tumor cells within the 30 μm 
radius from TIGIT-expressing cells were denoted as red dots. Box plots (right) showed the quantification results analyzed from 90 tumor tissues 
on TMA. D Quantification results in Sub1-6 from IHC analysis of CD66B. E Signature scores of mRNA/protein signatures of Sub5 involved in IL-17 
signaling in the indicated myeloid subclusters. F IL-17R expressions on NL-SCs in bone marrow, spleen, blood, and tumor samples from #6507A 
(Sub5) tumor-bearing mice (n = 4). G Proportions of different IL-17R+ cell types in #6507A (Sub5) tumors. H Representative images showing 
migration of NL-SCs (black triangles) in control and IL-17-treated groups. Scale bar = 100 µm. I Number of migrated NL-SCs per field under indicated 
cytokine conditions. J Co-culture of NL-SCs and T-cells isolated from #6507A (Sub5) tumor models and naïve Balb/c mice, respectively. K 
Distribution of CFSE intensity for CD8+ T-cells measured at Day 4 after the co-culture. L MFI of CFSE intensity for CD8+ T-cells (n = 3/group). M 
Effector cytokine expression (GZMB: Granzyme B, Perforin, IFN-γ, TNF-α) in CD8+ T cells (n = 3/group). Data are shown as the mean ± SEM. *, p < 0.05; 
**, p < 0.01; ***, p < 0.001 from Student’s t-test (L and M) and one-way ANOVA with Tukey’s posthoc correction (F and I)

(See figure on next page.)



Page 13 of 27Hyeon et al. Molecular Cancer           (2025) 24:77 	

Fig. 5  (See legend on previous page.)
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evident in Sub5 compared to in the other subtypes 
(Fig.  5C), suggesting the increased PVR-TIGIT interac-
tions in Sub5. These results collectively support the pos-
sibility that PVR can serve as a potential target for the 
treatment-resistant immune-cold Sub5.

Several myeloid subpopulations, such as suppressive 
neutrophils and macrophages, have been also reported 
to play critical roles in suppression of T-cell activa-
tion [49]. Thus, we next investigated whether these cells 
could contribute to suppression of T-cell activation in 
Sub5. Both mRNA and protein signatures for Sub5 sig-
nificantly represented IL-17 signaling pathway (Fig. 3A), 
suggesting the presence of Th17 that can recruit these 
suppressive cells via IL-17 in Sub5. To check the pres-
ence of Th17 cells in Sub5, we performed subclustering 
of T-cell and NK cell clusters in Supplementary Fig. S4B 
and identified 8 T/NK cell subclusters and their marker 
genes (Supplementary Fig.  S5B and S5C). The marker 
genes of CD4+ T-cell subcluster, including Th17 cells, had 
a significant overlap with S5-G (rna3); relatively higher 
signature scores in Sub5 than in Sub1-2; and significantly 
represented Th17 cell differentiation (Supplementary 
Fig. S5D-S5F). Also, this CD4+ T-cell subcluster included 
a substantial proportion of Th17 cells expressing IL-17 
(Supplementary Fig.  S5B, inlet). These data collectively 
support the presence of Th17 cells in Sub5. Moreover, the 
marker genes of FCGR3B and FCN1high macrophage sub-
clusters significantly represented IL-17 signaling, as well 
as neutrophil activation (Fig. 4J). These data collectively 
suggest a hypothesis that these macrophages with neu-
trophil-like characteristics may serve as the above sup-
pressive cells activated by IL-17 released from Th17 cells 
in Sub5. To examine this hypothesis, we first checked 
the presence of these neutrophil-like suppressive cells 
(NL-SCs) in Sub5 tumors by performing IHC analysis of 
CD66B, an established marker for NL-SCs [50], across 
tumors in Sub1-6. The analysis revealed that Sub5 tumors 
had the highest density of CD66B+ cells, compared to the 
tumors in the other subtypes, suggesting the presence of 
NL-SCs (Fig. 5D). Moreover, we also calculated the signa-
ture scores using the Sub5 mRNA/protein signatures for 
IL-17 signaling across the myeloid subclusters and found 
that the signature score (i.e., IL-17 signaling activation) 
was significantly elevated in FCGR3B and FCN1high mac-
rophages, compared to in the other myeloid subclusters 
(Fig. 5E), supporting the above hypothesis.

To further test this hypothesis, we next developed a 
preclinical mouse model with the #6507A (Sub5) cells 
used in Fig. 3G and H (Supplementary Fig. S5G). Of note, 
after trying various models including orthotopic cervix 
tumor models using the cells, we were successful only 
for intratongue implantation models that reflect can-
cer clinical phenotypes as previously described [51–53]. 

Flow cytometry analysis showed higher percentages 
of IL-17R+ NL-SCs in #6507A (Sub5) tumors than in 
the bone marrow, spleen, and blood (Fig.  5F and Sup-
plementary Fig.  S5H). NL-SCs mainly comprised cells 
expressing IL-17 receptors (IL-17R and IL-21R) in the 
tumors (Fig. 5G and Supplementary Fig. S5I). Moreover, 
chemotaxis/migration assays showed that IL-17 strongly 
induced the recruitment of NL-SCs in vitro (Fig. 5H and 
I). Finally, we examined the immunosuppressive func-
tion of NL-SCs by evaluating T-cell proliferation using 
carboxyfluorescein succinimidyl ester (CFSE) assays in 
the presence of NL-SCs (Fig. 5J). #6507A (Sub5) tumors 
showed higher mean fluorescence intensities (MFI) of 
CFSE in CD8+ T-cells with NL-SCs than in the control 
without NL-SCs (Fig. 5K and L). Moreover, among four 
major effector cytokines (Granzyme B, Perforin, IFN-
γ, and TNF-α), expression of Granzyme B and Perforin 
was attenuated in CD8+ cytotoxic T cells co-cultured 
with NL-SCs (Fig.  5M). These data indicate that T-cell 
proliferation was disrupted by NL-SCs, supporting that 
NL-SCs can contribute to suppression of T-cell activa-
tion in Sub5 and thus serve as a potential target for the 
treatment-resistant immune-cold Sub5.

Discussion
We have performed comprehensive proteogenomic anal-
ysis for LACC. First, comparison of genomic alterations 
between early-stage UCC and LACC revealed potential 
factors (keratinization-TP53 regulation axis in SCC and 
O-glycosylation-TP53 regulation axis in ADC) that could 
develop aggressive phenotypes in LACC. Second, prote-
ogenomic results revealed three treatment-resistant sub-
types of LACC (Sub3, 5, and 6) and further identified the 
molecular and cellular characteristics for the treatment-
resistant nature of Sub3 and 5, both of which belonged 
to the Keratin-low subtype in TCGA: activated stroma 
and ADC-like ECs for Sub3 and ECs with high EMT 
potential and CIC mutations/PVR/NL-SCs for Sub5. 
Therefore, our comprehensive proteogenomic analysis 
identified the subtypes of LACC and provided the more 
detailed molecular/cellular characterization of the treat-
ment-resistant LACC subtypes compared to the previous 
omics analyses of early-stage UCC-enriched cohorts.

The proteogenomic characterization of the treatment-
resistant LACC subtypes can facilitate therapeutic strati-
fication of these subtypes. First, for the immune-hot 
Sub3, activated stroma (PDGFD and CXCL1high CAFs) 
and MUC5AChigh ECs can be targeted simultaneously to 
inhibit the EC-driven tumor growth and the CAF-driven 
aggravated ECM activation at the same time. The acti-
vated stroma have been shown to cause chemoresistance 
[54] and radioresistance [55], which can decrease the effi-
cacy of primary-CCRT in LACC. Targeting these CAFs 
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can thus improve the effectiveness of primary-CCRT 
using the following agents: 1) PDGFD neutralizing anti-
body, CR002 [56] and MAB1159 (R&D systems, Catalog 
#: MAB1159) or inhibitors (crenolanib and imatinib [57]) 
of the PDGFD receptor PDGFRB for PDGFDhigh CAFs; 
and 2) CXCL1 inhibitor, Reparixin [58], or CXCL1 neu-
tralizing antibody [59] for CXCL1high CAFs. Moreover, 
MUC5AC inhibitors, such as aclidinium [58] and cur-
cumin [60], can be treated together to simultaneously 
target MUC5AChigh ECs. Second, for the immune-cold 
squamous Sub5, aggressive ECs (PGK1 and CXCL10high 
ECs) can be targeted at the same time to suppress the 
elevated EMT using the following agents: PGK1 inhibi-
tor, aryl/alkyl bisphosphonates [61], for PGK1high ECs 
and CXCL10 inhibitor, an food drug administration 
(FDA)-approved atorvastatin [62], for CXCL10high ECs. 
Moreover, the immunotherapy to inhibit PVR and NL-
SCs (FCN1 and FCGR3Bhigh macrophages) that sup-
press anti-tumor T-cell activation can be further used 
to release such suppression. TIGIT blocking antibody 
[63] can be employed to reduce the tumor-induced sup-
pression of T-cells in Sub5 tumors. In addition, IL-17 
and IL-17R blockers (e.g., FDA-approved secukinumab 
[64] and brodalumab [65]) could be used to reduce the 
recruitment of NL-SCs and thereby T-cell suppression 
mediated by NL-SCs. Combinations of these inhibi-
tors and blockers should be explored to improve the 
therapeutic efficacy for Sub5. Finally, for the ADC Sub6, 
MUC5AChigh ECs and aberrant O-glycosylated mucins 
can be targeted to inhibit aggressive tumor growth at the 
same time. Together with the aforementioned MUC5AC 
inhibitors targeting MUC5AChigh ECs, Ac5GalNTGc 
can be employed to inhibit O-linked glycosylation of 
mucins [66]. All these data strongly suggest that combi-
natorial therapeutic means targeting multiple modalities 
(stromal, immune, and tumor cells) should be employed 
to treat the treatment-resistant LACCs. Of note, Sub4 
showed one of treatment-sensitive LACC subtypes with 
better survival than the above treatment-resistant sub-
types, but worse survival than the treatment-sensitive 
Sub1-2. Integrated analysis of DFS and LRFS revealed 
that the medium prognosis could be due to a higher rate 
of distant metastasis in Sub4 than Sub1-2, which sug-
gest that the more potent systematic chemotherapy and/
or immuno-oncology agents are needed to improve the 
effectiveness of primary CCRT.

To test the validity of the proposed treatment strate-
gies, the organoid models or co-culture systems can be 
developed using cells derived from tumor tissues in the 
treatment-resistant subtypes. To this end, surface mark-
ers for 1) ECs for Sub3 and 6 (MUC5AChigh ECs) and 
Sub5 (PGK1 and CXCL10high ECs), 2) CAFs for Sub3 
(PDGFD and CXCL1high CAFs), and 3) NL-SCs for Sub5 

(FCN1 and FCGR3Bhigh macrophages) should be first 
identified from the marker genes of these subpopula-
tions (scRNA-seq data), and the subpopulations can be 
then isolated from tumor tissues by FACS using their 
surface markers and/or the conventional markers for 
ECs (EPCAM), CAFs (FAP/ACTA2), and macrophages 
(CD68). After confirming upregulation of the marker 
genes used for labeling the subpopulations, the organoid 
models containing the subpopulations (e.g., MUC5AChigh 
ECs + PDGFD/CXCL1high CAFs + immune cells for Sub3 
and PGK1/CXCL10high ECs + FCN1/FCGR3Bhigh mac-
rophages + CD8+ T-cells for Sub5) can be generated. 
However, the organoids may be difficult to generate or 
not represent the subtype characteristics, such as upreg-
ulation of the representative pathways (immune and 
ECM pathways for Sub3 and EMT-related signaling path-
ways for Sub5). Alternatively, the co-culture systems can 
be developed for the subpopulation combinations. Using 
the organoid models or co-culture systems, the efficacy of 
the proposed treatment strategies can be tested using the 
aforementioned inhibitors and/or blockers for the sub-
type-associated cell types (e.g., reparixin [67] or CXCL1 
blocker [59] for CXCL1high CAFs). In this study, we dem-
onstrated that the co-culture system of NL-SCs + CD8+ 
T-cells isolated from the mouse model could be used to 
show that NL-SCs suppress activation of CD8+ T-cells, 
which can be further used to test the efficacy of NL-SC 
inhibitors (e.g., IL-17 and IL-17R blockers).

For the above therapeutic stratification of LACC, deter-
mination of the LACC subtypes for patients should pro-
ceed. First, genomic screening for the genes having the 
mutations enriched in the treatment-resistant subtypes 
(Fig.  2G) can be developed to predict the treatment-
resistant nature. However, our WES data showed that 
somatic mutations of these genes were detected only in 
a subpopulation of the patients in the subtypes, thereby 
leading to false negatives in prediction of the treatment-
resistance. To improve the prediction accuracy, we can 
further utilize the representative molecules for the fol-
lowing 1) key pathways and 2) subpopulations of tumor, 
stromal, and immune cells enriched in each subtype 
identified from our proteogenomic and scRNA-seq anal-
yses: 1) keratinization and apoptosis/TP53 regulation 
pathways for Sub1-2 enriched with KRT1/13, GADD45B, 
AKR1C2high ECs and additionally platelet/complement 
activation pathways for Sub2; 2) immune and ECM path-
ways for Sub3 enriched with the aforementioned CAFs 
and ECs; 3) conventional innate/adaptive immune path-
ways for Sub4 enriched with CD1C/LAMP3/CLEC9A-
high DC/pDC and C1QBhigh macrophages; 4) EMT and 
ECM remodeling pathways for Sub5 enriched with the 
aforementioned ECs and NL-SCs; and 5) O-line glyco-
sylation of mucins for Sub6 enriched with MUC5AChigh 
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ECs. Besides the genomic screening, in practice, a panel 
of the representative mRNAs for the key pathways can be 
first developed, and IHC analysis for the representative 
proteins for both the key pathways and the enriched cell 
subpopulations can then further augment the genomic 
screening and mRNA panel-based predictions.

Our in  vitro experiments using #6507A tumor cells 
suggested that the levels of ETV4 and EMT markers 
could be increased in the Sub5 patients with the loss-
of-function mutations of CIC. We thus compared both 
mRNA and protein levels of ETV4 and EMT-related 
markers (CDH2, VIM, BSG, VAV2, EGFR, and FOSL1) 
between Sub5 patients with and without CIC muta-
tions. Unexpectedly, however, there were found to be 
no significant differences in mRNA and protein levels of 
these molecules. There could be several reasons: 1) there 
were only three patients who were found to carry the 
CIC mutations, and no reliable statistical decision could 
be drawn due to the low statistical power (n = 3); 2) the 
sequencing depth of our WES data were around 100x, 
and the CIC mutations could be failed to be detected 
even if small subpopulations of tumor cells actually car-
ried the mutations, making the labels of patients with 
and without the CIC mutations uncertain; 3) although 
CIC mutations were detected, they could not lead to the 
loss-of-function of CIC (e.g., missense mutation causing 
single amino acid variation) because the amount of func-
tional CIC proteins in the nucleus is important, which 
could not be distinguished from proteogenomic data; and 
4) mRNA and protein levels of the molecules were meas-
ured from the entire cells in the tumor tissues, and the 
levels could not truly represent those of these molecules 
in the tumor cells where CIC mutations affected their 
levels. Consistent with this finding, the similar insignifi-
cant differences were observed in the IHC data of the 
EMT-related markers (BSG, VAV2, EGFR, and FOSL1), 
possibly for the same reasons mentioned above. These 
results suggest that further detailed functional and clini-
cal studies would be needed for the effect of CIC muta-
tions using organoids and in vitro experiments in a large 
clinical cohort and also its potential clinical application 
in treating Sub5 patients.

In this study, we proposed a hypothesis that Th17 cells 
release IL-17, which in turn activates NL-SCs and they 
then suppress activation of cytotoxic T-cells in Sub5 
based on the results from our experiments and data anal-
yses. First, T/NK cell subclustering analysis showed that 
the marker genes of CD4+ T-cell subcluster had a sig-
nificant overlap with mRNA signature of Sub5, relatively 
high signature scores in Sub5, and represented Th17 cell 
differentiation, in addition to the fact that the subcluster 
included a substantial proportion of Th17 cells expressing 
IL-17. Based on these results, we hypothesized that Th17 

cells could be present in Sub5. Despite these indications, 
however, the presence of Th17 cells should be validated 
in Sub5 tumors by IHC analysis using RORC antibodies. 
Second, based on the previous findings [68], we hypothe-
sized that Th17 cells can serve as a major source of IL-17. 
However, other cells also can produce IL-17 in inflam-
matory conditions, including group3 innate lymphoid 
cells (ILC3), δγT cells, invariant NKT cells, and activated 
macrophages [68]. It is thus needed to validate that Th17 
cells truly act as a source of IL-17 in Sub5 tumors. To this 
end, we can isolate and culture Th17 cells from tumor 
tissues in Sub5 patients and then measure the released 
IL-17 in the culture media. Third, we showed that IL-17 
strongly increased the migration of NL-SCs isolated from 
tumors in our mouse models. These results demonstrate 
a crucial role of IL-17 in the recruitment and activation 
of NL-SCs, consistent with the previous finding [69]. It 
can be further confirmed that the released IL-17 in the 
culture media can activate the NL-SCs isolated from 
Sub5 tumors. Finally, our co-culture experiments of NL-
SCs and CD8+ T-cells isolated from our mouse models 
revealed that NL-SCs could suppress T-cell activation, 
consistent with the previous finding [70]. Despite the 
supporting data from our experiments and data analyses, 
the aforementioned experiments should be still carried 
out to validate our hypothesis on the regulatory axis of 
Th17-NL-SC-T-cell in Sub5.

Our study has several issues that previous omics stud-
ies also had. First, tumor samples can also include non-
tumor cells, which dilutes tumor-associated molecular 
signatures. To reduce this purity issue, we tried to focus 
on molecular signatures having consistent alteration 
patterns across all samples in individual clusters. Sec-
ond, given local heterogeneity, locally sampled tissues 
for proteogenomic analysis may not represent disease 
states of the whole tumor which can cause inconsistency 
with observed phenotypes (clinical subtypes, metasta-
sis, and survival). For example, locally sampled ADC 
tissues may include squamous cancer cells, especially in 
tumors with the adenosquamous nature, and the prote-
ogenomic data for these tissues may include the mixed 
signatures of ADC and SCC. To resolve this issue partly, 
we performed scRNA-seq and identified EC subpopula-
tions associated with Sub1-6 and tried to focus on con-
sistent cellular pathways in both bulk proteogenomic 
and scRNA-seq data. Third, for the integrative analysis, 
we combined RNA-seq data (merged dataset) from mul-
tiple cohorts that included patients with heterogeneous 
clinical parameters and sample collection/storage condi-
tions. To resolve this issue, we attempted to remove batch 
effects and focus on statistically powerful conserved sig-
natures across different datasets. However, how much all 
these problems have been corrected is unclear, and the 
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proposed signatures should be thus validated in larger 
clinical cohorts before clinical applications. Finally, our 
proteogenomic analyses are limited to providing correla-
tive signatures, not causative associations.

Methods
Sample collection
UCC tissue and blood samples were collected from 
patients prior to radiotherapy at the department of radio-
therapy, National Cancer Center (NCC) in Korea from 
July 2004 to March 2020. Most samples were obtained 
via biopsy, and 68 samples were obtained from the Bio 
Bank of NCC, Korea. Pathologic diagnosis was made by 
two gynecological pathologists. UCC tissues obtained 
from patients who had undergone radiotherapy as the 
primary treatment were collected at the outpatient clinic 
before radiotherapy was initiated along with the blood 
samples. The tissues collected via biopsy were imme-
diately immersed in liquid nitrogen. Surgical samples 
were carried in liquid nitrogen as soon as the tissues 
were removed in the operating room and transferred to 
a -80 °C deep freezer within 30 min. Sample and clinical 
data collections were approved by the NCC Institutional 
Review Board (IRB No. NCC 2016–0019) and informed 
consent was obtained from all patients. Staging workup 
included bimanual physical examination, chest and 
abdomino-pelvic computed tomoghraphy (CT), pelvic 
magnetic resonance imaging (MRI), and positron emis-
sion tomography (PET) scans in all patients. Sigmoidos-
copy and cystoscopy were performed for all patients. All 
patients were clinically staged as International Federa-
tion of Gynecology and Obstetrics (FIGO) 2014 staging 
system.

Radiotherapy
Concomitant chemoradiotherapy (CCRT) consisted of 
whole pelvic external beam radiotherapy (EBRT) with 
chemotherapy and high-dose–rate (HDR) brachytherapy. 
For patients having poor physical performance, how-
ever, RT alone was administered with the curative aim. 
Patients with stage IVB patients were treated in diverse 
methods including CCRT, RT alone, post-RT combina-
tion chemotherapy, and CCRT + combination chemo-
therapy. Whole pelvic EBRT dose was 45 to 50.4 Gy. HDR 
brachytherapy consisted of 6 fractions of CT- (between 
2004 and 2008) or MRI-based (since 2009) 3-dimensional 
image-guided intra-cavitary radiotherapy given twice 
a week with 5  Gy per fraction (total 30  Gy). The total 
biologically equivalent dose in 2-Gy fractions to Point 
A ranged from 72.3 to 102.2 Gy, with a median value of 
87 Gy. The final primary tumor response was determined 
by physical examination, cervical cytology or biopsy if 
needed, and MRI at 3  months after radiotherapy. Local 

recurrence was defined as the presence of residual dis-
ease not resolved at 3 months after radiotherapy, which 
was confirmed by biopsy, or as the relapse at the cervix, 
vaginal, and/or parametrium.

WES and RNA sequencing analysis
Genomic DNA for WES was isolated from frozen biopsy 
tumor tissues and peripheral blood buffy coat of patients 
using the QIAamp DNA Mini kit (Qiagen GmbH, Hilden, 
Germany). Total RNA for RNA sequencing was extracted 
from the frozen biopsy tumor tissue using TRIzol (Inv-
itrogen®, Carlsbad, CA, USA), followed by cleaning with 
the RNeasy Mini Kit (Qiagen GmbH®, Hilden, Ger-
many). Using the isolated genomic DNA and RNA, we 
generated the sequencing libraries and then performed 
WES and RNA sequencing analyses following the Illu-
mina’s standard protocols, as described in details in Sup-
plementary Methods. The reads resulted from WES and 
RNA sequencing were aligned to the GRCh38 reference 
genome using BWA MEM (version 0.7.17) [71] for WES 
data and STAR (version 2.4.0) [72] for RNA sequencing 
data. For the WES data, we identified somatic mutations 
using GATK3.8 and Strelka2 (version 2.9.10) [73], signifi-
cantly mutated genes (SMGs) using MutSigCV (version 
1.4.1) [74], and then copy number alterations (CNAs) 
using CNVkit (version 0.9.9) [75]. For the RNA sequenc-
ing data, the fragments per kilobase of transcript per 
million mapped reads (FPKM) at the gene level were cal-
culated using RSEM (version 1.3.3) [76]. See Supplemen-
tary Methods for the details regarding the preprocessing 
and analysis of WES and RNA sequencing data.

HPV integration analysis
To search for HPV integration sites, we attempted to 
identify the RNA-seq reads that contained the human 
genome component in one side and the viral genome 
component in the other side (called human-virus fusion 
reads) using the two previously reported approaches 
complementary to each other. In the first approach, we 
applied the Virus-Clip tool [77] to align RNA-seq reads 
onto viral genome and obtained potential human-virus 
fusion reads. To remove the false positives, we separated 
the fusion reads into human and virus parts and first 
selected the ones with both parts longer than 21 bp (the 
minimum length for blast). For each selected fusion read, 
we then aligned both human and virus parts onto human 
transcriptome sequences (NCBI refseq RNA) using blastn 
(version 2.15.0) [78] with default parameters. We further 
selected the fusion reads in which the human part was 
aligned (E-value < 1) onto human transcriptome while the 
virus part was not (E-value < 1) within 5 bp of the region 
(< 2-codon bp) where the human part was aligned. Based 
on these selected human-virus fusion reads, we next 
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identified HPV integration sites as the ones supported 
by two fusion reads and more. In the second approach, 
as previously described in the TCGA study [10], we first 
applied the PathSeq tool (GATK version 4.2.2.0) [79] to 
the RNA-seq data and identified non-human reads that 
were not aligned onto human genome (NCBI GRCh38). 
We then applied the CTAT-VIF tool (version 1.5.0) [80] 
to the non-human reads and identified the human-virus 
fusion transcripts and their associated HPV sites. Finally, 
we combined the HPV integration sites identified from 
both approaches.

Estimation of tumor cellularity
Tumor cellularity was estimated based on histologi-
cal images. For each sample, the percentage of tumor 
cells relative to all cells, including stromal, immune, 
and tumor cells, was estimated using the representative 
hematoxylin–eosin (HE)-stained sample slide. At least 
ten random high-power fields (HPFs) and up to 30 HPFs 
were microscopically evaluated, and the average tumor 
cell count of the total cell counts in each HE-stained slide 
was estimated as histological tumor cellularity.

Global proteome and phosphoproteome analyses
We cryopulverized each tumor tissue individually into 
tissue powder, as described previously [81], transferred 
the power to a new tube containing lysis buffer, centri-
fuged the lysate, and then extracted proteins. The result-
ing protein was digested by trypsin (V5111, Promega) 
with a slightly modified filter-aided sample preparation 
method [82]. To generate the universal reference pep-
tides, we pooled 60 μg of peptides from each tumor pep-
tide sample. For each TMT set, the universal reference 
peptides (300  μg,126 channel) and ten different tumor 
samples (300  μg each, 127N through 131C channels) 
were labeled with 11-plex TMT reagent, according to the 
manufacturer’s instructions. After desalting, immobilized 
metal affinity chromatography (IMAC) phosphopeptide 
enrichment was performed on all TMT-labeled pep-
tides. The flow-through non-phosphopeptide samples 
from the IMAC experiments were fractionated based on 
mid-pH reverse-phase liquid chromatography fractiona-
tion (mRP fractionation), as previously described [82]. 
The previously developed DO-NCFC-RP/RPLC system 
[83–85] was modified to produce up to 24 online NCFC 
fractions. This system was operated in one-dimensional 
RPLC mode (for global proteome) or two-dimensional 
RP/RPLC mode (for phosphoproteome). Both global 
proteome and phosphoproteome were analyzed using 
a quadrupole-orbitrap mass spectrometer (Q Exactive 
HF-X, Thermo Fisher Scientific) with an electric potential 

of 2.4 kV and desolvation capillary temperature at 250 °C 
for electrospray ionization.

A sample-specific customized database was con-
structed with a slight modification to a previously 
reported method [86]. MS/MS data for both global and 
phosphoproteome were processed using mPE-MMR for 
accurate precursor ion mass assignment. The refined MS/
MS data were then subjected to MSGF + (version 9949) 
[87] database search. For phosphoproteome datasets, the 
unidentified MS/MS data from the MSGF + search were 
further subjected to a spectral library search [81]. Bipar-
tite graph analysis using an in-house program was used to 
obtain protein groups from the identified peptides using 
a previously described process [81]. The 11-plex TMT 
labeling was used to quantify the protein abundances of 
the universal reference (channel 126) and ten tumor tis-
sues (channels 127N-131C). After correcting the isotope 
impurity, the intensities of each TMT reporter ion (126-
131C) were extracted with a mass tolerance of 0.005 Da 
from all MS/MS scans and then normalized using quan-
tile normalization. See Supplementary Methods for the 
details regarding sample preparation, LC–MS/MS analy-
sis, and database search for global proteome and phos-
phoproteome analyses.

Identification of molecules correlated with genetic 
alterations
We used only expressed mRNAs, proteins, and phospho-
peptides, respectively, that had FPKM > 1 (mRNAs) or 
were detected (proteins and phosphopeptides) in more 
than 50% of patients with protein and phosphorylation 
data available. For each SMG, we identified differentially 
expressed molecules between samples with and without 
alterations. To this end, for each molecule, we calculated 
a rank-sum statistic value and a log2-median-ratio. We 
then estimated the empirical null distributions of the 
rank-sum statistic value and log2-median-ratio via ran-
dom permutation of all samples. Using the estimated 
empirical distributions, for each molecule, we computed 
adjusted p values for the observed rank-sum statistic 
value and log2-median-ratio, and then combined these 
p values using Stouffer’s method [88]. Finally, we identi-
fied differentially expressed molecules as those with com-
bined p values < 0.01 and absolute log2-median-ratios > a 
cutoff value, the mean of 2.5th and 97.5th percentiles of 
the empirical distribution for log2-median-ratios (e.g., 
log2-median-ratio = 0.45 for KRT5/10/13/14/16).

Subtype identification
We first selected molecules (mRNAs, proteins, or phos-
phopeptides) with abundance data across all samples 
clustered to avoid the bias from missing values. For 



Page 19 of 27Hyeon et al. Molecular Cancer           (2025) 24:77 	

the 1st stage clustering, we selected squamous tumors 
only and then top 10 (MAD10), 20 (MAD20), or 30% 
(MAD30) of molecules (mRNAs, proteins, or phospho-
peptides) with the largest median absolute deviations 
(MADs). We performed a 1st orthogonal non-negative 
matrix factorization (ONMF [89];) clustering for the 
squamous tumors using MAD10, MAD20, or MAD30. 
Based on cophenetic correlations and consensus heat 
maps, we determined the number of clusters (hi_k) 
and cluster memberships, as previously described [90]. 
Before the 2nd ONMF clustering, we fixed the member-
ships of squamous tumors in an initial activation matrix, 
as described at the bottom of Supplementary Fig.  S2A. 
Briefly, in the initial activation matrix, we set activation 
values for the squamous tumors to represent the mem-
berships (e.g., [1 0 0 0] for a squamous tumor in s-Prot1). 
We also added zeros for the remaining activation values 
when the number of clusters (k) was larger than hi_k. For 
adenosquamous and adenocarcinoma, we assigned ran-
dom activation values sampled from the uniform distri-
bution. We performed the 2nd ONMF clustering with the 
initial activation matrix using the same MAD10, MAD20, 
or MAD30 molecules from squamous tumors with vary-
ing k. Based on cophenetic correlations, we finally deter-
mined k and cluster memberships.

Identification of molecular signatures defining 
the subtypes
To identify molecular signatures that defined the sub-
types during clustering, we first defined ‘core samples’ 
for each subtype as the ones with positive silhouette 
width scores. To obtain the signature molecules defin-
ing each subtype, for each molecule, we compared 
log2-fold-changes in the core samples of the subtype 
with those of the other subtypes using the previously 
reported integrative statistical hypothesis testing method 
[91, 92] that computed an adjusted p value (p) by com-
bining p values obtained from two sample t-test and the 
median ratio test. For each comparison, the putative sig-
nature molecules were selected as those with p < 0.05. We 
then further filtered the selected molecules by choosing 
the ones with 1) a median value of patients in the sub-
type larger than zero, 2) a median value of the remain-
ing patients less than zero, and 3) a median value of the 
patients in the subtype larger than that of the remaining 
patients.

Integrated clustering of subtypes identified 
from individual types of data
An integrated clustering was performed using all three 
types of data (mRNA, global proteome, and phospho-
proteome data). Briefly, for each type of data, a cluster 
identified from the individual data clustering was first 

converted to an indicator vector that included the ones 
for the samples in the subtype and zeros for the remain-
ing samples. The indicator matrices for the three types of 
data were concatenated into the overall indicator matrix, 
which was then used as an input for k-means cluster-
ing. We selected the number of clusters (k, subtypes) as 
k = 6 (Sub1-6) after trying multiple k values and check-
ing whether the subtypes resulted from the k-means 
clustering showed sufficient enrichment of clusters iden-
tified from the individual data. Cluster memberships of 
the samples were determined such that each sample was 
assigned to a subtype with the minimum distance to the 
subtype mean.

Survival analysis
Survival data were shown using Kaplan–Meier curves. 
Survival can be affected by treatment methods. Thus, to 
avoid biases in survival analysis, we excluded 36 patients 
who received RT alone, 15 patients who underwent sur-
gery as a primary treatment, 8 patients who received pal-
liative treatment or incomplete treatment, and 5 patients 
with treatment or survival information unavailable. In 
addition, we excluded 29 stage IVB patients that were 
treated with heterogeneous chemotherapeutic regimens 
during and after RT (Supplementary Table S1).

Pathway analysis
For integrated pathway analysis, we first identified 
molecular signatures for Sub1-6 identified from the inte-
grated clustering based on the relationships between 
Sub1-6 and the clusters identified from the three types of 
data. For example, for Sub1, we identified the genes (S1-
G) selected for RNA1 identified from mRNA data and 
the proteins (S1-P) selected for Prot1 and Phos1 identi-
fied from proteome and phosphoproteome data, respec-
tively. To identify the pathways represented by the genes 
and proteins for Sub1-6, we performed an enrichment 
analysis of cellular pathways for the genes and proteins 
selected for each subtype (e.g., S1-G and S1-P for Sub1) 
using ConsensusPathDB [18]. The cellular pathways rep-
resented by the genes and proteins for each subtype were 
identified as those with p < 0.05, and the number of mol-
ecules involved in the pathway ≥ 3.

Reconstruction of network models
We first obtained protein–protein interactions (PPIs) 
from ten interactome databases, including BioGRID 
[93], HuRI [94], IntAct [95], HitPredict [96], IID [97], 
MINT [98], DIP [99], HPRD [100], HTRIdb [101], and 
STRING [102]. For the list of molecules selected for net-
work construction (molecules that have correlation with 
genetic alterations in Fig.  1G and 2J and molecular sig-
natures involved in activated stroma-related processes 
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associated with Sub3 in Fig.  3B, immune-related pro-
cesses associated with Sub4 in Supplementary Fig. S3C, 
EMT-related processes associated with Sub5 in Fig.  3D, 
or the processes related to the production of proteogly-
can and Tn antigen associated with Sub6 in Fig. 3F), we 
then extracted interactors of the selected molecules (i.e., 
the molecules and their 1st neighbors) as the nodes and 
the edges between them based on the PPIs. We visual-
ized a network model to describe the extracted nodes 
and edges in Cytoscape (version 3.3.0) [103]. Among the 
1st neighbors in the network model, we left only the key 
1st neighbors without which the connection between the 
nodes for the selected molecules disappeared. We next 
added the activation and inhibition reactions between the 
nodes in the network model obtained from the relevant 
KEGG pathways (e.g., regulation of actin cytoskeleton in 
Fig.  1G) [104]. Finally, we arranged the nodes based on 
their localization obtained from the KEGG pathways.

scRNA‑seq
Cellular suspensions were loaded onto a chromium 
controller (10 × Genomics) to generate nanoliter-sized 
gel bead-in-emulsions (GEMs) containing single cells, 
reagents, and a single gel bead containing barcoded oli-
gonucleotides. Barcoded sequencing libraries were pre-
pared using Chromium Next GEM Single Cell 3’ v3.1 
Dual Index (10X Genomics) according to the manufac-
turer’s protocol. The sequencing libraries were sequenced 
on NovaSeq 6000 (Illumina) with the following read 
lengths: 28 base pairs (bp) for Read 1 (16  bp 10 × Bar-
code + 12  bp UMI), 10  bp for Sample Index (dual), and 
90  bp for Read 2. Next, we aligned the resulting reads 
from the sequencing to the GRCh38 reference genome 
and performed the unique molecular identifier (UMI) 
counting using Cell Ranger software (v.7.0.1) [105]. To 
improve statistical power for characterization of cellu-
lar heterogeneity in LACC, we also integrated scRNA-
seq dataset generated from patients with SCC and ADC 
(GSE208653 [41], GSE236738 [42], E-MTAB-12305 [43], 
and S-BSST1035 [44]). Quality control, data normaliza-
tion and integration, and cell clustering were performed 
using Seurat (v.4.0.4) [106]. See Supplementary Methods 
for the details regarding the preprocessing and analysis of 
scRNA-seq data.

Identification of marker genes for the individual cell 
clusters
Using the final merged UMI matrix for each cell cluster 
(or subcluster), we computed the adjusted p-values, log-
fold changes, proportion of cells in the cluster expressing 
the gene (pct.1) using the ‘scanpy.tl.rank_genes_groups’ 
function from scanpy (v.1.10.1) [107]. Adjusted p-val-
ues (Pw) were calculated for HVGs using the Wilcoxon 

rank-sum test followed by the Benjamini–Hochberg 
method. Moreover, to focus on the genes predominantly 
expressed in the cluster compared to in the other clus-
ters, we further computed adjusted p-values (Pt) from 
the previously reported empirical t-test for HVGs for 
the comparison of pct.1 values in the cluster vs. those in 
the other clusters. Finally, we identified marker genes for 
the cluster as the ones meeting the following criteria: 1) 
adjusted Pw < 0.01, 2) log-fold changes > 0.4 (~ 1.49-fold), 
and 3) adjusted Pt < 0.05, and 4) the highest pct.1 in the 
cluster compared to in the other clusters. To search for 
the subtype of LACC associated with the subtypes of the 
aforementioned four cell types, we first evaluated the 
significance of overlaps between 1) the bulk RNA and 
protein signatures for Sub1-6 (e.g., S1-G and S1-P for 
Sub1) and 2) marker genes from individual subclusters 
of the aforementioned four cell types (e.g., PGK1high EC 
subcluster) using the Fisher’s exact test followed by the 
Benjamini–Hochberg method. Second, we calculated the 
signature score for each subcluster in individual samples 
of Sub1-6 as follows: 1) we selected expressed genes with 
FPKM > 1 in more than half of the samples in Sub1-6, and 
then applied quantile normalization to log2-(FPKM + 1) 
for these expressed genes; and 2) after auto-scaling the 
normalized log2-FPKM values, for each sample, we calcu-
lated a signature score as the averaged auto-scaled value 
for the marker genes of the subcluster. Finally, we iden-
tified the pathways represented by the marker genes for 
each subcluster by performing the enrichment analysis 
of cellular pathways for the marker genes using Consen-
susPathDB [18] and selecting the cellular pathways with 
p < 0.05, and the number of molecules involved in the 
pathways ≥ 3.

Tissue microarrays and IHC
Tissue samples were composed of four or more pieces 
obtained by multiple punch biopsies, measuring approxi-
mately 3 × 3 mm each. All pieces from each tumor were 
formalin-fixed and paraffin-embedded into a single 
block, and 4 µm-thick sections were stained with hema-
toxylin and eosin (H&E). After evaluation of H&E tissue 
sections in each case, representative neoplastic areas 
were marked, and the corresponding paraffin block 
was retrieved. A tissue core of 2.0  mm in diameter was 
obtained from each selected block using Quick-Ray man-
ual tissue microarrayer (UNITMA, Seoul, Korea). Tissue 
microarrays (TMAs) containing 2 normal cervical tissues 
and 93 patient tumor tissues were generated and used 
for IHC and multiplex fluorescence IHC (mIHC) stain. 
For this TMA slide generation, without any selection, we 
used all 93 tumor tissues having sufficient amounts avail-
able to mount on the TMA slides among the 146 tumor 
tissues after proteogenomic analysis- 17 of 33 tumors in 
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Sub1, 11 of 17 tumors in Sub2, 16 of 27 tumors in Sub3, 
20 of 28 tumors in Sub4, 13 of 18 tumors in Sub5, and 16 
of 23 tumors in Sub6.

IHC stain was carried out using Roche IHC/ISH sys-
tem (BenchMark ULTRA) and OptiView DAB IHC 
Detection Kit (Ventana, 760–700). The following anti-
bodies were used as the primary antibodies: anti-BSG 
(Abcam, Clone: 10E10), anti-EGFR (Ventana, Clone: 
3C6), anti-FOSL1 (Santa Crus, Clone: C-12), anti-
VAV2 (Atlas, HPA003224), anti-ICOS (Abcam, Clone: 
EPR20560), anti-MMP2 (Invitrogen, Clone: 101), anti-
GPC4 (Atlas, HPA030836). IHC slides were scanned 
using the Aperio AT2 DX System (Leica Biosystems) 
at 20 × magnification and the images are displayed 
at 20 × magnification using the Aperio ImageScope 
(Leica Biosystems). Quantification of IHC staining 
was performed using H-score, which was calculated 
by intensity and percentage of positively stained cells. 
The intensity was manually assessed in 4-grade (0, 1, 2, 
and 3) by two different pathologists as follows: If less 
than 10% of tumor cells were 1 or higher, the tumor 
was graded as 0 (negative); if more than 10% of tumor 
cells were 1 or higher but less than 10% of tumor cells 
were 2, the tumor was graded as 1 (weak positive); if 
more than 10% of tumor cells were 2 or higher but less 
than 10% of tumor cells were 3, the tumor was graded 
as 2 (moderate positive); and if more than 10% of tumor 
cells were 3, the tumor was graded as 3 (strong posi-
tive). The consensus grades between the two patholo-
gists were determined. H-score was then obtained by 
multiplying the percentage and intensity: 3 × (percent-
age of 3 + cells) + 2 × (percentage of 2 + cells) + 1 × (per-
centage of 1 + cells). Of note, for ICOS for which 
H-score was not reliably estimated, we used the den-
sity of the positive cells, instead of H-score: the num-
ber of positive cells (1 + , 2 + or 3 +) per mm2. This 
procedure was done for 1) the total area of the core 
regions mounted on the TMA slides and 2) subre-
gions enriched with tumor cells. In addition, for MMP2 
expressed in a significant portion of stromal cells across 
tumors, we defined subregions enriched with stromal 
cells in each tumor and estimated grades for these sub-
regions because the percentage of positive cells could 
not be reliably determined. Of note, when selecting the 
subregions for tumor- or stroma-enriched subregions 
from the total image for each tumor, to focus on the 
representative subregions and avoid the selection bias, 
we tried to 1) select the subregions where the tumor 
or stroma contents were close to the average content 
in the total image, and also to 2) avoid the subregions 
that could contain the artifacts. In this manner, the 
number of the selected subregions varied from one to 
six, depending on the status of the tumor or stromal 

distribution in the tumor, and grade/H-score was cal-
culated for all the subregions at once.

Multispectral imaging and analysis
mIHC stain was performed on prismCDX Co.,Ltd 
(Gyeonggi-do, Korea) with a Leica Bond Rx™ Auto-
mated Stainer (Leica Biosystems). Briefly, the TMA 
slides were dewaxed with Leica Bond Dewax solu-
tion (Leica Biosystems, AR9222), followed by antigen 
retrieval with Bond Epitope Retrieval 2 (Leica Biosys-
tems, AR9640). The staining process was performed 
four times in sequential rounds, including incubation 
with blocking buffer, primary antibody, and Mouse/
Rabbit HRP secondary antibody (TheraNovis, C0105), 
and visualization of antigen with Astra-fluorophore 
(TheraNovis). Bond Epitope Retrieval 1 was treated 
to remove bound antibodies before proceeding to the 
next step. Finally, the nuclei were counterstained with 
DAPI (Thermo Scientific, 62,248). The slides were cov-
erslipped using ProLong Gold antifade reagent (Invit-
rogen, P36930). The following antibodies were used: 
anti-PVR (Cell Signaling Technology, Clone: D8A5G), 
anti-TIGIT (Abcam, Clone: BLR047F), anti-CD66b 
(Novus, Clone: G10F5), anti-CK (Novus, Clone:AE-1/
AE-3). The following fluorophores were used:

Astra-570 (TheraNovis, C0110), Astra-690 (Ther-
aNovis, C0114), Astra-620 (TheraNovis, C0113), Astra-
780 (TheraNovis, C0116).

mIHC slides were scanned using the PhenoImager™ 
HT (Akoya Biosciences) at 20 × magnification. The rep-
resentative images for training were selected in Phe-
nochart™ Whole Slide Viewer (1.1.0 version, Akoya 
Biosciences), and an algorithm was created in the 
inForm® Tissue Analysis software (2.6 version, Akoya 
Biosciences). Multispectral images were unmixed 
using the spectral library in the inForm software. Tis-
sue was segmented based on cytokeratin (CK), an EC 
marker used to distinguish between parenchyma and 
stroma, and each single cell was segmented based on 
DAPI staining. The cells were phenotyped according 
to the expression compartment and intensity of each 
stained marker. After designating all tissue cores to be 
analyzed on the TMA slide, the created algorithm was 
applied for the batch analysis. The exported data were 
consolidated and analyzed in R studio (4.2.1 version) 
using the phenoptr (Akoya Biosciences) and phenop-
trReport (Akoya Biosciences) packages. We calculated 
the distance between two cells located closest to each 
other using the ‘find_nearest_distance’ function and 
then determined the number of specified cells (cells 
expressing TIGIT) interacting with at least one refer-
ence cell (tumor cells or NL-SCs expressing PVR) at the 
proximity distance and the mean number of reference 
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cells within 30 μm radius of one specified cell, as previ-
ously described [108].

Primary culture of cells derived from tumor tissues
Tumor samples were finely minced with scissors and dis-
persed into small aggregates by pipetting. Fine neoplas-
tic tissue fragments were seeded into T-25 flasks. Tumor 
cells were initially cultured in Opti-MEMI (Thermo 
Fisher Scientific, MA, USA) with 5% fetal bovine serum 
(FBS). After primary culture, cells were sustained in 
RPMI 1640 (Thermo Fisher Scientific, MA, USA) with 
10% fetal bovine serum and 1% (v/v) penicillin and strep-
tomycin (10,000U/ml). Incubated flasks in humidified 
incubators at 37 °C in an atmosphere of 5% CO2 and 95% 
air [109].

Immunodetection
Western blot analysis and immunofluorescence stain 
were performed using 1) #6507A tumor cells derived 
from one tissue of a Sub5 patient carrying a frame shift 
deletion mutation in the C-terminal region of CIC and 
2) #6595 tumor cells (control) derived from one tissue of 
a Sub3 patient as a control without CIC mutation. Each 
experiment was independently repeated twice. Cyto-
plasmic, membrane and nuclear protein extracts were 
prepared with a subcellular protein fraction Kit (Thermo 
Scientific, 78,840) and used for western blot analysis. 
Western blotting was carried out according to the stand-
ard procedures using the enhanced-chemiluminescence 
detection (Amersham™, RPN2232). The following anti-
bodies were used: anti-CIC (Invitrogen, PA5-83,721), 
anti-ETV4 (Proteintech, 10,684–1-AP), anti-CDH1 (Cell 
Signaling Technology, Clone: 24E10), anti-CTNNA1 (BD 
Bioscience, Clone: 5), anti-CDH2 (BD Bioscience, Clone: 
32), anti-VIM (BD Bioscience, Clone: RV202), anti-β-
Actin (Abcam, Clone: AC-15). Immunofluorescence stain 
was performed with patient-derived tumor cells. The cells 
were attached onto glass slides for O/N and fixed in 3.7% 
formaldehyde at 4℃ cold room for 30  min. They were 
permeabilized with 0.5% Triton X-100 in PBS (2  mM 
MgCl2) at room temperature for 10 min and treated with 
5% BSA in PBS (2 mM MgCl2) for 1 h to block nonspe-
cific reaction. Sequential incubation of primary antibody 
and Alexa fluorescence-conjugated secondary antibody 
(Invitrogen, A11037 and A11029) was performed using 
DAPI (Invitrogen, D1306) as a counterstain. Immunoflu-
orescence stain images were acquired at 40 × magnifica-
tion using a Zeiss LSM 780 confocal microscope.

Intratongue cervical cancer model
We cultured #6507A (Sub5) cells derived from human 
UCC tissues in RPMI-1640 medium (Biowest, L0498) 
containing 10% fetal bovine serum (FBS). Subconfluent 

cancer cells were harvested and washed with fresh RPMI-
1640, followed by counting the number of cells. For 
the intratongue cervical cancer model, 2 × 106 #6507A 
cancer cells were suspended in 40  μl of RPMI-1640/
Matrigel (Corning 354,262) mixture (1:1). Seven-ten-
week-old Female BALB/c-nu mice were anesthetized 
with ketamine (100  mg/kg) and xylazine (10  mg/kg) via 
intraperitoneal injection. After anesthetization, mice 
were injected with #6507A cancer cells submucosally 
into the tongue using an insulin syringe with a 29-gauge 
needle (BD, 320,320). Tumor size was measured with 
a caliper every two days from 6  days after cancer cell 
inoculation until the end of the study. Tumor volume 
was calculated using the following formula: tumor vol-
ume = (LD × SD2)/2, where LD and SD indicate the long 
and short diameters, respectively. For processing of 
tumor tissue and blood, spleen, and bone marrow sam-
ples, see Supplementary Methods.

Flow cytometry
The single-cell suspensions (~ 1.5 × 106 cells) from tumor, 
blood, spleen, and bone marrow samples were incubated 
with LIVE/DEAD™ Fixable Blue Dead Cell Stain Kit for 
UV excitation (Invitrogen, L23105) for 30  min at 4  °C 
and then stained with the following fluorescent mono-
clonal antibodies according to the manufacturer’s proto-
col: Anti-CD45 (Invitrogen, Clone: 30-F11), anti-CD11b 
(Biolegend, Clone: M1/70), anti-Ly6C (Invitrogen, Clone: 
HK1.4), anti-Ly6G (Invitrogen, Clone: 1A8), anti-IL-
17RB (Biolegend, Clone: 9B10), and anti-IL-21R (Bio-
legend, Clone: 4A9). To measure cytokine expression in 
CD8+ T cells, cells stained with surface monoclonal anti-
bodies were fixed with intracellular fixation buffer (Inv-
itrogen, 00–8222-49) for 25  min at room temperature, 
and then stained with the following fluorescent monoclo-
nal antibodies according to the manufacturer’s protocol: 
anti-TNF-α (Biolegend, Clone: MP6-XT22), anti-Gran-
zyme B (Invitrogen, Clone: NGZB), anti-Perforin (Bio-
legend, Clone: S16009A), anti-IFN-γ (Biolegend, Clone: 
XMG1.2). The stained samples were then analyzed using 
BD Symphony or BD LSRFortessa. Flowjo v10 was used 
for Flow cytometry data analysis.

CFSE T‑cell proliferation assay
NL-SCs were sorted (FACS Aria III) from the spleen of 
#6507A tumor-bearing BALB/c-nu mice, and CD4+ 
T/CD8+ T-cells were sorted from the spleens of naïve 
BALB/c mice. The sorted T-cells were labeled with CFSE 
Cell Division Tracker Kit (BioLegend, 423,801) follow-
ing the manufacturer’s protocol. The final concentration 
of CFSE was 0.5 µM. CFSE-labeled T-cells (1 × 105 cells) 
were co-cultured with NL-SCs (1 × 105 cells) for 4  days 
with or without NL-SCs in a 96-well plate pre-coated 
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with anti-CD3e (1  μg/mL, BioLegend, 145-2C11) and 
anti-CD28 antibodies (1 μg/mL, BioLegend, 37.51) over-
night at 4 °C. CFSE levels in T-cells were analyzed by flow 
cytometry using BD LSRII. Flowjo v10 was used for Flow 
cytometry data analysis.

Migration assay
NL-SCs (1 × 105) were seeded on a 3 mm pore PET mem-
brane transwell insert (SPL 37124) in the upper cham-
ber. The lower chamber included 10, 20, 50, or 100  ng/
ml of recombinant mouse IL-17 (Peprotech 210–17), or 
triple combination of 20 ng/ml of IL-17, 20 ng/ml of IL-
21(Peprotech 210–21), and 20  ng/ml of IL-22 (Peptro-
tech 210–22). After 6  h at 37  °C, 5% CO2, the medium 
in the upper chamber was removed and the membranes 
were fixed with 4% paraformaldehyde (PFA) for 20  min 
at room temperature (RT). After fixation, the membranes 
were dried for 10 min and stained with hematoxylin solu-
tion (Vitro Vivo Biotech) for 10  min at RT. After non-
migrated cells were gently removed with a cotton tip, 
migrated cells were imaged using a bright-field micro-
scope at 200X magnification. Image J was used to control 
the contrast images for accurate counting of migrated 
cells.

Statistics
The measured values are presented as the mean ± SEM. 
Comparisons between multiple groups (> 2 groups) were 
made using ANOVA with Tukey’s or Sidak’s post hoc 
correction. Student’s t-tests were used to compare data 
between two groups. Statistical significance was defined 
as p < 0.05.
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