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Cervical cancer (CC) remains the fourth leading cause of cancer-related deaths in women globally, with poor prognosis for metastatic and
recurrent cases. Although genomic alterations have been extensively characterized, global proteogenomic landscape of the disease is
largely under explored.

Here, we present the first genome-wide proteogenomic characterization of CC, analyzing 139 tumor-normal tissue pairs using whole-
genome sequencing, transcriptomics, proteomics, and phosphoproteomics.

We identified 4 distinct molecular subtypes with unique clinical outcomes: epithelial-mesenchymal transition (EMT, C1), proliferation (C2),
immune response (C3), and epithelial differentiation (C4). A 4-protein classifier (CDH13, TP53BP1, NNMT, HSPB1) was developed with
strong prognostic and predictive value, particularly for immunotherapy response in subtype C3. Phosphoproteomic profiling uncovered
subtype-specific kinase activity, identifying actionable therapeutic targets.

Our findings further revealed previously uncharacterized somatic copy number alterations, extrachromosomal DNA landscape, and human-
HPV fusion peptides, with implications for genetic heterogeneity and therapeutic targets. This study enhances the understanding of cervical
cancer through deeper proteogenomic insights and facilitates the development of personalized therapeutic strategies to improve patient
outcomes.
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BACKGROUND. Cervical cancer (CC) remains the fourth leading cause of cancer-related deaths in women globally, with poor
prognosis for metastatic and recurrent cases. Although genomic alterations have been extensively characterized, global
proteogenomic landscape of the disease is largely under explored.

METHODS. Here, we present the first genome-wide proteogenomic characterization of CC, analyzing 139 tumor-normal tissue
pairs using whole-genome sequencing, transcriptomics, proteomics, and phosphoproteomics.

RESULTS. We identified 4 distinct molecular subtypes with unique clinical outcomes: epithelial-mesenchymal transition
(EMT, C1), proliferation (C2), immune response (C3), and epithelial differentiation (C4). A 4-protein classifier (CDH13,
TP53BP1, NNMT, HSPB1) was developed with strong prognostic and predictive value, particularly forimmunotherapy
response in subtype C3. Phosphoproteomic profiling uncovered subtype-specific kinase activity, identifying actionable
therapeutic targets.

CONCLUSION. Our findings further revealed previously uncharacterized somatic copy number alterations, extrachromosomal
DNA landscape, and human-HPV fusion peptides, with implications for genetic heterogeneity and therapeutic targets. This
study enhances the understanding of cervical cancer through deeper proteogenomic insights and facilitates the development
of personalized therapeutic strategies to improve patient outcomes.
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Introduction income countries, the global burden remains substantial with over

Cervical cancer (CC) stands as the most predominant cancer type
associated with human papillomavirus (HPV) (1). Despite screen-
ing strategies reducing the incidence and mortality of CC in high-
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300,000 deaths per year worldwide (2). Particularly in Asia, where
vaccination and screening coverages are low due to large popula-
tions, nearly 200,000 deaths occur annually (2). Current treatments
for CC have not substantially improved the prognosis, especially
for metastatic and recurrent cases with 5-year survival limited to
15%—-20% (3, 4). This highlights the critical urgency for a compre-
hensive understanding of the molecular mechanisms underlying the
initiation and progression of CC (5-7). Acquiring such knowledge
is essential for identifying targets that could potentially transform
therapeutic strategies and improve patient outcomes (8-10).

In the past decade, genomic studies have markedly advanced
our understanding of the molecular underpinnings of CC (11-13).
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Comprehensive proteogenomic studies have begun to bridge the
gap between genomic alterations and their downstream protein-lev-
el consequences, revealing subtype-specific signaling pathways,
therapeutic vulnerabilities, and mechanisms of treatment resistance
(14, 15). Nevertheless, these pioneering efforts were still limited by
cohort composition, cancer stage representation, or the depth of
proteomic characterization, leaving important aspects of how mul-
tilayered molecular changes shape phenotypic diversity and clinical
outcomes in insufficiently resolved CC (16, 17). Therefore, system-
atic multi-omics investigations remain essential to delineate how
genomic alterations remodel the proteome and functional networks
that drive cervical cancer progression and therapeutic response.
This study presents the first genome-wide proteogenomic char-
acterization of CC, analyzing a cohort of 139 treatment-naive CC
specimens and their paired normal adjacent tissues (NATs). Through
an integrated analysis of whole-genomic, transcriptomic, proteom-
ic, and phosphoproteomic data, our research aims to elucidate the
molecular landscape of CC, refine molecular subtyping, identify
prognostic biomarkers, and uncover potential therapeutic targets.

Results

Genomic, proteomic, and phosphoproteomic landscapes of CC. To delin-
eate the genomic landscape of CC, we conducted whole-genome
sequencing (WGS) on 130 CC tissue samples and matched blood
specimens (Figure 1A, Supplemental Note 1, Supplemental Fig-
ure 1, and Supplemental Table 1; supplemental material available
online with this article; https://doi.org/10.1172/JCI199497DS1).
Recurrently mutated genes included PIK3CA (25%), KMT2C (11%),
SYNE2 (7%), HUWEI (7%), KMT2D (6%), FBXW7 (6%), EP300
(5%), KLF5 (5%), NFE2L2 (5%), and PTEN (5%) (Figure 1B and
Supplemental Table 2).

Next, we identified whole-genome doubling (WGD) events in
16% (21 of 130) of cases (Figure 1C), and detected high-confidence
chromothripsis (defined by the presence of greater than or equal to
7 oscillating segments) in 27% (35 of 130) of cases. Among these, 27
samples showed canonical chromothripsis events (Figure 1D left),
predominantly affecting chromosomes 1, 2, 12, and 17 (Figure 1D
right). Moreover, phylogenetic reconstruction revealed extensive
intratumor heterogeneity, with 82% (107 of 130) of cases harboring
greater than or equal to 2 clonally distinct subpopulations (Figure
1E). Collectively, these findings highlighted the frequent occurrence
of WGD, chromothripsis, and substantial intratumor heterogeneity
in CC, all of which contribute to increased genomic complexity
and branched evolutionary trajectories.

We next conducted global proteomic and phosphoproteomic
in 139 paired CC and normal adjacent tissues (NATs), identifying
a total of 10,037 proteins (Supplemental Figure 2). Among these,
the downregulated proteins (n = 1,041) were predominantly asso-
ciated with complement activation and humoral immune response,
revealing a suppressed immune environment during cervical car-
cinogenesis (Figure 1F and Supplemental Figure 3A). In contrast,
the upregulated proteins (z = 1,706) were enriched in RNA pro-
cessing pathways, including mRNA metabolism, ribonucleoprotein
complex biogenesis, translation, and RNA splicing (Figure 1F and
Supplemental Figure 3B). Of the upregulated proteins, we further
stratified 23 proteins with more than a 1.5 Log, fold change in at
least 90% of tumors (Supplemental Figure 3C). Among them, TAC-
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STD2, TFRC, and TYMP are targeted by Food and Drug Admin-
istration (FDA) approved drugs, and have potential for immediate
clinical translation (Supplemental Note 2).

The phosphoproteome profiling of 139 tumor/NAT pairs
revealed a total of 32,767 phosphosites corresponding to 6,364
phosphoproteins with a confident site location score (probability
greater than 0.75). Among these phosphosites, 11,443 were previ-
ously documented in established databases (18), including 1,731
sites with kinase information, 1,529 with regulatory information,
and 1,241 possessing both kinase and regulatory details (Figure
1G). The number of phosphosites identified in the tumors strik-
ingly exceeded that in the paired NATs (P = 4.53x1074, Wilcoxon
signed-rank test; Figure 1G).

Integrated proteogenomic analysis of somatic copy number alterations
reveals previously uncharacterized drivers and prognostic biomarkers. To
comprehensively characterize somatic copy number alterations
(SCNAs) in CC, we analyzed chromosomal arm-level events
using GISTIC2.0 (19), which revealed frequent gains on 1p, 1q,
3p, 3q, 5q, 19q, 20p, and 20q, alongside losses on 3p, 3q, 4p, 4q,
6p, 6q, 11p, 11q, 13p, 13q, 15p, 21p, 21q, 22p, and 22q (Figure
2A and Supplemental Figure 4A). Among these, chromosome 1q
gain emerged as the most significant (Q-value = 5.29 x 107'") and
frequently observed event (28%) across the 130 CC samples. Fur-
ther, we identified 112 focal gains and 90 focal losses (Q-value <
0.25; Supplemental Table 2). Consistent with previously reports
(5, 20-22), we confirmed recurrent gains at 3q28 (TP63; 72%),
8q24.21 (MYC; 35%), 11q22.1 (BIRC2, BIRC3, YAPI; 11%), and
17q12 (ERBB2, MIENTI; 8%), as well as recurrent losses at 3p14.2
(FHIT; 45%) and 11q25 (IL18, IL10RA; 62%) (Figure 2B and Sup-
plemental Figure 4B). Beyond these well-characterized regions,
we also discovered previously uncharacterized recurrent gains at
1p34.2 (MYCL; 13%), 9p23 (NFIB; 17%), 10q26.3 (DUX4; 6%),
and 21p12 (ICOSLG; 53%), and a recurrent loss at 6p22.1 (HLA-A;
25%). These findings were further validated through the FACETS
algorithm (Supplemental Figure 4C).

To explore the downstream molecular events of SCNAs, we
examined cis-regulatory effects by correlating copy number chang-
es with gene expression levels (Figure 2C). This analysis identified
1,449 significant CNA-mRNA correlations and 231 CNA-protein
correlations (Spearman’s correlation test, P < 0.001; Figure 2D and
Supplemental Table 3). A subset of 147 genes exhibited consis-
tent cis-effects at both the mRNA and protein levels (Figure 2D).
Among them, RABIF and SCAMP3 were markedly upregulated in
tumors and associated with poor prognosis (Figure 2E). In tumor
samples carrying RABIF gain, both mRNA and protein expression
were concordantly elevated (Figure 2, F and G). To validate RABIF
as potential driver CNAs and prognostic indicator, we performed
functional assays and prognostic analysis using a CC tissue microar-
ray (TMA) cohort (n = 102). Experimental assays showed that
knockout of RABIF in SiHa and HeLa cells markedly suppressed
colony formation (Figure 2, H-K) and attenuated tumor growth in
xenograft models (Figure 2, L and M). Mechanistic investigation
showed that RABIF knockout led to reduced RAB10 protein levels
(Supplemental Figure 5, A and B) and impaired cellular glucose
uptake (Supplemental Figure 5C). Given the established role of
RABI10 in glucose transport (20), these results indicated that RABIF'
maintains glucose metabolism by regulating RAB10 protein levels.
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Figure 1. Multi-omics landscape of CC. (A) Overview of data types and quantifi

ed features. (B) Genetic profile of the 129 patients with CC, ordered by

histology and mutation frequency. (C) Bimodal distribution of the fraction of the autosomal genome. Samples were considered to have undergone WGD
if more than 50% of their autosomal genome had major integer copy number > 2. (D) Bar plot showing the number of samples harboring chromothripsis
events (left) and chromothripsis events across chromosomes (right). (E) Number of subclonal populations per tumor (left). Representative subclon-

al structure of tumor T26 reconstructed by PhyloWGS (right). (F) Volcano plot il

lustrating differentially expressed proteins between tumors and NATs

(Benjamini-Hochberg adjusted P < 0.01, fold change > 1.5, modified t test), upregulated (red) and downregulated (blue) proteins are shown. Top 10 most
significantly altered proteins with the lowest adjusted P value are labeled. (G) Venn diagram illustrating overlap of identified phosphoproteins (top-left)
and phosphosites (top-right) in tumors and NATs; bottom panel indicates the number of phosphosites identified in tumors and matched NATs annotated

by grey straight lines.

Clinically, elevated RABIF expression was correlated with shorter
progression-free survival (PFS) (HR = 2.088, P = 0.027, Log-rank
test) and overall survival (OS) (HR = 2.125, P=0.04, Log-rank test;
Figure 2N and Supplemental Table 3) in the independent validation
cohort. Similarly, gain of SCAMP3 enhanced EGFR-AKT signal-
ing to promote tumor growth and elevated SCAMP3 expression
was associated with poor patient survival (Supplemental Note 3,
Supplemental Figure 6, and Supplemental Table 3).

Proteogenomic clustering defines 4 molecular subtypes with distinct
clinical outcomes and biological characteristics. Using ensemble Sim-
ilarity Network Fusion (SNF) and Consensus Clustering algo-
rithm to proteogenomic profiles from 101 CC samples, we iden-
tified 4 distinct molecular subtypes (C1-C4) (Figure 3A). These
subtypes exhibited distinct clinical outcomes, with significant
differences in OS (P = 0.036, Log-rank test) and PFS (P = 0.022,
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Log-rank test), where C3 showed the most favorable prognosis
and C2 the poorest (Figure 3B).

Proteogenomic pathway analysis revealed subtype-specific
biological characteristics (Figure 3C and Supplemental Table 4).
C1 showed enrichment in extracellular matrix organization and
wound healing pathways, with elevated EMT score (Figure 3D). C2
exhibited upregulation of RNA processing pathways and elevated
proliferation scores (Figure 3E). C3 demonstrated robust immune
score (Figure 3F) and was enriched in immune response signatures
including leukocyte activation and cytokine production pathways.
C4 was distinguished by its high epithelial differentiation score (Fig-
ure 3G) and showed enrichment in epithelial differentiation path-
ways, with a particularly higher frequency of lymphovascular space
invasion (LVSI) (Supplemental Figure 7). Accordingly, we desig-
nated the subtypes as the EMT (C1), proliferation (C2), immune

:
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Figure 2. The impacts of SCNAs on mRNA and proteins. (A and B) Significant arm-level and focal-level SCNA events (Q-value < 0.25) in patients with CC. (C)
Heatmaps show significant positive (red) and negative (blue) Spearman’s correlations (Benjamini-Hochberg Py< 0.001) between CNAs and mRNA (left) or
protein (right) levels. (D) Number of CNAs with significant cis effects (P < 0.01, Spearman’s correlation) on mRNA alone, or protein alone, or both. (E) Scat-
terplot showing proteins significantly associated with patient overall survival (OS) (P < 0.05, Log-rank test) and upregulated in tumors (Benjamini-Hochberg
P,;<0.01, fold change > 1.5, modified t test). (F) Spearman’s correlations between RABIF CNA and mRNA (left) or protein (right) abundances. (G) Box plot
showing RABIF mRNA and protein levels in copy number gain CC samples versus paired NATs (2-sided Student’s t test). Centers indicate the medians, the
upper and lower boundaries of the boxes indicate the 75th and 25th percentile, whiskers extend to 1.5x IQR. (H and I) Western blot analysis of RABIF knock-
out efficiency in SiHa (H) and HeLa (1) cells (2 biological replicates). (J and K) Colony formation assays in SiHa (J) and HelLa (K) cells following RABIF knockout.
Data represent means + SEM (n = 3 biological replicates, 1-way ANOVA with Tukey’s multiple comparisons test). (L and M) Tumor growth curves in xenograft
models of SiHa (L) and HeLa (M) cells with RABIF knockout. Data represent mean + SEM (n = 5 mice per group, two-way analysis of variance). (N) Represen-
tative IHC images of RABIF-high (top-left) and RABIF-low (bottom-left) expression in an external patient cohort (n = 102). Scale bars: 200 um. Kaplan-Meier

curves for PFS and OS are shown. Statistical significances were determined by Log-rank test. *P < 0.05, **P < 0.01, ***P < 0.001.

response (C3), and epithelial differentiation (C4). The expression
patterns of subtype-specific genes were presented in Supplemental
Note 4 and Supplemental Figure 8. Our molecular classification
system was validated through TCGA cohort analysis, demonstrat-
ing concordance with established subtypes while revealing clinically
relevant subgroups, particularly the high-risk proliferative C2 and
immune-active C3 subtypes, which were previously uncharacterized
(Supplemental Note 5 and Supplemental Figure 9).

To investigate tumor cell composition and its relationship with
molecular subtypes, we performed cellular deconvolution and
immune profiling (Method; Immune score and immune cell type
composition). The EMT subtype (C1) and proliferation subtype (C2)
exhibited noninflamed, immune-cold characteristics with minimal
T cell infiltration. C1 was characterized by low immune infiltration
and the highest abundance of fibroblasts and endothelial cells, while
C2 tumors displayed low presence of both immune and stromal cells
(Figure 4, A and B). In contrast, the immune response subtype (C3)
represented an immune-hot phenotype, featuring robust CD8* T
cell infiltration (Figure 4A and Supplemental Table 4) and elevated
expression of immune-stimulatory molecules and immune check-
point targets (Figure 4, C and D). The epithelial differentiation sub-
type (C4) was enriched in epithelial cells (Figure 4A) and was char-
acterized by a higher prevalence of regulatory T cells (Tregs) (Figure
4E). The immune and stromal cell abundances were further validat-
ed by immunohistochemistry (IHC) for key markers (a-SMA, CD4,
CD8, and CD68) (Cor > 0.55, P < 0.05; Supplemental Figure 10).

We used the TMA cohort (n = 102) to evaluate the robustness
of our proteogenomic subtyping. Using least absolute shrinkage
and selection operator (LASSO) regression, we developed a 4-pro-
tein classifier comprising CDH13 (C1), TP53BP1 (C2), NNMT
(C3), and HSPB1 (C4) (Figure 4F and Supplemental Table 4).
Using multiplex immunofluorescence (mIF), this 4-protein classifi-
er effectively stratified the independent TMA cohort into subtypes
C1-C4 (Figure 4G). These classifier-defined subtypes displayed dis-
tinct OS (P = 8.6 x 1077, Log-rank test) and PFS (P = 7.83 x 107,
Log-rank test) (Figure 4H and Supplemental Table 4), successfully
recapitulating the prognostic trends observed in our proteogenomic
molecular subtyping.

Validation of subtype-specific targets and a 4-protein classifier for pre-
cision therapy in CC. Having established the clinical relevance of our
subtypes, we next explored subtype-specific therapeutic strategies.
Based on RNA-seq—derived gene expression signatures, we classi-
fied S12, SiHa, Ca Ski, and ME-180 cell lines into subtypes C1, C2,
C3, and C4, respectively (Figure 5A and Supplemental Note 6).
These representative cell lines were subsequently used for function-
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al validation of subtype-specific vulnerabilities. Since the defining
molecular feature of the C1 subtype is EMT, we hypothesized that
metformin, a compound known to inhibit EMT-related transcrip-
tion factors including ZEBI, SNAIL2, TWIST, and VIM (22), might
serve as a potential therapeutic agent for this subtype. Treatment
of Cl-representative S12 cells with increasing concentrations of
metformin significantly reduced their migration and invasion capa-
bilities (Figure 5, B and C, and Supplemental Figure 11, A and B).

Given that the C2 subtype exhibited the poorest prognosis and
highest proportions of essential mRNAs (14%, 72 of 522) and pro-
teins (24%, 98 of 414; Figure 5, D and E), we sought to identify
therapeutic targets among its characteristic molecular features. We
first identified 435 proteins with higher expression in C2 relative to
other subtypes. To screen the potential candidates, we combined
prognostic information and essential gene data (Supplemental
Figure 12A): (a) 381 proteins associated with poor patient overall
survival; and (b) gene essentiality scores below —0.7 from CRISPR
screening data (21, 23) (Figure 5, D and E, and Supplemental Note
7; Methods). These criteria narrowed down the candidates and pri-
oritized MFAPI (score: —1.66) and SF3B5 (essentiality score: —3.21)
as C2-specific targets (Figure 5, F and G).

MFAPI] and SF3B5, both key components were involved in
mRNA splicing via spliceosome (24-26). To validate the function-
al relevance of these candidates, we performed CRISPR/Cas9-
mediated knockout of MFAPIand SF3B5 in C2-specific SiHa cells
(Figure 5, H and K). Colony formation assays revealed a signifi-
cantly impaired cell clonogenic capacity following the loss of either
gene compared with controls (Figure 5, I and L, and Supplemen-
tal Figure 11, C and D). Moreover, in xenograft models, knockout
of MFAPI or SF3B5 markedly suppressed tumor growth rate and
reduced tumor volume relative to scrambled sgRNA-expressing
cells (Figure 5, J and M). Splicing analysis revealed that MFAPI
knockout promoted the inclusion of exon 3 in RBM4, resulting in
reduced expression of the short transcript (RBM4-S). This splicing
shift resulted in inhibition of the downstream mTORCI1 pathway,
as evidenced by reduced phosphorylation of S6K (Supplemental
Figure 12, B-F). Thus, MFAPI promotes tumor progression by
orchestrating a critical spliceosome-dependent oncogenic program
that modulates the RBM4-mTORCI axis.

C3 was characterized by a heightened immune response, with
substantial T cell infiltration and elevated expression of immune
checkpoints. To evaluate its predictive value for immunotherapy, we
assessed a separate cohort of patients with CC (# = 21) who received
PD-1/CTLA-4 blockade (Supplemental Table 4). Using our 4-pro-
tein classifier, 10 of the 21 pretreatment samples were classified as C3
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Figure 3. Multi-omics clustering identified 4 CC molecular subtypes with prognostic relevance. (A) SNF-CC analysis of 101 patients with CC using tran-
scriptomic and proteomic data identified 4 distinct molecular subtypes. Clinicopathological features are annotated. (B) Kaplan-Meier curves comparing
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subtype, and 11 as non-C3 (Figure 5N). Based on RECIST criteria
(v1.1) (27), patients were categorized as responders (n = 11) or non-
responders (n = 10) (Figure 50). Notably, 90% of C3 patients (9 of
10) responded to treatment, compared to only 18% (2 of 11) in the
non-C3 group (P = 0.002, Fisher’s exact test; Figure 5P). This notice-
able difference underscores the utility of both the four-protein classi-
fier and C3 subtyping in predicting immunotherapy responsiveness.
Subtype C4 was marked by epithelial differentiation and ele-
vated keratin expression. Among these, KRT16 (28) emerged as
a potential therapeutic target for C4-subtype patients. To assess

its functional relevance, we performed CRISPR/Cas9-mediated
knockout of KRT16 in C4-specific ME-180 cells (Figure 5Q). In
vitro analyses revealed that KRT16 deletion substantially reduced
colony formation (Figure 5R). This effect was further confirmed
in vivo, as KRT16-knockout xenograft models exhibited impaired
growth compared with controls (Figure 5S). IHC analysis of C4
tumors (Supplemental Figure 13) demonstrated a positive correla-
tion between KRT16 expression and phosphorylation of SRC,
implicating KRT16 may promote tumorigenesis through modula-
tion of SRC-mediated signaling pathways.
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Figure 5. Validation of CC molecular subtypes through experimental assays. (A) mRNA expression of subtype-associated genes across 4 CC cell lines.
(B and €) Quantification of transwell migration (B) and wound healing (C) in 512 cells (n = 3 biological replicates) treated with metformin. Data represent
means + SEM (2-sided Student’s t test). (D) Gene essentiality scores of subtype-special mRNAs (left) and proteins (right). Centers indicate the medians,
the upper and lower boundaries of the boxes indicate the 75th and 25th percentile, whiskers extend to 1.5x IQR. (E) Distribution of essential genes (gene
essentiality score < -0.7) across subtypes (y* test). (F and G) Kaplan-Meier curves for OS and PFS of patients stratified by median protein abundance of
MFAP1 (F) and SF3B5 (G) (Log-rank test). (H, K, and Q) Validation of knockout efficiency for each sgRNA targeting MFAP1 (H), SF3B5 (K), and KRT16 (Q)
by Western blot analysis (n = 2 biological replicates). (I, L and R) The impacts of MFAP1 (1), SF3B5 (L), and KRT16 (R) knockout on colony formation in SiHa
cells. Data represent means + SEM (n = 3 biological replicates, 1-way ANOVA with Tukey’s multiple comparisons test). (J, M, and S) The impacts of MFAP1
(), SF3B5 (M), and KRT16 (S) knockout on xenograft tumor growth in SiHa cells. Data represent s mean = SEM (n = 5 mice per group, 2-way ANOVA).

(N) Representative mIF image of a (3 sample stained for CDH13 (C1, green), TP53BP1(C2, blue), NNMT (C3, yellow), and HSPB1 (C4, red). (0) MRI images
of immune patient 9 before (left) and after (right) treatment. Scale bars: 10 cm. (P) Response to PD-1/CTLA-4 blockade treatment in the C3 subgroup

patients and non-C3 subgroup patients. *P < 0.05, **P < 0.01, ***P < 0.001.

Collectively, we validated subtype-specific therapeutic targets
and the 4-protein classifier in both preclinical models and clinical
cohorts, advancing the feasibility of subtype-guided therapeutic
strategies for individual patients with CC.

Global phosphoproteomic profiling identifies subtype-specific kinase
activities and therapeutic targets. Having characterized distinct pro-
teomic signatures across the 4 CC subtypes, we next performed
global phosphoproteomic analysis to delineate subtype-specific
kinase activities and their regulatory roles in shaping the proteom-
ic landscape of each subtype. By assessing phosphosite abundance
across 139 tumors and NATs, we quantified 8,259 phosphosites
present in at least 20% of samples. Among these, 1,013 phospho-
sites were significant upregulated, while 930 were significant down-
regulated in tumors compared to NATs (FDR < 0.05, fold change
> 1.5, paired modified ¢ test; Figure 6A). The phosphosites with
elevated abundance in CC showed enrichment in RNA processing
pathways (Figure 6B and Supplemental Table 5).

‘We subsequently analyzed kinase-substrate interactions, focus-
ing on kinases with available drugs and quantifiable protein expres-
sion in at least 50% of patients. For each kinase, the phosphosite
with the highest abundance in each tumor/NAT pair was identified
as the rank-1 substrate. This analysis identified 14 rank-1 kinase—
substrate pairs, representing key phosphorylation events potentially
driving CC progression (Figure 6C and Supplemental Table 5).

To explore subtype-specific signaling pathways, we performed
kinase-substrate enrichment analysis (KSEA), which revealed
distinct kinase activation across subtype (Figure 6D). The p21-
activated kinase (PAK) family (PAK2/3/5/6) was specifically acti-
vated in the C1 subtype. Similarly, ROCK1, a regulator of EMT
(29), showed elevated activity in C1 but was suppressed in C4.
The C2 subtype exhibited activation of CLK1, NEK2, AURKA,
MAPK3, and CDK1/2, with CLK1 being strongly activated in C2
and inhibited in C1. Receptor tyrosine kinases such as ERBB2,
KIT, and PDGFRA were enriched in C3, whereas SGK1, YSKI,
and MST4 dominated in C4. By cross-referencing KSEA results
with DrugBank (30), we identified several subtype-specific kinases
targetable by FDA-approved inhibitors or compounds in clinical
development (Figure 6E).

‘We next validated the therapeutic potential of kinase inhibitors
identified in KSEA analysis. In S12 cells, treatment with Fasudil
suppressed phosphorylation of MYPT1 (the downstream of
ROCK1) (Supplemental Figure 14, A and B). SiHa cells exhibited
marked sensitivity to Ulixertinib (MAPK3 inhibitor), as treatment
potently suppressed phosphorylation of its downstream effectors
C-MYC and RSK (Supplemental Figure 14, C and D). Similarly,
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ME-180 cells responded to Fostamatinib (MARK1/NEK2 inhib-
itor), which correspondingly reduced phosphorylation of MARK
and its substrate FLT3 (Supplemental Figure 14, E and F). These
findings confirm the functional significance of subtype-specific
kinase activation and underscore the potential of molecular subtyp-
ing in guiding precision therapy for CC.

Differentially phosphorylated proteins can also serve as prog-
nostic markers. We identified 13 significantly upregulated phos-
phosites associated with prognostic relevance (P < 0.05, Log-rank
test; Figure 6F and Supplemental Table 5). Among them, NUCKS
S181, a phosphosite implicated in DNA replication, transcription-
al regulation, and chromatin condensation, exhibited the strongest
association with poor prognosis (P = 0.003, Log-rank test; Figure
6H). Notably, elevated phosphorylation of NUCKS S181 were pre-
dominantly observed in the C2 subtype (P = 3.06 x 10, ANOVA
test; Figure 6G). Similarly, IRF6 S47, a site involved in epidermal
development (31), showed elevated abundance in the C4 subtype
and was associated with poor OS (P = 0.023, Log-rank test; Figure
61). Interestingly, although both phosphosites were prognostically
relevant, the total protein abundances of NUCKS and IRF6 were
not robustly associated with patient outcomes (Figure 6, H and I).
These findings highlight the added prognostic value of phosphopro-
teomic data and its ability to reveal regulatory events beyond con-
ventional proteomic profiling.

Proteogenomic profiling reveals subtype-associated distribution of
ecDNAs. Because extrachromosomal DNA (ecDNA) has emerged
as a prevalent mechanism of oncogenesis in human cancers (32,
33), we next sought to characterize the ecDNA landscape and its
association with molecular subtypes in CC. Based on WGS data
and the AmpliconArchitect algorithm, we identified ecDNAs in
39% (51 of 130) of patients from CC cohort 1 (Figure 7A), a pro-
portion comparable to the 24%—-60% range reported in other can-
cers (34). Notably, hybrid human—viral ecDNAs (35) were detected
in 84% (43 of 51) of ecDNA+ samples (Figure 7A). In consisten-
cy, the proportion of ecDNA+ tumors was 37% (128 of 346) in
CC cohort 2 and 41% (24 of 58) in the TCGA cohort (Figure 7A).
Hybrid ecDNAs were similarly prevalent: 72% (92 of 128) in CC
cohort 2 and 79% (19 of 24) in the TCGA cohort (Figure 7A). Fur-
ther analysis of CC cohort 1 revealed that ecDNA+ tumors exhib-
ited elevated expression of proteins enriched in RNA export, tran-
scriptional elongation, and alternative splicing pathways, compared
with both NATs and ecDNA- samples (Figure 7B, Supplemental
Figure 15A, and Supplemental Table 6). The pattern was validated
in the phosphoproteome, where phosphosites with elevated abun-
dance in ecDNA+ samples also showed enrichment in RNA pro-
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Figure 6. Phosphoproteomics landscape of CC. (A) Volcano plot illustrating differentially expressed phosphosites between tumors and the paired NATs
(Benjamini-Hochberg adjusted P < 0.05, fold change > 1.5, paired modified t test). (B) Representative enriched GO-BP terms for phosphosites upregulat-
ed in tumors compared with paired NATs. (C) Ranked phospho-substrate events (middle) for kinases with FDA-approved drugs, showing fold change at
global- (top) and phospho- (bottom) levels for kinases and substrates, respectively. (D) Evaluation of kinase activities by KSEA using abundance data of
phosphosites specifically expressed in each subtype (Benjamini-Hochberg adjusted P < 0.05). Red indicates activated kinases, and blue indicates inhibited
kinases. (E) Heatmap illustrating the drug availability of activated kinases in all subtypes. (F) Heatmap of the abundance of 13 prognostic phosphosites
upregulated in tumors across all 101 patients. (G) Box plot showing NUCKS 5181 (left) and IRF6 S47 (right) abundances across 4 subtypes (1-way ANOVA
test). Centers indicate the medians, the upper and lower boundaries of the boxes indicate the 75th and 25th percentile, whiskers extend to 1.5x IQR. (H)
Kaplan-Meier curves for OS of patients based on median value of NUCKS (left) and NUCKS 5181 (right) abundances (Log-rank test). (I) Kaplan-Meier curves
for OS of patients based on median value of IRF6 (left) and IRF6 S47 (right) abundances (Log-rank test).
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cessing pathways (Figure 7C, Supplemental Figure 15B, and Sup-
plemental Table 6). Further analysis revealed that ecDNA+ tumors
exhibited significantly higher chromosomal instability (CIN) scores
compared with ecDNA- cases (P < 0.001), suggesting that this
RNA processing dysregulation is more likely attributable to gen-
eralized genomic instability (Supplemental Figure 15, C and D).

We next investigated the relationship between ecDNA and
molecular subtypes and revealed that subtypes C2 and C4 contained
higher proportions of ecDNA+ samples compared with subtypes
C1 and C3 (P = 0.018; Figure 7D). Notably, hybrid ecDNA was
also most abundant in C2 and C4, with C4 exhibiting the highest
prevalence (P = 0.038; Figure 7D). In contrast, the distribution of
chromosome ecDNA showed no difference among the 4 subtypes
(P = 0.187; Figure 7D).

Genes located on ecDNA were nonrandomly distributed,
with recurrent hotspots at 17q12, 8q24.21, and 11q22.1/11q22.2
(Figure 7, E-G), aligning with identified focal gains (Figure 2B).
Eleven hotspot genes were shared across all 3 cohorts (Supplemen-
tal Figure 15E). To identify putative tumor-promoting candidates,
we focused on genes enriched in ecDNAs with high copy numbers
(CN), including PGAP3 (CN = 274.92) and ERBB2 (CN = 235.59)
in CC cohort 1, CCATI (CN = 617.37) and EGFR (CN = 343.07) in
CC cohort 2, and PVTI (CN = 111.29) and MIR1206 (CN = 55.73)
in the TCGA cohort (Supplemental Figure 15F).

To experimentally confirm ecDNAs predicted by WGS, we
examined amplification of ERBB2, EGFR, and CD274/ PDCDI1LG2
in formalin-fixed, paraffin-embedded (FFPE) slides using fluores-
cence in situ hybridization probes that target these key genes (Fig-
ure 7H). Most ecDNA+ samples exhibited amplification in the
form of ecDNA or a combination of ecDNA and homogeneously
staining region patterns. CRISPR/Cas9 targeting of HPV integra-
tion regions in HeLa and S12 cells led to a marked reduction in
ecDNA copy numbers (Figure 7I). RT-qPCR analysis revealed that
ecDNA depletion led to reduced expression of its regulated genes
(CASC8 and PLXNB2 in HeLa, CGAS and HMGAZ2 in S12) (Figure
7, J and K). Cell counting kit-8 (CCKS8) assays further demonstrat-
ed pronounced inhibition of cell proliferation in ecDNA—deplet-
ed monoclones compared to WT cells, confirming the oncogenic
role of ecDNA in driving transcriptional dysregulation and tumor
progression (Figure 7, L and M). Similar results were observed in
additional CC cell lines, Ca Ski and ME-180, where CRISPR/Cas9
targeting of hybrid ecDNAs also impaired proliferation (Figure
7, N and O). To assess the specificity of this effect, we performed
off-target analysis via amplicon sequencing. The proportion of
these off-target effects was minimal compared with the on-target
effects (Supplemental Figure 15G).

HPYV integration drives human-HPV fusion peptide production. While
our previous study established HPV integration in hybrid ecDNA
biogenesis at the genomic level (33), its downstream impact on the
transcriptome and proteome remains unexplored. We therefore
systematically characterized HPV integration events to delineate
their functional consequences (Figure 8 A and Supplemental Table
7). Genomic analysis revealed 662 HPV integration events across
130 patients (Figure 8B, Supplemental Figure 16, A and B, Supple-
mental Note 8, and Supplemental Table 7). In parallel, RNA-seq
identified 151 human-viral fusion breakpoints in 55 of 101 patients
(Figure 8C and Supplemental Table 7). Among these, the majori-
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ty of mRNA integration events (98 of 151) originated in the HPV
E1 region, followed by 36 events at the E2, and 17 events at the
E6/E7/L1/L2/URR loci (Figure 8C and Supplemental Table 7).
Importantly, 70% (61 of 87) of transcript-level integration events
were located proximity to canonical HPV16 alternative splicing
sites, including splice donor 880 (SD880) within E1 and splice
acceptor 3358 (SA3358) within E4 (Figure 8D and Supplemental
Table 7). These findings suggested a potential association between
HPYV integration and alternative splicing regulation.

To further investigate the posttranscriptional consequences
of HPV integration, chimeric RNA reads were used as anchors
to reconstruct fusion transcripts. The resulting transcripts were
translated into fusion peptides, which were subsequently matched
against proteomic datasets (Figure 8E, Supplemental Figure 16C,
and Supplemental Note 8). Through these integrated analyses, we
identified 12 human-viral fusion peptides across 11 samples (Sup-
plemental Figure 17). For each fusion peptide, the corresponding
genomic breakpoints (within 100 kb of mRNA junctions), recon-
structed RNA reads, and the peptide sequences were illustrated in
Figure 8F and Supplemental Figure 18. Interestingly, 58.3% (7 of
12) of the fusion peptides originated from noncoding genes, includ-
ing LINC01696, FLJ46875, MIR4728, and LINC01270, whereas the
remaining peptides derived from protein-coding genes, includ-
ing FGFR3, VMPI, RREBI, and MMPI13 (Supplemental Table 7).
Even within protein-coding genes, most breakpoints were localized
in noncoding regions (Supplemental Table 7). By annotating the
breakpoints on the viral genome, we found that 10 out of the 12
fusion peptides were located at or near alternative splicing sites,
including SD880 at E1 and SA3358 at E4 (Figure 8D and Sup-
plemental Table 7). Taken together, these data indicated that HPV
integration reshapes host transcriptional output and promotes the
generation of human-viral fusion peptides.

We then examined whether the 11 samples containing fusion
peptides were enriched for hybrid ecDNA. Notably, in 7 of the
11 samples, we observed the existence of hybrid human-HPV
ecDNA. Furthermore, in 6 of these 7 samples, the fusion peptide—
associated genomic breakpoints were concordant with the human-
HPV breakpoints on hybrid ecDNA (Figure 8F). Together, these
results supported a potential link between ecDNA and fusion pep-
tide generation in CC.

Discussion

Advances in genomic research over the past decade have strikingly
enhanced our understanding of CC (5-7), yet the lack of compre-
hensive data on the global proteogenome and phosphoproteome
has hindered the development of widely applicable stratification
criteria and actionable therapeutic strategies. Our study addresses
this gap by presenting the first genome-wide proteogenomic land-
scape of CC and extends the dimensions of the genomic research,
providing a valuable resource for further investigations.

Our multi-omics study reveals 4 distinct molecular subtypes
(C1-C4) that both align with and extend beyond current histology
subtype and TCGA subtype (5) (Supplemental Note 5 and Supple-
mental Figure 9), providing biological insights particularly in the
C2 and C3 subtypes. While C1 corresponds with EMT signatures
and C4 to PI3K-AKT cluster (keratin high), the identification of
C2 as a highly proliferative subtype with the poorest clinical out-
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Figure 7. ecDNA analysis in CC. (A) Proportion of samples harbored chromosome-only, chromosome and hybrid, or hybrid-only ecDNAs in CC cohort 1 (left),
CC cohort 2 (median), and the TCGA cohort (right). (B) Fold changes (tumor/NAT) of proteins in ecDNA+ samples versus ecDNA- samples (left). Red dots
indicate proteins with > 1.5-fold increase in tumors compared to NATs and higher expression in ecDNA+ compared with ecDNA- cases. Enriched GO terms for
these proteins are shown (right). (C) Fold changes (tumor/NAT) of phosphosite levels in ecDNA+ and ecDNA- samples (left). Red points denote phospho-
sites with > 1.5-fold increase in tumors and greater change in ecDNA+ cases. Enriched GO terms for these phosphosite corresponding proteins are shown
(right). (D) Distribution of samples harbored ecDNAs, hybrid ecDNAs, and chromosome ecDNAs across subtypes in CC cohort 1. The differences of distribu-
tion across subtypes were tested by Fisher test. (E-G) Human genomic distribution of recurrently detected genes located on hybrid or chromosome ecDNAs
in CC cohort 1 (E), CC cohort 2 (F), and the TCGA cohort (G). (H) Representative FISH images of ecDNA carrying ERBB2, EGFR, and CD274/PDCD1LG2 in FFPE
samples from CC cohort 1and CC cohort 2. Scale bar: 10 um. (I) The ecDNA copy numbers in 3 ecDNA knockdown HeLa monoclones (left) and 2 ecDNA knock-
down S12 monoclones (right). (J and K) The RT-gPCR analysis of relative expression levels of cis-genes (CASC8 and HMGA?2) and trans-genes (PLXNB2 and
CGAS) in 3 HeLa monoclones (J) and 2 512 monoclones (K). (L-0) The CCK8 proliferation assay of hybrid ecDNA knockout mono-clones of HeLa (L), S12 (M),
Ca Ski (N), and ME-180 (0). Data represent means + SEM (n = 3 biological replicates, 2-sided Student’s t test), *P < 0.05, **P < 0.01, ***P < 0.001.

comes challenges the traditional TCGA paradigm where the EMT
subtype was considered of worst prognosis. The discovery of C3
as an immune-enriched subtype, with high response rate to PD-1/
CTLA-4 blockade, represents a marked advancement in under-
standing CC biology and demonstrates immediate therapeutic
implications. Our proteogenomic data were further stratified by his-
topathological subtypes to delineate the differences between squa-
mous cell carcinoma and adenocarcinoma (Supplemental Note 9
and Supplemental Figure 19).

Recent advances in single-cell transcriptomics offer comple-
mentary insights into molecular subtypes and therapeutic targets
by comprehensively analyzing cellular intrinsic and microenviron-
mental phenotypes (36). However, its clinical application still fac-
es obstacles due to high sample requirements, complex processing
procedures, and substantial costs (37). In contrast, our 4-protein
classifier derived from bulk multi-omics data offers an immediate
translational utility that enables precise patient stratification and
targeted therapeutic selection, bridging the gap between molecular
profiling and actionable clinical decisions in CC.

Further, we performed the first comprehensive profiling
of ecDNA in 534 cases from three CC cohorts (Figure 7), since
ecDNA is increasingly recognized for its role in promoting tum-
origenesis and drug resistance (34). We unveiled a nonrandom
distribution of genes on ecDNA, indicating a selective mechanism
governing their formation and prevalence. Proteogenomic analysis
revealed pronounced alterations in protein activity and signaling
pathways specific to ecDNA. By identifying and targeting genes
associated with ecDNA, we may develop more precise therapeutic
strategies through targeted drug therapy or CRISPR-Cas9 systems
to modify/eliminate ecDNA (34, 38).

Intriguingly, by integrating matched genomic and proteom-
ic data, our study identified the first 12 proteomics-supported
human-viral fusion peptides in CC (Figure 8 and Supplemental Fig-
ure 17). These fusion peptides raise interesting questions regarding
their molecular form, functional role in oncogenesis, and potential
as diagnostic biomarkers/immunotherapeutic targets. Future stud-
ies should evaluate peptide-specific T-cell responses (IFN-y ELI-
Spot and flow cytometry) and antigen-dependent cytotoxicity (in
vitro T cell-mediated killing assays) (39, 40).

Limitations of our study warrant careful consideration. First, the
proteomic analysis compared epithelial-derived tumor tissue against
predominantly mesenchymal normal adjacent tissue. This tissue ori-
gin mismatch suggested that NAT may not serve as a perfect baseline
for comparison (41). Second, as our study focused on treatment-
naive primary tumors, the molecular subtypes, kinase activities and
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ecDNA prevalence identified here may shift in metastatic/recur-
rent disease (42, 43). Future studies should validate these findings
using appropriately epithelial-matched normal cervical controls and
extend analyses to metastatic, recurrent, and posttreatment cohorts
to determine how molecular subtypes, kinase activities, and ecDNA
prevalence evolve over disease progression and therapy.

Altogether, this comprehensive proteogenomic study markedly
broadens our understanding of CC biology beyond what genomic
analyses alone can reveal, by elucidating more distinct cancer sub-
types. These subtypes hold the promise of guiding the development
of precision therapeutics tailored to specific patients. We are opti-
mistic that our findings will not only pave the way for more effective
clinical treatments for CC but also serve as a valuable resource for
both basic and clinical research communities.

Methods

Sex as a biological variable. Our study exclusively examined female
humans and female mice because the disease modeled is only rele-
vant in females.

Specimen acquisition and preparation. The biospecimens for this
study were prospectively collected from newly diagnosed patients
with CC undergoing surgical resection at Wuhan Central Hospital
and Tongji Hospital between 2014 and 2019. For CC cohort 1 (n =
139), primary tumor tissue, matched adjacent normal tissue, and
peripheral blood samples were collected before treatment following
standardized protocols (44). Multi-omics profiling was performed
on these samples, including WGS (n» = 130), RNA-seq (n = 101),
and global proteomic and phosphoproteomic analyses (7 = 139).
Detailed clinical data were provided in Supplemental Table 1.

DNA extraction and WGS. Genomic DNA was extracted from
tumors and matched peripheral blood samples using the QlAamp
Fast DNA Kit (Qiagen). A total of 0.5 pug of high-quality DNA per
sample was processed with the TruSeq Nano DNA HT Kit (Illu-
mina). Paired-end sequencing (2 X 150 bp) was conducted on the
Illumina HiSeq X platform.

Somatic variant calling. Clean reads were aligned to the
human reference genome GRCh38 via BWA MEM (v.0.7.17)
(45) with default settings. Somatic mutations (SNVs and indels)
were identified using the GATK (v.4.0) best-practice pipeline.
High-confidence mutations were annotated with Funcotator
(v.1.7.20200521s) for genomic features.

Whole-genome doubling, chromothripsis events, and clonal composi-
tion analysis. Whole-genome doubling (WGD) status was assessed
as previously described (46). Major integer DNA copy numbers
were inferred using FACETS (v.0.3.9) (47) with a critical value

= [



CLINICAL RESEARCH AND PUBLIC HEALTH The Journal of Clinical Investigation

A 20 22 X
»° 32%7"7 cirEEsss
! s
® A WL Wy s 7
AN 7 Tty R
% ‘\\\\\\ 2 4 //’N”&@
2N o

/ 2 e
R s /. e
- 1 Diapnz-Ast (4) Z®
® S i Z
- ~ - 0
. 90\: ~ T LINC01270 (8) LINCO1696 (5) /’ ,4:1“
= o= \ MIR4728 (4)
= ==

PCNX4 (5) FGFR3(4) _~

KLF5 (6)

\
‘\Q \ W Human @&
55?8’//”, T JUTY A \?‘%%:’ genome genome
S 88ababepad <
g mB.o 8°g857
— WGS breakpoints —RNA breakpoints Genomic HPV integration sites Transcriptomic HPV integration sites
D HPV genome coordinates F Human-viral fusion peptides Human gene
o 2000 4000 6000 5000 1. MADTCRPSPAMQKNQSWLIH LINCO1696
f ! ! ! )
» 2. MEVPLSGMGKLQGHPLQMVFIAVHS NCOA7-AS1
0{ = —=— Hevie 3. LEVIPVNPAHVFPIVYMVT FGFR3
e @ r— ey —
6 Splice donor 880 0 Splice acceptor 3,358 4. MGRGGVVGQVLPNSFRRGYFVAAARWKPIVWCSAKSERETSA FLJ46875
o ‘ \ eI = HPV 18 5. LQETNKKNPTFNVNSVLNASAAVKVCYTLLMHFLYLYKGHLQFNSFMCFTF VMP1
5 1929 03434 6. MADPAASGSYPRNSGVLQNPSLQTTRTRFCFRIVFDSTAAK MIR6870
g ‘ | | HPV 31 7. MANCEGLLPYFEEIDSISR DIAPH2-AS1
o B e Er — €4 = = o
g TR GE e 8. MGVPSVPCSFVRASEQVMELADTELRSDEISFAGIVTKLPTANNTTTSNSKTLRRLGHQ RREB1
o 3
le)}
> 0‘ I h i WPV 33 9. LCTAINNPAMEDPE GTARLSNNVFT MMP13
= T 2P  —— 10. LRFREVRGWEQALRGPSRSPACSSTPKMRSIWANWCFLODRPL LINCO1271
S ! ‘ ‘ | 11, LGLCKMLLSPRYPRHHPGLLKCPQSIREHRQQPNIHY LINCO1270
= HPV 39
[ v = e = m 12. MADPAAHRCRWHSPDTEVRPGRLLDS FGFR3
% 4 1943 03,418
;g ‘ PV 45 HPV 16 Human chromosome 1
5 2 " 2,178 72,190 209,248,640 209,311,459
3 ‘ DNA U2 & on : ) = i 0 ke
° | N rr— HPV 52 0= == == A 8000 209,240,000 ENSGO000282537 ENSGO0000305041 209,360,000
865 Spling donor 880} 209,253,051 20,9253,093
ob—— 1 2 N e Hpvss RNA AUGGCUGAUACCUGCAG!GCCUUCCCCAGCCAUGCAGAAAAAUCAAUCUUGGCUAAUCCAC
2 898 0339 # OREF translation
Protein MADTCRPSPAMQKNQSWLIH
—t — HPV 68 )
O 1=T= = W e ) m * Proteomic data search
4838 03,292
MADTCRPSPAMQK
= [—w— HPV 73 MADTCRPSPAMQKNQSWLIH
862 03,346
Human chromosome 6 HPV 58
E Workflow of human-viral fusion peptides identifications
Host-viral chimeric RNA- d o
ost-viral chimeric RNA-seq reacs 125,830,105 125,847,789 2437 3,689
e —Neoay 4 RR i 4 E5
DNA sjazs T = = =
Elongation of chimeric reads 125,827,907 125,827,938? 898 Spiiing donor 883
RNA  AUGGAGGUGCCAUUAUCUGGAAUGGGAAAA} CUUCAGGGUCAUCCA
| | .
—— — Y ORF translation
Protein MEVPLSGMGKLQGHPLQMVFIAVHS
¢ Proteomic data search
MEVPLSGMGKLQGHPLQMVFIAVHS
EVPLSGMGKLQGHPLQMVFIAVHS
l Translations of six-frame ORFs LQGHPLAMVFIAVHS
| HPV52 MGiER SRS 19
|
| 2,225 4,361 102,8?2,355 102'9§7'324
R & ; B
| DNA ¢ _— e = —
| 837 Splicing donor 879¢ 102,960,467 102,960,436

RNA CUGUGCACGGCGAUAAACAACCCUGCAAUGGAGGACCCUGAAGiGCACAGCAAGGUUAUCUAACAAUGUGUUUACU
* OREF translation

e — | Highly reliable Protein LCTAINNPAMEDPE GTARLSNNVFT
fusion peptides # Proteomic data search

ECTAINNPAMEDPEGTARLSNNVF?

l Proteomic data searches

Protein quantifications LCTAINNPAMEDPEGTAR

14 J Clin Invest. 2026;136(7):e199497 https://doi.org/10.1172/)C1199497



The Journal of Clinical Investigation

CLINICAL RESEARCH AND PUBLIC HEALTH

Figure 8. HPV integration and human-viral fusion peptides. (A) Distribution of identified integration breakpoints in the human genome. The 10 most fre-
guently integrated genes at RNA level are labeled, number in the brackets represent the integration frequency. (B and C) Joint Circos plot showing genomic
(B) and transcriptomic (C) integration breakpoints from the HPV genome to the human genome. (D) Distribution of integration breakpoints across the HPV
genome. The ordinates represent the number of integration events. (E) Workflow for the identification of human-viral fusion peptides. (F) The 12 peptides
derived from the predicted open reading frames (ORF) with positive matches in proteomic searches (top). Detailed information for peptides no.1, 2, and 9

are showed at the bottom.

parameter (cval) of 150. Chromothripsis events were analyzed
using ShatterSeek (48) (v.0.4). Tumor clonal compositions were
inferred with the PhyloWGS algorithm (49).

SCNA analysis. SCNA analysis was performed using the GATK
somatic CNA Best Practices pipeline (v.4.0). Segment-level ratios
were Log -transformed, and significant SCNAs were identified
with GISTIC2.0 (v.2.0.23) (Q-value < 0.25). Copy number alter-
ations were defined as gain/loss (Log, ratio = 0.1) or amplifica-
tion/deletion (Log, ratio * 0.8) (19).

RNA extraction and RNA-seq. Total RNA was extracted from
fresh frozen tissues using TRIzol reagent (Invitrogen). Sequencing
was performed on DNBSEQ-T7 platform (MGI), generating 150
bp paired-end reads.

SCNA-driven cis and trans effects. SCNA cis/trans effects on
mRNA and protein were analyzed via Spearman’s correlation (mul-
tiOmicsViz R package v.3.18).

Protein extraction, digestion, and phosphorylated peptide enrich-
ment. Protein extraction, digestion, and phosphorylated peptide
enrichment were performed following the protocol described by
Jiang et al (47).

LC-MS/MS of peptide mixture. Shotgun proteomics was per-
formed following the protocol described by Jiang et al (47).

QC of the mass spectrometry platform. HEK293T cell lysate served
as the mass spectrometry quality control (QC) standard, measured
every 3 days. Pairwise Spearman’s correlations across QC runs
were computed in R and shown in Supplemental Figure 2, A and B.

Database searching of MS/MS data. MS/MS data were analyzed
using Spectronaut (v.18.0.230605.50606) against the human Uni-
Prot database. Trypsin digestion employed up to 2 mis-cleavages for
7-52 amino acid peptides. Fixed modification: cysteine carbamido
methylation; variable modifications: protein N-terminus acetylation
and methionine oxidation. Peptide-spectrum matches, and protein
identifications were filtered at < 1% FDR. Phospho-proteome data
were searched via MaxQuant (v.2.0.3.1, RRID: SCR_014485) (48),
targeting phosphorylation of serine, threonine, and tyrosine. Mass
tolerances were 20 ppm (first search) and 4.5 ppm (main search).
Phosphorylation sites with localization probability > 0.75 were
considered reliable. Normalized intensities demonstrated success-
ful QC with unimodal distributions across samples (Supplemental
Figure 2, C and D). PCA of proteomic profiles revealed no signifi-
cant batch effects (Supplemental Figure 2, E and F).

Phosphoproteomic data analysis. Median normalization was
applied, and tumor/NAT fold changes were calculated to identi-
fy tumor-elevated phosphosites (> 1.5-fold increase) (18). Kinase
substrate ranking was based on high-fold-change prevalence across
tumors. Kinase activities were estimated using KSEA (49).

Subtype clustering. Tumor subtyping was performed via unsu-
pervised clustering (50) (R package CancerSubtype v.1.28.0) using
transcriptome and proteome data. The Execute SNF-CC method
integrated SNF and CC. Features were selected by Median Absolute
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Deviation (MAD), prioritizing top 1,500 MAD mRNAs and 1,000
MAD proteins. Optimal cluster count (k = 2-5) was determined.
Subtype-specific mRNAs and proteins required > 1.5-fold upregu-
lation in a subtype versus others (adjusted P < 0.01, ANOVA test).

EMT score. The EMT score integrated transcripts per million
(TPM) from 6 mesenchymal markers (VIM, SNAI2, ZEB2, FNI,
MMP2, AGER) and 6 epithelial markers (CDHI, CDH3, CLDN4,
EPCAM, ST14, MAL?2) (51). The TPM values for each marker was
z-scored. The EMT score was computed as the sum of mesenchy-
mal z-scores minus the sum of epithelial z-scores.

Proliferation score. The proliferation score was computed as pre-
viously described (52), using 654 cell cycle-regulated genes (of 720
identified by Whitfield et al.) detected in our data (53). TPM values
were z-scored and summed to derive the proliferation score.

Immune score and immune cell type composition. The Immune
scores and stromal scores were calculated via the ESTIMATE
(54) algorithm using TPM data. Immune cell abundances in CC
samples were quantified using CIBERSORTx (55), xCell (56), and
MCP-counter (57), all applied to TPM data.

Epithelial score. TPM data of a total of 200 epithelial genes
(58) were scaled and the summation of scaled values represented
the epithelial score.

Identification of subtype-specific markers using LASSO. We used
LASSO regression with area under the receiver operating charac-
teristic curve (AUC) evaluation to identify subtype-specific marker
proteins. LASSO regression was performed (glmnet package) with
optimal lambda selected via 10-fold cross-validation. Proteins with
non-zero coefficients were retained, and their discriminative power
was assessed using AUC (pROC package).

Alternative splicing analyses in SiHa and HeLa cells. Differentially
spliced exons and introns were identified using rtMATS (59), based
on RNA-seq data. Significance criteria were established as FDR <
0.01 and |APSI| = 0.05.

Identification of ecDNA. AmpliconArchitect (v.1.3.r4) (60) iden-
tified ecDNA structures using HPV reference sequences and copy
number-aberrant regions from WGS data as previously reported (33).

HPYV integration analysis. HPV integration sites and human-
HPV fusion reads were identified from WGS/RNA-seq data using
VIPA (61) and SurVirus (62). Peptides from these ORFs were
MS/MS-searched, with only those spanning human-HPV junc-
tions and meeting stringent quality thresholds (Q < 0.01) retained
for further analysis.

Cell lines. Human CC cell lines including SiHa, HeLa,
HEK293T, Ca Ski and ME-180 were purchased from American
Type Culture Collection (ATCC). S12 cells were obtained as a gift
from K. Raj and M. Stanley (63). S12 cells were cultured in F12
medium/DMEM (3:1) with 5% fetal bovine serum (FBS). SiHa,
HeLa, HEK293T cells were cultured in DMEM with 10% FBS.
Ca Ski cells were cultured in RPMI 1640 medium with 10% FBS.
ME-180 cells were cultured in McCoy’s 5A medium with 10% FBS.
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CRISPR-Cas9 knockout. RABIF, SCAMP3, MFAPI, SF3B5 and
KRTI16 depletion were conducted using CRISPR-Cas9 gene edit-
ing technology. The sgRNA sequences are as follows: Scramble
(Scr) (GTGTGCGTATGAAGCAGTG-3’), RABIF (sgl 5-AGC-
CGAGGGCCGAAACCGGA-3’; sg2 5-TCGGCTGACACTA-
ACTCGCT-3’), SCAMP3 (sgl 5’- CATCCAGAGGTAGTACAT-
GG-3’; sg2 5’- GTATCCACCATGTACTACCTC-3"), MFAPI (sgl
5-AGCGTTATGTGTCCGGAAAA-3’; sg2 5-AAGGTAAAG-
CGTTATGTGTC-3’), SF3B5 (sgl 5-TGGCCCGTGCCGATG-
TACT-3’; sg2 5’-CGAGTCCGCTTCAACTTGA-3’), KRT16 (sgl
5’- AGAAGCGAGAGGAGACAGAC-3’; sg2 5- GCTCATC-
CAACACCCGGCGC-3).

Western blotting. Proteins were lysed in urea buffer with pro-
tease/phosphatase inhibitors, and concentrations determined by
Bradford assay. Samples (10-20 pg) were resolved by SDS-PAGE,
transferred, and probed with primary antibodies. HRP-conjugated
secondary antibodies were used, with signal detection via chemilu-
minescent imaging. GAPDH and B-tubulin were used as internal
loading controls. Detailed for all the antibodies were provided in
Supplemental Table 8.

Glucose uptake assay. Glucose uptake was measured in SiHa cells
using the ab134955 assay kit (Abcam) as previously reported (20).

Fluorescent in situ hybridization (FISH). DNA FISH was per-
formed using probes for ERBB2/CEPI17, CD274/PDCDILG2/CEP9
(Wuhan HealthCare Biotechnology), and EGFR/CEP7 (Guang-
zhou Exon Biotechnology), as previously reported (33).

Knockdown of hybrid e¢cDNA. HPV integration regions on
ecDNAs were targeted and knocked down using CRISPR-Cas9
gene editing technology, as previously described (33).

IHC staining analysis. A CC tissue microarray (RH-J-7-C14, 102
cores) was used to assess the expressions of RABIF and SCAMP3.
Expression of CD4, CD8, CD68, and a-SMA were tested in FFPE
tissue sections of CC to validate the xCell analysis of tumor micro-
environments. Two blinded pathologists independently scored the
THC slides using established criteria.

Multiplexed immunostaining. A CC tissue microarray (RH-J-
7-D11, 102 ores) was subjected to multiplex immunostaining using
the Opal Polaris 7-Color Manual IHC Detection Kit. Primary rab-
bit monoclonal antibodies targeting TP53BP1, CDH13, NNMT,
and HSPBlwere sequentially applied. After each round of anti-
body application, Opal Anti-Ms+Rb HRP and TSA-DIG buffers
were used, with microwave treatment between rounds to eliminate
nonspecific signals. After DAPI counterstaining and mounting, the
slides were scanned using the AKOYA Pheno Imager HT.

Subcutaneous xenograft models. Female BALB/c nude mice (4—6
weeks old) obtained from Beijing SPF biotechnology Co. Ltd, were
used to assess gene function via subcutaneous xenograft models.
Cells (Scr/KO) were suspended in PBS/Matrigel and injected
into the flanks of the mice as follows: RABIF (1 x 10° HeLa or
5 x 10° SiHa), SCAMP3 (1 x 10° HeLa or 5 x 10° SiHa), MFAP1
(5 x 10° SiHa), SF3B5 (5 x 10° SiHa), and KRT16 (1 x 107
ME-180), with 5 mice per group. Tumor volumes were measured
every 2-3 days using calipers.

Statistics. Quantitative data are presented as mean = SEM.
Continuous variables were compared using 2-sided Student’s ¢
tests, Wilcoxon rank-sum tests, or 1-way ANOVA with Tukey’s
multiple comparisons test. Categorical data were assessed using
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x> or Fisher’s exact tests. Survival (OS and PFS) was estimated
using Kaplan-Meier curves and compared by Log-rank tests. Haz-
ard ratios were calculated using Cox proportional hazards models.
P values for multi-omics and multiple comparisons were adjusted
using the Benjamini-Hochberg method. P < 0.05 was considered
statistically significant. Statistical analyses were performed using R
(v4.4.2) and GraphPad Prism 9.0.

Study approval. The study protocol involved humans and was
approved by the Institutional Review Boards of Wuhan Central
Hospital and Tongji Hospital, and written informed consent was
obtained from all participants. All the mouse studies were per-
formed in compliance with the guidelines of Institutional Animal
Care and the Ethics Committee of the Tongji Medical School.

Data availability. The genotype data generated by WGS have
been deposited in GSA for Human in the National Genomics Data
Center (https://ngdc.cncb.ac.cn/gsa-human) under controlled
access due to data privacy laws related to patient consent for data
sharing with accession number HRA016382. The bulk RNA-Seq
data have been deposited in GSA for Human in the National
Genomics Data Center under the accession code HRA007904.
Raw files of proteome and phosphoproteome datasets have been
deposited in iProX database (www.iprox.org) under accession
number IPX0006107001 and IPX0006107002, respectively. The
values for all data points in graphs are reported in the Supporting
Data Values file.
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