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Supplementary Methods

[bookmark: _Hlk187503244]Generation of exome and RNA sequencing data and analysis
Whole-exome sequencing (WES)
To generate standard exome capture libraries, we used the Agilent SureSelect Target Enrichment protocol for Illumina paired-end sequencing library (Version C2, December 2018) together with 1 μg input gDNA. In all cases, the SureSelect Human All Exon V6 probe set was used. DNA quantification and quality were measured using PicoGreen and agarose gel electrophoresis. We used 1 μg of genomic DNA for each sample, which was diluted in EB buffer and sheared to a target peak size of 150–200 basepairs (bp) using a Covaris LE220 focused-ultrasonicator (Covaris, Woburn, MA) according to the manufacturer's instructions. Eight microTUBE strips were loaded into the tube holder of the ultrasonicator, and the DNA was sheared using the following settings: Mode, frequency sweeping; duty cycle, 10%; intensity, five; cycles per burst, 200; duration, 60 s × 6 cycles; temperature, 4–7°C. The fragmented DNA was repaired, an ‘A’ was ligated to the 3’ end, and Agilent adapters were then ligated to the fragments. Once ligation had been assessed, the adapter-ligated product was PCR-amplified. For exome capture, 250 ng of DNA library was mixed with hybridization buffers, blocking mixes, RNase block, and 5 µl of SureSelect all exon capture library, according to the standard Agilent SureSelect Target Enrichment protocol. Hybridization to the capture baits was conducted at 65°C using a heated thermal cycler lid option at 105°C for 24 h on a PCR machine. The captured DNA was washed and amplified. The final purified product was then quantified using qPCR according to the qPCR Quantification Protocol Guide (KAPA Library Quantification kits for Illumina Sequencing platforms) and qualified using the TapeStation DNA screentape D1000 (Agilent). Sequencing was performed using the HiSeq™ 2500 platform (Illumina, San Diego, CA, USA). 

Genomic data analysis
[bookmark: _Hlk187487829][bookmark: _Hlk187488055][bookmark: _Hlk187488039][bookmark: _Hlk187488132][bookmark: _Hlk187488178]All reads were aligned to the human genome reference sequence hg38 using BWA MEM (version 0.7.17) [1]. After removing duplicated reads in the BAM file, base quality recalibration and indel realignment were performed using GATK (version 3.8) [2]. Aligned and co-cleaned BAM files were processed through somatic mutation calling using Mutect2 in GATK3.8 and Strelka2 (version 2.9.10) [3]. Somatic mutations were selected from both algorithms. Oncotator (version 1.9.9.0) [4] was used to annotate somatic mutations to respective genes, transcripts, and other relevant features. SMGs were identified from VCF files using MutSigCV (version 1.4.1) [5]. Coverage and covariate files provided by MutSigCV were used to calculate q values. Mutated genes with q value < 0.1 and frequency > 5% of patients were defined as SMGs. When determining SMGs, biallelic somatic SNVs were not considered. Exome coverage was defined as shared genomic regions between capture probe regions and callable regions using the GATK CallableLoic tool. Tumor mutation burden was defined as the number of protein sequence-altering variants divided by exome coverage. For copy number alteration analysis, CNVkit (version 0.9.9) [6] was applied to the WES data to obtain segmented copy data. Segmentation data that did not correspond to the contigs of 22 major autosomes and sex chromosomes were filtered out. The filtered data were analyzed using GISTIC2.0 (version 2.0.23) [7] to identify copy number-altered genomic regions and genes. We selected genes having frequent copy number alterations using a frequency cutoff value such that less than 10 genes were selected.

RNA sequencing
[bookmark: _Hlk187487939][bookmark: _Hlk187488067][bookmark: _Hlk187488221]Total RNA concentration was calculated using the Quant-IT RiboGreen (Invitrogen, #R11490). To assess the integrity of the total RNA, samples were run on a TapeStation RNA screentape (Agilent). Only high-quality RNA preparations, with RIN greater than 7.0, were used for RNA library construction. A library was prepared with 1 μg of total RNA for each sample using the Illumina TruSeq mRNA Sample Prep kit (Illumina, Inc., San Diego, CA, USA). We first purified the poly‐A-containing mRNA molecules using poly‐T oligo‐attached magnetic beads and then fragmented the purified mRNA into small pieces using divalent cations at elevated temperatures. The cleaved RNA fragments were copied into first-strand cDNA using SuperScript II reverse transcriptase (Invitrogen) and random primers, followed by second-strand cDNA synthesis using DNA Polymerase I and RNase H. These cDNA fragments then went through an end repair process, the addition of a single ‘A’ base, and then ligation of the indexing adapters. The products were then purified and enriched using PCR to create the final cDNA library. The libraries were quantified using qPCR according to the qPCR Quantification Protocol Guide (KAPA Library Quantification kits for Illumina Sequencing platforms) and qualified using the TapeStation D1000 ScreenTape (Agilent Technologies, Waldbronn, Germany). Indexed libraries were then submitted to an Illumina HiSeq2500 (Illumina, Inc., San Diego, CA, USA), and paired-end (2×100 bp) sequencing was performed by Macrogen Inc. All reads were aligned to the GRCh38 reference genome in GENCODE. After STAR (version 2.4.0) [8] two-pass alignment, the fragments per kilobase of transcript per million mapped reads (FPKM) at the gene level were calculated using RSEM (version 1.3.3) [9].

[bookmark: _Hlk187504172]Generation of mass-spectrometry-based proteomic data and analysis
Tissue processing for proteomic analysis
Each tumor tissue was individually cryopulverized into tissue powder as described previously [10]. Briefly, the tumor tissues were washed with PBS on ice (ca. < 3 min) to remove any blood contamination. The washed tissues were frozen on dry ice and transferred into TT05 tissue bags (520140, Covaris). If the tissue was over 50 mg, a TT1 tissue bag was used. Tissue bags with frozen tissues were then placed in liquid nitrogen for 30 s and pulverized using a Cryoprep device (CP02, Covaris) to obtain fine tissue powder.

[bookmark: _Hlk187504177]Protein extraction
A sufficient portion (ca. 18 mg) of each tissue powder was transferred to a new tube containing lysis buffer (4% SDS, 0.1 M Tris-HCl pH 7.6, and phosphatase inhibitor [04906837001, Roche]). Each tube was placed on ice and lysed five times, 30 s each, using a probe sonicator (Q55 Sonicator, Qsonica). Subsequently, the tissue lysate was centrifuged at 16,000 × g at 20°C for 10 min, and the supernatant was collected into a new tube. The protein concentration in the lysate was measured using a BCA assay (23225, Thermo Scientific).

[bookmark: _Hlk187504180]Protein digestion
Five hundred micrograms of protein from each sample was digested using a slightly modified filter-aided sample preparation method [11]. Briefly, the protein sample was reduced using 0.1 M DTT for 45 min at 37°C, shaking at 300 rpm, and boiled for 10 min at 95°C on a thermomixer (Comfort, Eppendorf). After 10 min of sonication, the sample was centrifuged at 16,000 × g for 10 min and then transferred to a Microcon YM-30 filter (MRCF0R030, Millipore Corporation). The sample on the filter was centrifuged at 14,000 × g for 30 min at 20°C before loading with 200 μl of 8 M urea to remove the detergent. It was then centrifuged at 14,000 × g for 60 min at 20°C. After three centrifugation steps with urea, the protein was alkylated using 100 μl of 50 mM iodoacetamide in 8 M urea at room temperature for 25 min in the dark. After alkylation, the sample was centrifuged at 14,000 × g for 30 min and washed four times with 200 µL of 8 M urea buffer and twice with 100 μl of 50 mM ammonium bicarbonate (ABC). Trypsin (V5111, Promega) was added at an enzyme to protein ratio of 1:50 (w/w) on the filter, and the sample was digested overnight at 37°C in a thermomixer after buffer exchange. For the second digestion, additional trypsin (enzyme:protein; 1:100) was added, and the sample was incubated at 37°C for 6 h. The resultant peptide was eluted by centrifugation at 14,000 × g for 30 min, and the filter was eluted twice, each with 60 μl of 50 mM ABC. Finally, the concentration of the peptide sample was measured using the BCA assay before the sample was vacuum-dried and stored at -80 °C.

[bookmark: _Hlk187504185]11-plex Tandem mass tag (TMT) labeling
To obtain the peptide sample representing the collected cervical cancer tissues (i.e., universal reference peptide), 60 μg of peptide from each 120 tumor peptide sample were pooled. 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. Briefly, 100 μg of each tumor peptide and the universal reference peptide were individually dissolved in 100 μl of 100 mM triethylammonium bicarbonate (TEAB) while sonicating and vortexing. 40 μl of anhydrous acetonitrile was added to each TMT reagent, and the resultant TMT solutions were transferred to a sample tube. The sample tubes were incubated for 1 h at room temperature before quenching with 8 μl of 0.5% hydroxylamine. After 15 min of incubation for the quenching reaction at room temperature, the 11 TMT-labeled peptides were pooled and vacuum-dried.
The TMT-labeled peptides (3.3 mg) were re-dissolved in 900 μL of 10 mM TEAB and desalted. An Agilent 1260 Infinity HPLC system (Agilent, Santa Clara, CA) with an Xbridge C18 guard column (4.6 x 20 mm, 130 Å, 5 μm) and an analytical column (4.6 x 250 mm, 130 Å, 5 μm) was used for desalting. After injection, the following gradients with solvent A (10 mM TEAB in water, pH 7.5) and solvent B (10 mM TEAB in 90% acetonitrile) were used for desalting: 100% solvent A for 25 min; 0-70% solvent B for 5 min; 70% solvent B for 30 min. The eluents were collected on a well plate every minute. The plates containing the peptide sample according to the UV spectrum were pooled and vacuum-dried.

[bookmark: _Hlk187504190]One-pot phosphopeptide enrichment
After desalting, we performed immobilized metal affinity chromatography (IMAC) phosphopeptide enrichment on all TMT-labeled peptides before fractionation. Briefly, 1.65 mL of Ni-NTA magnetic beads (36111, Qiagen) was washed thrice with 1.2 mL of deionized water (DIW). Subsequently, Ni-NTA beads were treated with 1.2 mL of 100 mM EDTA (pH 8.0) for 30 min on an end-over-end rotator (SB3, Stuart) to remove Ni2+ ions. NTA beads were then washed three times with 1.2 mL of DIW to remove EDTA and reacted with 1.2 mL of 10 mM FeCl3 solution for 30 min on an end-over-end rotator. Fe3+-NTA beads were washed three times with 1.2 mL of DIW to remove excess Fe3+ ions and then resuspended in 1.2 mL of acetonitrile (ACN)/methanol/0.01% acetic acid (1:1:1). Resuspended beads were divided into three 5 mL tubes (0030119401, Eppendorf) so that each tube contained 400 µL of the bead solution. Each tube was washed with 1.6 mL of binding buffer (80% ACN/0.1% TFA), and the labeled peptides were resuspended in 6 mL of binding buffer. The resuspended peptides were then divided into three aliquots (2 mL), and each of the three peptide aliquots were added to the three bead solution tubes, before incubation for 30 min on an end-over-end rotator. After the binding reaction, the supernatants from the three tubes were collected in a new tube and vacuum dried for global proteome analysis. The beads were washed four times with 2 mL of binding buffer. Subsequently, the three aliquoted beads were pooled and the phosphopeptides were eluted with 1.5 mL of 1:1 ACN/2.5% ammonia in 2 mM phosphate buffer for 1.5 min. Eluted phosphopeptides were acidified immediately with 10% TFA to reach pH 3.5-4.0. Finally, the phosphopeptides were vacuum dried, resuspended in 75 μL of 0.5% TFA in water, and desalted using a Spin column (744614, Harvard apparatus).

[bookmark: _Hlk187504193]Offline noncontiguous fractionating and concatenating (NCFC) fractionation for global peptide analyses
The flow-through non-phosphopeptide samples from the IMAC experiments were fractionated based on mid-pH reverse-phase liquid chromatography fractionation (mRP fractionation), as previously described [11]. Briefly an Agilent 1260 Infinity HPLC system with Xbridge C18 analytical column (4.6 mm x 250 mm, 130 Å, 5 mm) and a guard column (4.6 mm x 20 mm, 130 Å, 5 mm) was used. The peptide sample was reconstituted in 900 µL of 10 mM triethylammonium bicarbonate (TEAB) and fractionated using a 115 min gradient at a flow rate of 500 mL/min as follows: at 0% solvent B for 10 min; from 0 to 5% solvent B over 10 min; from 5 to 35% solvent B over 60 min; from 35 to 70% solvent B over 15 min; 70% solvent B for 10 min; 70 to 0% solvent B over 10 min. Solvents A and B were 10 mM triethylammonium bicarbonate (TEAB) in water (pH 7.5) and 10 mM TEAB in 90% acetonitrile (ACN, pH7.5), respectively. A total of 96 fractions were collected in 96-well plates every 1 min from 15 min to 110 min. Each fraction was non-contiguously concatenated into 24 fractions (i.e., #1–25–49–73, #2–26–50–74, …, #24–48–72–96) and dried via vacuum centrifugation.

[bookmark: _Hlk187504197]Dual online NCFC-RP/RPLC systems
The previously developed DO-NCFC-RP/RPLC system [12-14] was modified to produce up to 24 online NCFC fractions. Briefly, the DO-NCFC-RP/RPLC system was equipped with a 24-fraction NCFC device comprised of two 24 position selector valves (C75M-65724EUHC, VICI), a mid-pH RP column (150 μm × 50 cm), two sets of an SPE column (150 μm × 3 cm), and an analytical column (75 μm × 100 cm). All columns were manufactured in-house by slurry packing [15] of Jupiter C18 particles (Jupiter, 3 μm, 300 Å, Phenomenex), and the temperature of both the mid-pH column and two analytical columns were maintained at 60°C using column heaters (MCT200, Analytical sales & product) [16]. The DO-NCFC-RP/RPLC system can be operated in both two-dimensional RP/RPLC mode and one-dimensional RPLC mode.
For the phosphopeptide sample, mid-pH solvent A (10 mM TEAB in water, pH 7.5) and mid-pH solvent B (10 mM TEAB in 99 % ACN, pH 7.5) were used as the mobile phase for online 1st-dimensional separation. The whole phosphopeptide sample from one TMT set was injected and separated on the mid-pH RP column, while the two 25-port selector valves were synchronously rotated for two steps (e.g., 1 → 3 → 5 … → 23 → 1) every 2 min during a 120 min gradient (1-50% solvent B over 120 min with a flow rate of 0.5 μm/min). Eluates from the 1st-dimensional separation were automatically collected in each of the 12 fraction loops. As a result, each of the 12 fraction loops contained five noncontiguous eluates from the 1st-dimensional separation. For the 2nd-dimensional separation, each fraction in the 12 NCFC loops was acidified and diluted ten times with 0.2% TFA in water before being injected into the SPE column. A 180 min gradient method was used for the 2nd-dimensional reverse-phase separation as follows: 10-37.5% solvent B over 160 min, 37.5-80% over 5 min, 80% over 10 min, 10% over 5 min at a flow rate of 0.4 μL/min using solvent A (0.1% formic acid in water) and solvent B (0.1% formic acid in acetonitrile).
For global proteome analysis, the online 2D NCFC-RP/RPLC system was switched to one-dimensional RPLC mode by bypassing the first mid-pH RP column and the NCFC device, and 5 µg of each of the 24 offline NCFC fractions was directly loaded into the SPE column at a flow rate of 1.5 μL/min flow rate with 1% solvent B. Then, the same 180 min gradient method was used.

[bookmark: _Hlk187504202]Mass spectrometry experiments
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. For global proteome analysis, full MS scans were acquired in the range of 400–2,000 Th with 60000 resolution. The maximum ion injection time was 20 ms, and the automatic gain control (AGC) target value was set to 5.0 × 106. The top ten most abundant ions were isolated at a window of ± 0.35 Th. Normalized collision energy of 32 was used for higher-energy collisional dissociation (HCD), and the dynamic exclusion time was set to 25 s. The charge state of 1 was excluded. MS/MS scans were acquired at a resolution of 45,000 with a fixed first mass of 120 Th. The maximum ion injection time was 86 ms and the AGC value was identical to that of full MS. For phosphoproteome analysis, the same method was used except that the isolation window was set to ± 0.6 Th.

[bookmark: _Hlk187504206]Generation of patient-specific customized protein database
A sample-specific customized database was constructed with a slight modification to a previously reported method [17]. To generate an expressed transcript database, raw reads from paired-end mRNA sequencing data were mapped to the reference genome, Human GRCh37/hg19 (released 2009) and Gene Annotation File (GTF) on GENCODE (v27), using STAR RNA-Seq Aligner (v2.5.3a, https://anaconda.org/bioconda/star/) and RSEM (v1.3.0) was used to estimate transcript abundance in transcripts per million mapped reads (TPM). The expressed transcripts were defined as non-zero TPMs. To generate the variant database, we obtained genomic variants identified from exome sequencing data, as previously described [17]. Briefly, variants were called using Strelka2 for both germline and somatic variants. The identified expressed transcripts and variants from RNA-seq and exome-seq analysis, respectively, were used to build a patient-specific customized database [17] using the Bioconductor R package CustomProDB [18].
Finally, the customized protein databases of ten patients from each TMT experiment were combined to construct a multiplexed database with redundancy removal. The multiplexed databases were subsequently combined with SwissProt (ver, 2018. 01, 42271 entries) database to construct a multiplexed and unified protein database [10].

[bookmark: _Hlk187504211]Database search
MS/MS datasets for the global proteome were analyzed using MSGF+ (version 9949) [19] database search, while the phosphoproteome datasets were processed via multi-stage database search as previously reported [17]. Briefly, both global and phosphoproteome MS/MS data were processed using mPE-MMR [20] to accurately assign precursor ion mass. The refined MS/MS data were then subjected to MSGF+ database search based on the corresponding multiplexed and unified protein database. For the search parameters, the precursor mass tolerance was set to 10 ppm, and a semi-tryptic peptide was included. For the global peptide, carbamidomethylation on cysteine residues and a TMT label on the N-terminus and lysine residues were used as static modifications, while oxidation on methionine and deamidation on asparagine and glutamine residues were used as variable modifications. In the case of phosphopeptide, serine, threonine, and tyrosine phosphorylation were added as variable modifications.
After the MSGF+ database search, the resultant peptide-spectrum matches (PSMs) were then mapped into unique mass classes (UMCs), and the PSM with the highest score was considered as a representative PSM for matched UMC. Each representative PSM from each fraction was gathered and bifurcated to each corresponding patient based on a patient-specific customized database. The peptides with the highest search score were filtered with a false discovery rate (FDR) of 1% for each patient. Previously described dual target-decoy distributions [17], for SwissProt peptides and customized database peptides were employed for each patient’s data.
For phosphoproteome datasets, the unidentified MS/MS data from the MSGF+ search were further subjected to a spectral library search [10]. To perform a spectral library search, we constructed a spectral library database with identified phosphopeptides from the entire MSGF+ search results. Briefly, the spectral library was composed of the experimental mass, normalized elution time (NET), and representative MS/MS spectra of the identified phosphopeptides from the entire phosphoproteome data. The NET originated from the experimental retention time using the iRT peptide (Ki-3002-2, Biognosys) spiked with each NCFC fraction. Representative MS/MS spectra were selected from the PSMs with the highest search scores for each charge state. In total, we identified 194722 non-redundant phosphopeptides across 150 cervical cancer tissues and collected 267235 representative spectra to construct the spectral library. For the decoy spectral library database [21], shuffled peptide sequences with fixed C-terminal arginine and lysine from the spectral library database were used. After the spectral library search, the results were filtered using an FDR of 1% at peptide level (PepFDR) and mapped into UMCs to perform site localization. Finally, site-localized phosphopeptides with an Excorr of 6 [10] or higher were used.

[bookmark: _Hlk187504216]Protein grouping and genome mapping
Bipartite graph analysis using an in-house program was used to obtain protein groups from the identified peptides using a previously described process [10]. Briefly, representative proteins were selected from the component proteins of each protein group through several standards. First, the protein with the highest number of associated peptides was selected. If multiple proteins were matched with the same number of non-redundant peptides, a protein with a higher protein sequence coverage was chosen. Additionally, a protein associated with a unique peptide was selected as a representative protein. For global proteome analysis, protein groups with two or more non-redundant peptides were used, while all protein groups identified by the phosphorylated peptides were used for phosphoproteome analysis. Then, to obtain non-redundant Gene IDs, we mapped the representative proteins to the UniProt mapping table (Ver. 2018.01). Transcripts with FPKM ≥ 1 were used to obtain protein-coding genes identified by mRNA sequencing data.

[bookmark: _Hlk187504219]Peptide and protein quantitation
The 11-plex TMT labeling was used to quantify the protein abundances of the universal reference (channel 126) and ten tumor tissues (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 quantile normalization [22]. The normalized results of each peptide were then filtered using the precursor isolation purity (PIP) value, which is the ratio of the intensity of the precursor peaks to the total peak intensity within the isolation window. The MS/MS spectrum with a PIP value of > 70 was used for peptide quantification, and if multiple PSMs had a PIP value of >70, the median intensity of those PSMs was used. The log2-ratio of each tumor reporter ion intensity to the universal reporter ion intensity was used to calculate the log2-fold-change of a peptide among the ten tumor tissues and the universal reference. For global proteome analysis, the median value of log2-fold-changes of all the non-redundant peptides corresponding to the protein was considered the log2-fold-change of the proteins. Proteins with at least two non-redundant peptides were selected for subsequent analyses (e.g., mutation-phosphorylation and mRNA-protein correlation analyses and clustering).
Before proceeding with the analyses, we corrected log2-fold-changes of proteins and phosphopeptides among different TMT sets for batch effects. For the 15 TMT sets, the quantification procedure described above generated an n  150 matrix containing log2-fold-changes for phosphopeptides (or proteins) for the 150 samples analyzed. n is the maximum number of phosphopeptides (or proteins) measured in the 15 TMT sets. To correct for batch effects, we first concatenated log2-fold-changes for all phosphopeptides (or proteins) in the samples from each TMT set into a single column. After merging the concatenated columns for all TMT sets into a 15-column matrix, we performed quantile normalization [22] so that the distributions of log2-fold-changes across all 15 TMT sets were the same. The normalized log2-fold-changes were then returned to their original positions in the n  150 matrix. Matching the distributions across different TMT sets retained the ranks of log2-fold-changes for phosphopeptides (or proteins) in each TMT set while making log2-fold-changes with the same ranks (or quantiles) equal across all TMT sets. Therefore, all statistical moments (e.g., mean, variance, and skewness) were the same across all TMT sets. This normalization approach provides statistical stability in subsequent analyses by effectively removing systematic biases from the data derived from different batches [22]. After correcting for the major batch effect across TMT sets, we finally performed quantile normalization on the normalized n  150 matrix to match the distributions of log2-fold-changes of phosphopeptides (or proteins) in each sample to further eliminate any systematic bias for individual samples.

Identification of molecular subtypes and subtype signatures
Integration of RNA signatures with published data
We downloaded the FPKM data for the TCGA [23] cohort and the normalized expression data for the cohorts reported by Medina-Martinez et al. (GSE52903 [24]), Espinosa et al. (GSE39001 [25]), and Shin et al. (GSE49288 [26]). To ensure statistical power, we merged the latter three cohorts after removing redundant data (i.e., 19 samples in Espinosa et al. and Medina-Martinez et al.; and 15 samples in Shin et al. and our cohort). For each cohort, we selected the genes that were identified as ‘expressed mRNAs’ in our cohort and calculated their log2(FPKM+1) values and also log2-fold-changes with respect to their median values. We then applied quantile normalization [22] to the log2-fold-changes across the individual samples so that their distributions would be equal to those in our samples. Subsequently, for each sample, we calculated a Pearson’s correlation (ρ) coefficient for log2-fold-changes determined for rna1-4 genes in the published cohort relative to the mean log2-fold-changes for rna1-4 genes in our RNA1 samples. The procedure was repeated for RNA2-4, resulting in four ρs for the four groups (RNA1-4). We estimated an empirical null distribution of ρ for each of RNA1-4 by performing 10,000 random permutations of our samples. For each sample, we then computed p-values for the four observed ρs for RNA1-4 using the corresponding estimated distributions. Finally, samples with p value ≤ 0.05 were classified into the corresponding mRNA cluster. If a sample had p values less than 0.05 for multiple mRNA clusters, it was classified into the cluster for which they had the minimum p value.

Cell-type deconvolution analysis
To estimate the fractions of cell types, we applied ESTIMATE (version 1.0.13) [27] to mRNA data to calculate stromal and immune scores for individual samples based on 137 stromal genes and 140 immune-related genes. Tumor purity was then estimated using the formula defined using the stromal and immune scores. Next, we collected the following gene sets previously reported by three different studies: gene sets characterizing tumors (basal-like or classical), stromal (activated, normal, ECM-rich, or immune-rich), and immune cells in pancreatic ductal adenocarcinoma (PDAC) [28, 29] and UCC [23] tissues. Using each gene set (e.g., basal-like and classical tumor gene set), we performed ONMF clustering of the gene-sample matrix followed by consensus clustering (hierarchical clustering of consensus matrix). Based on cophenetic correlations and consensus heat maps, we determined the number of clusters and assigned cell types to the individual clusters based on the up-regulation patterns of the genes corresponding to the cell types (e.g., basal-like or classical tumor clusters). To estimate the cell-type scores reported by Puleo et al. [30] or Peng et al. [31], we obtained the loadings of the cell-type components (e.g., activated or inflammatory stroma) from Puleo et al. [30] and gene weights for the cell-type compartments (e.g., BasalTumor and ActivatedStroma) from Peng et al. [31]. Using the expression data in each sample, we then computed projection scores for the cell-type components based on their loadings or compartment weights for the cell-type compartments based on the gene weights, and then normalized them to the maximum value, as performed in the original studies. Moreover, to determine the subtypes of the samples based on the three previous subtype classifiers [23, 28, 29], we obtained gene sets that defined the subtypes in each study, and then determined cluster memberships using NMF clustering, as described above. In contrast, to determine the subtypes reported by Puleo et al. [30], we obtained centroid vectors of the five subtypes corresponding to 403 selected genes that were used for the five-subtype whole tumor classification. For each sample, we calculated Spearman’s correlation coefficients between log2-FPKM values and centroid vectors of the five subtypes and then selected a subtype with the maximum correlation coefficient.

scRNA-seq data analysis
Illumina BCL files were demultiplexed and converted to FASTQ files using ‘cellranger mkfastq’ function in Cell Ranger software (v.7.0.1) [32]. The resulting FASTQ files were used to perform the alignment to human GRCh38 genome, filtering, and unique molecular identifier (UMI) counting, as well as to produce gene-barcode matrices using ‘cellranger count’ function. To improve statistical power for characterization of cellular heterogeneity in LACC, we additionally collected previously reported scRNA-seq dataset generated from patients with SCC and ADC (GSE208653 [33], GSE236738 [34], E-MTAB-12305 [35], and S-BSST1035 [36]). Only samples collected prior to treatment and including more than 100 cells after quality control (see below) were included in the analysis. For each dataset, we downloaded a feature-barcode matrix containing barcodes of cells and UMI counts for confidently mapped reads. Subsequent data analysis was performed using Seurat (v.4.0.4) [37].
We selected cells using the quality control criteria [500 < the number of genes per cell (nFeature) < 5,000, the percent of mitochondrial reads (% mito) < 10%, and the number of UMIs per cell (nCount) > 2,000] as shown in Supplementary Fig. S4A. For clustering of total cells, gene counts for the selected cells were normalized using the ‘NormalizeData’ function. After selecting 2,000 highly variable genes (HVGs) for each sample using the ‘FindVariableFeatures’ function, the ‘SelectIntegrationFeatures’ function was used to determine the final set of 2,000 HVGs as the most frequently selected ones for integration. Data integration was performed to correct within- and between-dataset batch effects. First, for each dataset, UMI counts for the final HVGs in cells were batch-corrected across the samples in the dataset using the ‘FindIntegrationAnchors’ and ‘IntegrateData’ functions (Within-dataset correction), resulting in the 1st corrected UMI matrices. Second, the 1st corrected UMI matrix in each dataset was further corrected by performing the batch correction with respect to the reference dataset (out scRNA-seq data) using the same anchor-based integration (Between-dataset correction), resulting in a merged matrix of the 2nd corrected matrices for the individual datasets. For the merged UMI matrix, cell-to-cell variation in the number of detected UMIs, mitochondrial contamination, and cell cycle stage was regressed out using the ‘ScaleData’ function, resulting in the final merged UMI matrix. After applying principal component analysis (PCA) to the final merged UMI matrix using ‘RunPCA’ function, Louvain clustering method was then used to cluster the cells using ‘FindNeighbors’ and ‘FindClusters’ functions with a resolution of 0.15 using the number of statistically significant principal components (PCs) determined based on an Elbow plot (24 PCs). 
We next performed subclustering analyses of the four cell types (ECs, myeloid cells, CAFs, and T/NK cells) from the above total cell clustering. For subclustering of each cell type, we first selected samples including more than 100 cells of the corresponding cell types and then performed the same two-stage correction of within- and between-dataset batch effects only for the cells in the corresponding cell-type cluster using the selected samples, as described above. To optimize the subclustering, different resolutions were used for the ‘FindClusters’ function: 0.3 for SCC ECs (50 PCs); 0.2 for myeloid cell (27 PCs) and T/NK cell (21 PCs) subclustering; and 0.35 for CAF subclustering (50 PCs). Of note, in the subcluster analysis of ECs, we performed subclustering of SCC ECs and the transfer of SCC labels to ECs in ADC samples using the union of 2,000 HVGs from SCC (HVGSCC) and ADC (HVGADC) samples as to better explore the relationships between SCC and ADC samples. Cell-to-cell variation was regressed using 1) the number of detected UMIs, 2) mitochondrial contamination, and 3) cell cycle stage for myeloid and T/NK cells and CAFs, but using only the first two factors for ECs. Transfer of subcluster labels from SCC ECs to ADC ECs was performed using Seurat’s ‘FindTransferAnchors’ and ‘TransferData’ functions, and cells with less than prediction score of 0.5 were classified as ‘Not transferred’.

Kinase activity analysis
We first extracted data for 16055 kinase-substrate interactions for 473 kinases from the PhosphoSitePlus [38], PhosphoELM [39], and SIGNOR [40]. We then selected 48527 phosphopeptides detected in more than half of the samples for at least one of Sub1-6 and generated a 146 × 48527 matrix containing log2-fold-changes for the 48527 phosphopeptides measured in 146 samples. For a kinase, we next estimated the activity in each sample as follows: 1) We selected a set of phosphopeptides measured in the sample with the same phosphorylation sites as those in the databases; and 2) we performed GSEA [41] for the selected phosphopeptides in the sample, compared to the other phosphopeptides. The 2nd step was performed only when the number of selected phosphopeptides was larger than 5. Normalized enrichment scores (NESs) from this procedure were included in a 177 × 146 matrix. Next, we performed an empirical t-test for each subtype to compare the NESs of the samples in the subtype with the NESs of the other samples. For each subtype, we estimated an empirical null distribution of t-statistic values from random permutations of 146 samples 1000 times. For a kinase, we computed an adjusted p-value for the subtype using the right-sided test for its observed t-statistic value using the empirical distribution. Finally, we selected the kinases predominantly activated in each subtype as the ones for which p values were less than 0.01 and the fractions of samples with GSEA p value < 0.05 were larger than 0.3.

Mouse sample processing
Mouse tumor tissue processing
Briefly, tumor tissues were resected, chopped into small pieces, and digested in a 37°C and 5% CO2 incubator for 20 min with RPMI-1640 (Biowest, L0498) containing collagenase type IV (Worthington Biochemical, LS004189, 1 mg/ml), hyaluronidase (Sigma, H6254, 1 mg/ml), and DNase I (Sigma, DN25, 1.5 mg/ml). Digested tissues were minced, filtered through a 70 μm cell strainer, and made into single-cell suspensions.

Mouse blood, spleen, and bone marrow processing
Blood samples were obtained via cardiac puncture from anesthetized mice and collected in an EDTA-coated blood collection tube. To process the spleens, nicks were established on both sides of the spleens, and splenocytes were scraped out with a syringe needle. To process bone marrows, nicks were established on the side of the bone marrow, and bone marrow cells were isolated through the nicks via centrifugation (2000 rpm, 2 min). Red blood cells were lysed with 10 ml of RBC lysis buffer (BioLegend, 420301) for blood samples and 3 ml of RBC lysis buffer for spleen and bone marrow samples on ice for 4 h. Equal volumes of RPMI supplemented with 10% FBS were added to stop the lysis reaction. The final single-cell suspensions were obtained via centrifugation (1700 rpm, 3 min) after RBC lysis.
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[bookmark: _Hlk187503521][bookmark: _Hlk187924103][bookmark: _Hlk187927281][bookmark: _Hlk187927348]Supplementary Figure 1. Clinical characteristics and proteogenomics analysis of LACC cohort
A, Comparison of clinical parameters between our cohort and the indicated previous cohorts. ***, p < 0.001 from one-way ANOVA with Tukey’s posthoc correction (Age) or from Fisher’s exact test (Tumor stage and Histological type). In the box plots, the center line indicates median value and the box limits indicate upper and lower quartiles. n = 350, 307, and 99 patients for our, TCGA, and Huang et al. cohorts, respectively, for age; n = 350, 289, and 99 patients for our, TCGA, and Huang et al. cohorts, respectively, for tumor stage; n = 350, 307, 115, and 102 patients for our, TCGA, Ojesina et al., and Huang et al. cohorts, respectively, for histological type. B, Histogram of tumor cellularity in our LACC cohort. The boxplot in the bottom shows the median cellularity. C, Overview showing what analyses were performed for the sample from each patient among whole-exome sequencing (WES), RNA-seq, global proteome and phosphoproteome (Global/Phospho), and single-cell RNA-seq (scRNA-seq) analyses. Each analysis panel was further divided to clarify what sample types were used for the analysis (see ‘Sample type’ legend). Stacked bar graphs show the numbers of sample types used for the individual analyses. For the entire 350 patients, we performed the RNA-seq analysis. Of the 350 patients, 251 patients for whom the matched PBMC samples were available were selected for the WES analysis because identification of somatic mutations required comparison of WES data from tumors and PBMC controls. Of the 251 patients, 146 patients having sufficiently large tumor wet weights were further selected for global proteome and phosphoproteome analyses to meet the amounts of proteins and phosphopeptides needed. For scRNA-seq analysis, we newly collected the 16 samples in the chronological order of hospital visits until at least one sample was collected for each RNA subtype to explore cellular heterogeneity across RNA1-4: 1 sample for RNA1 (Sub1/2), 4 samples for RNA2 (Sub6), 2 samples for RNA3 (Sub5), and 9 samples for RNA4 (Sub3/4). For these newly collected 16 samples, RNA-seq analysis was performed, in addition to scRNA-seq analysis, for prediction of RNA subtypes, and the above 350 patients thus included them. D, Numbers of nonsynonymous somatic mutations and mutated genes identified from exome-sequencing data. E, Cellular pathways enriched by the PAG-LACC. The enrichment significance (p value from ConsensusPathDB) of each pathway by the PAG-LACC are denoted as –log10(p). Key pathways are labeled in red.
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Supplementary Figure 2. Two-stage clustering of mRNA, protein, or phosphorylation data.
A, Two-stage clustering scheme involving the following steps: 1) selection of the molecules with top 10, 20, or 30% of median absolute deviations (MADs) in SCC samples; 2) the 1st stage NMF clustering of SCC samples (1000 trials with random initial value; see step 4 below) using the selected molecules; 3) determination of the number of SCC clusters based on cophenetic correlation coefficient and consensus heat map (see the legend in B); 4) generation of the initial value for the 2nd stage NMF clustering based on the cluster memberships from the 1st stage clustering results; and 5) the 2nd stage NMF clustering followed by determination of the number of LACC clusters based on cophenetic correlation coefficient and consensus heat map. B, D, and E, Two-stage clustering results of mRNA (B), protein (D), and phosphorylation (E) data. In the 1st (left) or 2nd (right) clustering, cophenetic correlation coefficient plots show how the coefficients vary with different numbers of clusters and also when the molecules with top 10, 20, or 30% of MADs were used for clustering. The consensus heat maps show the sample consensus obtained from pair-wise clustering. Blue-to-red gradient denotes the percentage of agreement in the clustering results from 100 clustering trials with a determined number of clusters. Colored bars in the bottom represent the samples belonging to the clusters: s-RNA1-3 of squamous tumors and RNA1-4 (B); s-Prot1-4 and Prot1-5 (D); and s-Phos1-3 and Phos1-4 (E). C, RNA1-4 clusters defined by mRNA signatures (rna1-4) in the previous early-stage tumor-enriched TCGA and merged cohorts. For each previous cohort, heat maps show tumors categorized into RNA1-4 based on rna1-4 (left) and tumors that failed to be categorized (right). Clinical parameters for tumors are shown in the bottom, and the subtype bar plot shows subtypes predicted using molecular signatures defined by the TCGA [23]. F, Local recurrence-free survival of patients with tumors belonging to Sub1-6. n = 29, 15, 17, 23, 14, and 16 in Sub1-6, respectively.
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[bookmark: _GoBack]Supplementary Figure 3. Characterization of subtypes using their mRNA and protein signatures.
A, Illustration of how mRNA (e.g., S1-Gene) and protein (e.g., S1-Prot) signatures were selected for each subtype (e.g., Sub1). Relevant signatures (e.g., rna1, prot1, and phos1 for Sub1) were highlighted in blue and denoted by the blue box. Of note, protein and phosphoprotein signatures were combined into S1-Prot. B, Proportions of tumor, stromal, and immune cells predicted by cell-type deconvolution analysis using the molecular signatures for the indicated features (e.g., stromal score, Basal-like, or immune). C, Network model showing interactions between the mRNAs and proteins involved in innate and adaptive immune response pathways upregulated in Sub4. Node colors (center and boundary) indicate whether the corresponding mRNA and protein were selected as signatures for Sub4. Presence of a circled P on a node indicates that the corresponding phosphoproteins had phosphorylated peptides that defined Sub4. Arrows, activation; inhibition symbols, inhibition; solid arrows, direct activation; dotted arrows, indirect activation; gray lines, protein-protein interactions. D, Lollipop plots show the detected somatic mutations (circles) in the gene structure of CIC. The height of the lollipop represents the number of patients with the indicated mutations, and colors denote the mutation types (see legend).
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[bookmark: _Hlk187503615]Supplementary Figure 4. Integrative scRNA-seq analysis of myeloids and fibroblasts. 
[bookmark: _Hlk187503622]A, Quality control criteria used in integrative analysis of our scRNA-seq data and four previously reported scRNA-seq datasets (GSE208653, GSE236738, E-MTAB-12305, and S-BSST1035). Violin plots show distributions of feature count (nFeature), unique molecular identifier (UMI) count (nCount), and percentage of UMIs originated from mitochondrial genes (% mito). Black dots are the measurements of these parameters from individual cells, and the cutoffs used for the corresponding parameters are indicated by dotted lines. The number of selected cells from squamous cell carcinoma (SCC), adenosquamous cell carcinoma (ADSCC), and adenocarcinoma (ADC) samples in our and previous datasets are denoted in the bottom. B and E, Uniform manifold approximation and projection (UMAP) plot showing 14 cell type clusters (B) and 7 subclusters of cancer-associated fibroblasts (CAFs; E). C, D, and F, Marker genes upregulated predominantly in the cell type clusters (C), the myeloid subclusters (D), and the subclusters of CAFs (F). Numbers in parenthesis represents the number of marker genes in the corresponding cluster. The color bar represents the gradient of log2-FC with respect to their mean values. G, Dot plot showing the enrichment p-value of marker genes for the indicated CAF subclusters in the 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). H, Signature scores of marker genes for the indicated CAF subclusters in Sub1-6. n = 33, 17, 27, 28, 18, and 23 in Sub1-6, respectively. I, Cellular pathways enriched by marker genes for the indicated CAF subclusters. The color bar represents the gradient of –log10(enrichment p-value).
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[bookmark: _Hlk187503654]Supplementary Figure 5. NL-SCs modulate the immunogenicity in aggressive squamous UCC.
[bookmark: _Hlk187503666]A, Average expression levels of PVR in cells belonging to the individual myeloid subclusters. B, UMAP plot showing 8 T/NK cell subclusters. C, Marker genes upregulated predominantly in the T/NK cell subclusters. Numbers in parenthesis represents the number of marker genes in the corresponding cluster. The color bar represents the gradient of log2-FC with respect to their mean values. D, Dot plot showing the enrichment p-value of marker genes for the indicated T/NK cell subclusters in the 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). E, Signature scores of marker genes for the indicated T/NK cell subclusters in Sub1-6. n = 33, 17, 27, 28, 18, and 23 in Sub1-6, respectively. F, Cellular pathways enriched by marker genes for the indicated T/NK cell subclusters. The color bar represents the gradient of –log10(enrichment p-value). G, Tumor growth over time in human xenograft models derived from #6507A (Sub5) tumor cells. H, Representative flow cytometry gating plots of IL-17R expressions on spleen and tumor from #6507A (Sub5) tumor-bearing mice. I, IL-21R expressions on NL-SCs in bone marrow, spleen, blood, and tumor samples from #6507A (Sub5) tumor-bearing mice (n = 4).



Supplementary Table legends
Supplementary Table 1. Clinical and pathological parameters for patients with UCC.

Supplementary Table 2. Pathways enriched by genes and proteins whose expression or phosphorylation levels correlated with alterations of PAG-LACC.

Supplementary Table 3. Molecular subtypes and molecular signatures. 
A, mRNA, proteome, and phosphoproteome clusters and integrative subtypes of UCC tumors in our cohort. B, Molecular signatures for UCC clusters.

Supplementary Table 4. Representative pathways enriched by genes (S1-G to S6-G) and proteins (S1-P to S6-P) defining Sub1-6.
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