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Abstract
The associated publication reports proteogenomic analysis of human pancreatic ductal adenocarcinoma
(PDAC), where we provided signi�cantly mutated genes (SMGs)/biomarkers, cellular pathways, and cell
types as potential therapeutic targets to improve strati�cation of patients with PDAC. This protocol
describes the detailed methods for bioinformatics analysis of PDAC subtypes, including tumour purity
estimation, subtype prediction for tumour samples in previous cohorts, pathway enrichment analysis,
kinase activity analysis, and pan-omics analysis.

Introduction

Reagents

Equipment

Procedure
Estimation of tumour cellularity

Tumour cellularity was estimated using KRAS VAF, qpure, ESTIMATE, and histological images. To
measure KRAS VAF, we sequenced KRAS amplicons over 1,000,000 × depth for the previously reported
mutational hotspots (hg19 chr12: 25398292-25398294, chr12:25398280-25398285, chr12:25380281-
25380283, and chr12:25380275-25380277)1. Target regions in exons 2 and 3, ranging in size from 150–
206 bp, were ampli�ed using the following primers: Exon2 pair 1 (forward, 5'-
TTATAAGGCCTGCTGAAAATGA-3'; reverse: 5'-GTATCAAAGAATGGTCCTGCAC-3'); Exon2 pair 2 (forward,
5'-CATTATTTTTATTA TAAGGCCTGCTG-3'; reverse, 5'-CAAGATTTACCTCTATTGTTGGATCA-3'); Exon3 pair
1 (forward, 5'-TGTGTTTCTCCCTTCTCAGGA-3’; reverse, 5'-AAACCCACCTATAATGG TGAATATCT-3'); and
Exon3 pair 2 (forward, 5'-TCTCCCTTC-TCAGGATTCCTAC-3'; reverse, 5'-
TGGTGAATATCTTCAAATGATTTAGT-3'). Polymerase chain reaction (PCR) products were puri�ed using
the QIAquick PCR Puri�cation Kit (Qiagen), and equal quantities from each sample were pooled.
Sequencing libraries were prepared from 50 ng of the pooled PCR product and then sequenced with
paired ends in 151 bp reads on the Illumina NovaSeq platform. Low-quality sequencing reads were
�ltered out, and adaptors were trimmed for the remaining reads using Trimmomatic (version 0.36)2. The
trimmed reads were aligned with the customized KRAS reference using BWA (version 0.7.17) and the
MEM algorithm3. BAM and ‘mpileup’ �les were processed from SAM �les using Samtools (version 1.3.1)4.
Three variant calling methods were used to call mutations in KRAS: GATK3 Mutect2 (version 3.8), GATK4
Mutect2 (version 4.1.9), and BCFtools (version 1.10.2)5,6. We then �ltered GATK variants at hotspots
using allele frequency (AF) ≥ 0.01 and tumor log odds (TLOD) ≥ 300, and BCFtools variants using AF ≥
0.01. Finally, the VAF for KRAS mutations was de�ned as the sum of the mutation allele frequencies at
the hotspots.
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  To estimate cellularity by qpure, DNA from tumours and matched blood samples were hybridized to an
In�nium Global Screening Array (Illumina). The log R-ratio (LRR) and B-allele frequency (BAF) were
determined from the probe intensities using GenomeStudio (version 2). Finally, qpure was applied to the
LRR and BAF to estimate the cellularity, as previously described7. To estimate the cellularity, we applied
ESTIMATE (version 1.0.13)8 to mRNA data for calculating stromal and immune scores for individual
samples based on 137 stromal genes and 140 immune-related genes. Tumour purity was estimated
using the default formula of the ESTIMATE score, de�ned as a combination of stromal and immune
scores. Finally, to estimate the cellularity from histological images for each sample, we counted cells on
one representative haematoxylin and eosin-stained slide from a resected specimen with a visible tumour
area. The cells were counted using QuPath image analysis9, which was applied to digitally scanned
slides at 200× magni�cation (AT2, Aprio technologies) with a few modi�cations. Brie�y, the image
analysis process was as follows: 1) cell segmentation using a cell detection function; 2) manual
annotation of tumour cells on a small area of each slide; 3) creation of a cell classi�er using cell-feature-
based neural networks; 4) calculation of the number of tumour cells, total cells, and tumour area; and 5)
error correction and �nal con�rmation by manual inspection.

 

Integration of RNA signatures with published data

From three previously reported PDAC cohorts, TCGA10, Australian (PACA-AU)11, and Canadian (PACA-
CA)12, we downloaded the FPKM data from TCGA and PACA-AU and the normalised expression data from
PACA-CA. We then �ltered out non-PDAC tumour samples (e.g. intraductal papillary mucinous carcinoma,
neuroendocrine carcinoma, and acinar cell carcinoma) from each cohort. From each of the published
cohorts (e.g. TCGA cohort), we selected the genes that were identi�ed as ‘expressed mRNAs’ in our cohort
and calculated their log2(FPKM+1) values and log2 fold-changes with respect to their median values. We

then applied quantile normalisation13 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
Pearson’s correlation (ρ) coe�cient for the log2 fold-changes determined for the rna1–3 genes in the
published cohort relative to the mean log2 fold-changes of the rna1–3 genes in our RNA1 samples. The
procedure was repeated for RNA2–3, resulting in three ρ values for the three groups (RNA1–3). We
estimated an empirical null distribution of ρ for RNA1–3 by performing 10,000 random permutations in
our samples. For each sample, we computed p-values for the three observed ρ values of RNA1–3 using
the corresponding estimated distributions. Finally, samples with a p-value < 0.05 were classi�ed into the
corresponding mRNA cluster. If the samples had a p-value < 0.05, for multiple mRNA clusters, they were
classi�ed into the cluster for which they had the minimum p-value.

 

Integrated pathway analysis
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For the integrated pathway analysis, we �rst identi�ed molecular signatures for Sub1–6, identi�ed from
the integrated clustering based on the relationships between Sub1–6 and the clusters identi�ed from the
three data types. For example, for Sub6, we identi�ed genes (S6-G) selected for RNA3 from the mRNA
data and proteins (S6-P) selected for Prot5 and Phos5 from the proteome and phosphoproteome data,
respectively. To identify the pathways represented by the genes and proteins identi�ed for Sub1–6, we
performed an enrichment analysis of cellular pathways for the genes and proteins selected for each
subtype (e.g. S6-G and S6-P for Sub6) using ConsensusPathDB14. The cellular pathways represented by
the genes and proteins for each subtype were identi�ed as those with P < 0.05, and the number of
molecules involved in the pathway ≥ 3.

 

Kinase activity analysis

We �rst extracted data for 16,055 kinase-substrate interactions for 473 kinases from PhosphoSitePlus15,
PhosphoELM16, and SIGNOR17. We then selected 45,006 phosphopeptides detected in more than half of
the samples for at least one of the six subtypes and generated a 150 × 45,006 matrix containing log2

fold-changes of the 45,006 phosphopeptides measured in 150 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 of its substrates as those in the databases; and 2) we performed
GSEA18 for the selected phosphopeptides in the sample, comparing them with the other
phosphopeptides. The 2nd step was performed only when the number of selected phosphopeptides was
≥ 5. Normalised enrichment scores (NESs) from this procedure were included in a 173 × 150 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 150 samples, 1,000 times. For a kinase, we computed an
adjusted p-value for the subtype using a right-sided test for its observed t-statistic value using empirical
distribution. Finally, we selected the kinases that were predominantly activated in each subtype as those
with p-values ≤ 0.01 and fraction of samples with GSEA p-values < 0.05 as larger than 0.25.

 

Identi�cation of pan-omics signatures for proteogenomic strati�cation

We identi�ed the genes that harboured somatic mutations predominantly in each tumour subtype (TS)
using the hypergeometric test (P < 0.05 and sample enrichment > two-fold): 19 genes for TS1, 3 genes for
TS2, 4 genes for TS3, and 4 genes for TS4. Next, we identi�ed mRNAs, proteins, and phosphopeptides
that were predominantly up-regulated in TS1–4. For each molecule, we compared the log2 fold-changes
in the samples belonging to each TS with those in the samples belonging to the other TS using the same
statistical testing method and cut-offs used to identify molecular subtype signatures (e.g. rna1–3). We
used an additional cut-off, t-test p-value < 0.05. The cellular pathways represented by these molecular
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signatures for each TS were identi�ed as those with p < 0.05 and number of molecules involved in the
pathway ≥ 3, using ConsensusPathDB14.
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