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Why Proteogenomics?



Why Proteogenomics
● Mutational profiles is only one of the determinants of phenotype
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Why Proteogenomics
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Why Proteogenomics
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Sinha A. et al. Cancer Cell (2019)
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What do you need to do proteogenomics?



What you need for proteogenomics
● Proteomics Data

● Genomics Data

● Transcriptomics Data

● Other Data
○ Clinical annotation
○ Metabolomics
○ Cytometry
○ Hi-C

Sinha A. et al., Cancer Cell (2019)

● Patient sample
○ Tumour
○ Adjacent normal
○ Blood normal

● Cell line / Organoid
● Model organism
● PDX



Proteomics Data
● Shotgun proteomics

● Phosphoproteomics

● Targeted proteomics

~6,000 ✕ N



Genomics Data
● Targeted Sequencing

● Whole Exome Sequencing

● Whole Genome Sequencing

● Somatic or Germline
● Coding / Noncoding
● Driver Analysis

● Chromothripsis
● Kataegis
● Variant allele frequency
● Telomere length
● Mitochondrial mutations~20,000 ✕ N



Transcriptomic Data
● RNA Microarray

● RNA-sequencing

● Single-cell RNA-sequencing

~20,000 ✕ N

● Somatic coding SNVs, Indels
● Assembled transcripts
● Fusion genes
● Circular RNAs



Other Data
● Clinical annotation

● MicroRNA

● Metabolomics

● Epigenomics
○ DNA Methylation
○ Histone Acetylation

● Cytometry

● Hi-C



What do proteogenomics studies do?



Omics Integration

N = ~100s patients

Genomics Transcriptomics Proteomics

~20,000 ✕ N~20,000 ✕ N ~7,000 ✕ N



Transcriptome Proteome Correlation
● Within-sample correlation by gene

● Across-sample correlation by gene

● Spearman correlation + FDR



Results from Transcriptome Proteome Correlation

Zhang, B. et al. Nature (2014)



Results from Transcriptome Proteome Correlation

Zhang, B. et al. Nature (2014)



Copy Number Cis Trans Effects
● Correlate copy number changes with mRNA and protein abundance

● Genes directly affected by the CNA

OR

● Genes indirectly affected by the CNA



Results from Copy Number Cis Trans Effects

Zhang, B. et al. Nature (2014)



Results from Copy Number Cis Trans Effects

Zhang, B. et al. Nature (2014)



Proteogenomics patient subtyping
● Cluster patients based on proteomics profiles

● Compare to established genomic / transcriptomic based clusters



Results from Proteogenomics patient subtyping

Zhang, B. et al. Nature (2014)



Results from Proteogenomics patient subtyping

Zhang, B. et al. Nature (2014)



Cancer Associated Expression Changes
● Differential expression analysis of mRNA and protein abundance

● Between tumour tissue and adjacent normal tissue



Results from Cancer Associated Changes

Vasaikar, S. et al., Cell (2019)



Custom Database Construction

Nesvizhskii, Nature Methods (2014)



Why Custom Database

Nesvizhskii, Journal of Proteomics (2010)



Why Custom Database

Nesvizhskii, Nature Methods (2014)



Why Custom Database

Alfaro et al., Nature Methods (2014)



Custom Database Construction

● Somatic SNV
● Germline SNV

● Indels
● Splice variants

● SNVs
● Indels

● Alternative transcripts
● Noncoding transcripts
●

Nesvizhskii, Nature Methods (2014)



Tools for Custom Database Construction

● customProDB

● QUILTS



Mutant Peptide Database Creation

K R

Missense DNA 
Mutation

Altered  Amino Acid 
Sequence

Mutant Peptide 
Sequence

TATTTTTCAGAAAATGTCAAGACAGCA

TATTTCTCAGAAATTGTCAAGACAGCA

… YFSENVKTA … YFSENVK

YFSEIVKTA

K TA…       R

… YFSEIVKTA …
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Results from SNV Search

Zhang, B. et al. Nature (2014)



SNV Impact
Impact = (Exp - Mediannon-mutant) / MADnon-mutant

Zhang, B. et al. Nature (2014)



Novel Peptide Database Creation

pseudogene

retained intron

lincRNA 

circular
RNA

Non-Coding 
Transcripts

Transcriptome 
RNA-seq

Open Reading Frames

Junction Spanning 
ORFs
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R
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K
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Junction Spanning Peptide 
Sequence

R
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Type of peptides

Nesvizhskii, Nature Methods (2014)



Personal Novel Peptides Search Results

Known 
Non-coding 
Transcripts

~791,528 
Proteins / 
Patient

Matching Spectra

Detected Unique Proteins

Detected Non-Coding Transcript

~317 
spectra

~142 non-coding 
transcript derived 
proteins

~132 non-coding 
transcripts
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Prostate Cancer Associated Transcript-14

Transcript levels of 
• PCAT14-202
• PCAT14-203

are univariately predictive of 
biochemical recurrence

PCAT14-203 : 370-975

MGQTESKYASYLSFIKILLRRGGVRASTENLITLFQTIEQFCPWF

PEQGTLDLKDWEKIGKELKQANREGKIIPLTVWNDWAIIKA
TLEPFQTGEDIVSVSDAPKSCVTDCEEEAGTESQ
QGTESSHCKYVAESVMAQSTQNVDYSQLQEIIYPESSKLGEG
GPESLGPSEPKPRSPSTPPPVVQMPVTLQPQTQVRQAQTP

White et al., European Urology (2017)
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Target Decoy Database Search 

Peptide 
Detection

K

R

K

R

K

K

Target Peptide 
Sequence

K

R

K

R

K

K

Decoy Peptide 
Sequence

MSLVLNDLLICCR

CCILLDNLVLSMR

 

Select (t) 
corresponding 
to FDR = 0.01
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FDR Correction 



Break!

Questions?



What gets sweeped under the rug?



Which samples goes into the analysis
● XX number of proteins detected

● Protein abundance distributions similar to other samples

● Normal / Tumour contamination

● Expected genomic / transcriptomic features

“Extensive analyses concluded that 28 of the 105 samples were compromised 

by protein degradation. “



How to deal with technical replicates
● Binary measurement: protein detected in any replicate

● Abundance measurement: average ignoring zero



Which genes goes into the analysis
● Protein detected in >XX% of samples

OR

● Protein detected with minimal average of X



Copy Number of a Gene
● Copy Number assigned to 1Mbp bins

● Copy Number assigned to each nucleotide base

● Gene completely overlapping copy number aberration region

● Partial overlap with gene



Data Missingness
● Proteomics data is notorious for having missing values



Level of Missingness
● 7054 protein groups

● 6924 protein coding genes

● 3,397 in all 76 patients



Types of Missingness
● MCAR: missing completely at random

● MAR: missing at random

● MNAR: missing not at random



Sources of Missingness
● MCAR = MAR

○ Stochastic fluctuations, not dependent on abundance
○ Protein present but not detected / incorrectly detected

● MNAR: missing not at random
○ Left-censored: protein present but below instrument detection limits
○ Negative correlation between missingness and peptide abundance

● MCAR / MNAR = ???



Types of Imputation Algorithms
● Single digit replacement

○ Mean - not recommended
○ Minimum
○ Probabilistic minimum

● Imputing around the limit of detection
○ Underestimate biological variation
○ More suitable for values Missing Not At Random



Types of Imputation Algorithms
● Impute by local structure

○ K-nearest neighbors
○ local least squares (LLS)
○ Maximum Likelihood estimation
○ Single value deposition

● Impute by Global structure
○ Probabilistic PCA
○ Bayesian PCA
○ Single value deposition

● More suitable for Missing At Random data
○ In general cases work better than the previous class



General Guidelines
● Impute at the peptide level

○ Aggregative to the protein level has implement imputation rules

● If don’t know about MCAR / MNAR ratio
○ Use MCAR suitable methods

● Could consider hybrid strategies



Where to find proteogenomics datasets for fun? 



CPTAC
The National Cancer Institute’s Clinical Proteomic Tumor Analysis Consortium 

(CPTAC) is a national effort to accelerate the understanding of the molecular 

basis of cancer through the application of large-scale proteome and genome 

analysis, or proteogenomics.



CPTAC Data Portal
https://proteomics.cancer.gov/data-portal



CPTAC Data Portal
https://cptac-data-portal.georgetown.edu/cptacPublic/



CPTAC Data Portal



CPTAC Data Portal



Clinical



Proteomics



Genomics



Genomics



Imaging



Imaging



Thank you

Lydia Liu

lydia.liu@mail.utoronto.ca



Appendix



For More on Proteomics
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https://mbp-tech-talks.github.io/2019-2020/04-intro-proteomic
s/intro-proteomics_amanda-khoo.pdf

https://mbp-tech-talks.github.io/2019-2020/04-intro-proteomics/intro-proteomics_amanda-khoo.pdf
https://mbp-tech-talks.github.io/2019-2020/04-intro-proteomics/intro-proteomics_amanda-khoo.pdf

