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Amino Acids and Proteins

>[PI:1P100000005.1 Tax_Id=9606 Gene Symbol=NRAS GTPase NRas
MTEYKLVVVGAGGVGKSALTIQLIQNHFVDEYDPTIEDSYRKQVVIDGETCLLDILDTAG
QEEYSAMRDQYMRTGEGFLCVFAINNSKSFADINLYREQIKRVKDSDDVPMVLVGNKCDL
PTRTVDTKQAHELAKSYGIPFIETSAKTRQGVEDAFYTLVREIRQYRMKKLNSSDDGTQG
CMGLPCVVM

>[PI:1P100000115.1 Tax_Id=9606 Gene Symbol=CNIH4 Isoform 1 of Protein cornichon homolog 4
MEAVVFVFSLLDCCALIFLSVYFIITLSDLECDYINARSCCSKLNKWVIPELIGHTIVTV
LLLMSLHWFIFLLNLPVATWNIYRYIMVPSGNMGVFDPTEIHNRGQLKSHMKEAMIKLGF
HLLCFFMYLYSMILALIND
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Shotgun Proteomics: Protein/Peptide
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Database Searching

Predominant methodology for peptide ID from MS/MS

CandidatelPeptides
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Fact !!

< 30% of spectra are confidently assigned with
peptides

» Noise
» Variability

»Inadequate scoring systems



Computational Bottlenecks

» High volume and rate of data generation
. 24%7

= 200-400 ~ 3 spectra per day from moderate sized
labs

» Large protein databases: ~90 K protein sequences for
Humans

= Constrained searches:
e ~5-10 A 6 unique peptides in database
e ~10-20 ” 3 peptides per spectrum

" Unconstrained searches
e Over billion peptides



Context-Sensitive Peptide Identification
(CSPI) Framework Demystified

Grover et. al. (2012), OMICS (submitted for publication)

» Novel probabilistic framework

= Scalable and flexible

» Specific Goal: Model influence of peptide
physicochemical context on the observed
peak heights (intensities) in fragmentation
spectra
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CSPI Model Structure
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Input Layer: Peptide Physicochemical Context
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S-G-F-L-E+E-D-E-L-K

X; = {Xt,O' Xi 17 Xt 27 oee Xt,47}

Output Layer

:|' Hidden Layer



Matching A Peptide with Experimental Spectra
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Summary

L—K

Y1 = Ib/Y, t-1 Yi= Ib/y, t-1 Yie1 = Ib/y, t-1



Parameterization: Transition/Emission
Functions

1

S
1+ Eexp(w,fxt )
k=1
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where w! are the Logistic Regression weight vectors

Logistic Function

Emission Distrms

1.0 if =0
il g {P(@) if y,>0
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where P = {Exp(l), Be(a,8), N(u.0* )}



Parameter Estimation

» Parameters to estimate per CSPI model (4
hidden states):

» Over 700 (Logistic function weights, Emission
distribution parameters)

» Maximum Likelihood

» Generalized Expectation Maximization algorithm
(GEM)

20



Inference: Log-likelihood Ratio

» Score: Log Likelihood Ratio

CSPI_Score = log P(Spectrum intensities | PeptideSeq; ©,,...)

P(Spectrum intensities | PeptideSeq; © ;)

» Computed using Forward Procedure



Computational bottleneck

» Database searching

» Extract candidate peptides (sub-strings) for each
spectrum

» Candidate Peptides’ scoring
> 200-400 N 3 spectra * ~10-20 A 3 peptides
» CSPI:
» Increases performance but...

» takes ~5-8 seconds per spectrum to evaluate
candidates (under constrained searches)



Database Searching

» Mass-range query
» Amino acids (characters) have masses

> Goal:

» Search for sub-strings with a (roughly) specific
mass

» Naive Approach:

» Scan the protein database for each query



Indexed Database Searching

> Berkeley DB: key-value store
» Pre-compute
» Key: Mass of peptide
» Value: Location and length of peptide

» Multiple index files

» Time (per query): < 1 sec



Challenge

> Works well for constrained database
searches:

» Time to generate
» Size

> Issues with unconstrained searches

» Potential solution:
> Parallel generation and query

» Simple synchronization primitives and multiple
index files facilitates



Candidate Peptide Scoring

» Embarrassingly parallel

= For each spectrum, searching and scoring/
ranking is independent of others

» Utilize multiprocessing



Parallel Implementation
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Parallel Implementation

/ pectra

Protem Database Main (Parent) Process
(Index) , 1. Read and preprocess spectra
2. Query Protein Database

Put spectrum/candidates

FIFO Task (Input) Queue y on shared queue

1. i" spectrum
2. Candidates

Extract obj from queu Extract obj from queue Extract obj from queue
/ v
Child Process 1 Child Process 2 Child Process ‘N’
« Score and Rank « Score and Rank oo « Score and Rank
Put obi on queue Put obj on queue i Put obj on queue

2500

2000

[
ul
(=]
o

Spectra/hour
(=]
o
o
=1

500

Scored results
for i spectrum

| FIFO Results (Output) Queue

5 10 15

Number of Processors

20

25

xtract obj

from Queue

Output (Child) Process
» Werite results to file




Challenges and Potential Solutions

» Spectrum-level parallelization

» Candidate-level optimization can provide
further gains:
= Non-trivial:
e Careful profiling of individual steps
e |PC overhead vs. performance gain
— Protein Database Size
— Search Constraints



Conclusions and Future Work

Complex and computationally intensive algorithms

Collaborative efforts are required for robust analyses
(evidence combination)

» requires efficient processing
» better parameter estimates

Further efficiency improvements

Other applications:

» Time-series
 Gene-Expression + Protein-expression
* MicroRNA expression + Gene Expression
* Stimulus/Response
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