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Brief Overview of Computational Mass

Spectrometry




Proteins

A Essential in biological
processes

A Dynamic, hard to analyze

A Proteomics: large-scale
study of proteins

A Mass spectrometry: leading
technology in proteomics




Mass Spectrometry
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Peptide Identification

I

A Given a MS/MS spectrum, find the peptide from
which the spectrum was derived.
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Database Search

Protein Sequence Database
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A Given a spectrum, find the closest peptide in the protein
sequence database.

A A method to score a peptide and spectrum match is
required.

A SEQUEST (Eng et al., JASMS 1994), Mascot (Perkins et
al., Electrophoresis 1999) and X!Tandem (Craig and
Beavis, Bioinformatics 2004) are widely used.




De Novo Sequencing

All possible peptides

>Seql
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A Reconstruct the peptide, directly from the spectrum.

A Equivalent to matching (scoring) the spectrum
against all peptides.



De Novo vs. Database Search

Database
Search

d

Database of
known peptides

MDERHILNM, KLQWVCSDL,
PTYWASDL, ENQIKRSACVM,
TLACHGGEM, NGALPQWRT,
HLLERTKMNVV, GGPASSDA,
GGLITGMQSD, MQPLMNWE,

ARKKNMNRRT  AAG EILTHK,
HEWAILF, GHNLWAMNAC,

GVFGSVLRA, EKLNKAATYIN..

WHO IS FASTER?

\ AVGELTK ,

De Novo:
transforming the
spectrum into the
spectrum graph




De Novo vs. Database Search: A Paradox

A The database of al I"npgptelgsofi des i s ht

length n (1013 even for short peptides of length 10 aa)

A The database of all knowmh® pepti des

peptides

A However, de novo algorithms are orders
of magnitude FASTER, even though
their search space is much LARGER!

A De novo eliminates the time-consuming scan of the
database of known peptides by modeling the problem
as the longest path problem in the spectrum graph .




Database Search vs De Novo Sequencing

A Which is better?

I Accuracy? 99% (database searchis 30-45% (denovo)

I Novel peptides? De novo sequencing
| Speed? De novo sequencing

We will focus on the database search!



Analyzing Tandem Mass Spectra

How to Explore Candidate Peptides?

Enumerating all peptides in the database (e.g. SEQUEST)?
Multi-pass searches (e.g. X!Tandem, Mascot)
Tag based searches (e.g. InsPecT, GutenTag, Paragon, MOD')

Spectrum Graph (most de novo sequencing tools)
Amino Acid Graph (e.g. PEAKS, MSNovo, MS-Dictionary)

How to Score Peptide-Spectrum Matches (PSMs)?

Cross correlation, Probability-based scoring functions, Feature
selection and SVM | earnji ng,

We will focus on the scoring!

Tabb et al., Anal. Chem. 2003; Tanner et al., Anal. Chem. 200Shilovet al., MCP 2007;
Na et al., MCP 2008; Ma et al., RCMS 2003: Mo et al., JPR 2009: Kim et al., MCP 20C



Scoring PSMs for Database Search

What is an appropriate scoring function
for database search?

Score(good peptide) > Score(bad peptide)
(1) (In a single spectrum,)

If PSM1 is a better match than PSM2, Score(PSM1) > Score(PSM2).
(2) (Across multiple spectra, normalization )

A Example

I 10,000 spectra (only 2,000 spectra have a correct peptide in the
database)

I Suppose a scoring function, perfect for (1) and crappy for (2)
I How can the 2,000 correct PSMs and 8,000 incorrect PSMs be

distinguished?
Assigning statistical significance or error rates
can be a solution to the problem (2).



Statistical Significance of PSMs

DNLGI F E A QK
ST . Xcorr: 2.5, DelCn: 0.1
VS

E-value: 0.001
Prob(Correct): 0.98

A Which is better?
.  SEQUEST Xcorr 3.4 vs Mascot ion score 42
1. OMSSA E-value 0.6 vs Mascot E-value 0.02

A Most database search tools now report
statistical significance or error rates.



Existing Approaches to Assigning

Statistical Significance / Error Rates to

Peptide-Spectrum Matches



Statistical Significance

A Wikipedia definition
I In statistics, a result is called statistically
significant if it is unlikely to have occurred by
chance.
A What is the probability (or expectation) that
the observed data or more extreme data will
happen under the null hypothesis.




Spectrum-specific Stat. Sig. Approximation

A For each spectrum, record match scores of peptides in
the database and draw the histogram.

A Fit the histogram into a (pre-defined) known distribution.

E-value

X!Tandem Fenyoet al. , Anal. Chem., ZOOSCVGumbeIdistribution

OMSSA: Geer et al., J. Proteome Res., 2004 Poisson distribution
PepProbe Sadygovet al., Anal. Chem., 2003C Hypergeometricdistribution
RAId_DDbSAlveset al., Biology Direct, 2007C Custom distribution

Crux: Park et al., J. Proteome Res., 2008 Weibull distribution



Pros and Cons

Pros Cons
A No extra computational cost. A Unclear how to determine the
A Using spectrum-specific ”__U” model | |
distribution: no need for further I Not all scoring function can be
normalization across different used. i xransen
spectra. A Ofteninaccurate &
i E.g. E-value(PSM1)=0.6, E- A Often slow
value(PSM2)=0.004 C PSM2 i Filtering method may not be
Is better than PSM1 applicable

A Requires large number of
database matches
I Inappropriate for high
accuracy spectra, small
databases

T Scores are database-
dependent



Post-processing PSMs: PeptideProphet

A Compute a discriminant score for each PSM (reported by
another tool) using multiple features.

A Bundle PSMs and draw the histogram of scores.

A Fit the histogram into two distributions (one for false and
one for true) using Expectation-Maximization algorithm.
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PeptideProphet Keller etal., Anal. Chem.,2002; Choiet al., J. Proteome Res., 2008



Pros and Cons

Pros
A Returns more PSMs

1200 -

1000 - probability-based
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FDR
A Can use of extra features
unavailable to database
search tools (e.g. distribution
of correct PSMs).

cons

A

Unclear how to determine the
two distributions
T Different distributions are used

depending on the database
search tools.

Discriminant scores are not
perfectly normalized.

Cannot be used as a stand-
alone tool.

Requires large number of
PSMs

I Inappropriate low-throughput
experiments.



Post-processing PSMs: Percolator

A Extract multiple features from PSMs reported by other
database search tools.

A Provide the target and decoy database (a randomized
protein database) to the tool.

A Iteratively adjust weights of features to maximize the
number of peptides matched to the target database at a
target false discovery rate (FDR) using SVM.

Percolator: Kall et al., Nat. Methods, 2007



Pros and Cons

Pros
A Returns more PSMs
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InzPecT+Percolator
— InsPecT
SEQUEST
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g-value

MNumber of peptide-spectrum matches identified
|

A Can use of extra features
unavailable to database
search tools

cons

A

Comparison using the number of
identifications at a certain FDR (Qg-
value) is unfair

I Scoring is optimized for this
Danger of over-fitting:
parameters are trained for
every data set

Scoring Is sensitive to the
decoy database

Cannot be used as a stand-alone
tool.

Requires large number of PSMs

I Inappropriate low-throughput
experiments.



Target Decoy Approach (TDA)

A Search the spectrum against target/decoy database

intensity

M/z

A Compute False Discovery Rate

alse

score=17A FDR=0.02

sepndad#

Elias andGygi Nat. Method, 2007;Kall et al., J Proteome Res., 2008€



Pros and Cons

Pros Cons

A Simple. A Not so simple.

A Can be applied to any ACandot be appl.i
methods. methods.

A Extra computational cost.



Controversy on TDA

A Generation P
I Reversed? Randomized? Markov Model?

bi3}

I Removing peptides shared by target and ... |..lowdly =
decoy? e v | D
I Should homeometric peptides be
removed? R
A Search

I Combined search? (Elias andGygi Nat. Method, 2007)
I Separate search? (Kalletal, JProteome Res., 2008)



Can TDA be Applied to All Tools?

A X1Tandem is not TDA-compliant
| Two-stage search

Filtering Underestimation of
d #Incorrect ids



The Generating Function Approach (MSGF)




Scoring All Peptides

Spectrum

All peptides

Score<7 Score=7 Score=8 Score=9Score=10



Score Histogram of All Peptides
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The generating function for the simplified peptide-spectrum score:
Score(Peptide,Spectrum) = #b/y ions in the Spectrum explained by the

Peptide Kim et al., JPR 2008



Peptide Identification: A Very Crowded Race
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MS-GF T New Scoring for Peptide -Spectrum Matches (PSM)
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MS-GF scoring for Peptide-Spectrum Matches:
score=total WEGHTED number of peptides in Terra Incognita (p-value of a PSM)

weight of a peptide of length n equals to (1/20)"



Statistical Significance of DB Matches

59840753 Scoring function: #b/y matches
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How to Compute the Generating Function?




Spectrum Graph

= Correct prefix
= Correct suffix
H = Spurious edge

source

Psink

137156 240284307371 455 474 6L \ass

A Vertex: every peak

A Edge: two vertices are connected iff their masses differ by
an amino acid mass

A Path: peptide



Amino Acid Graph

Amino acids
A: mass 2
B: mass 3

-y -y -y - -

L X d el - -

5 6 7 8 9

Source Sink

Mass:

A Vertex: every mass (cf. every peak, spectrum graph)

A Edge: two vertices are connected iff their masses differ
by an amino acid mass

A Every peptide has a corresponding path in the amino
acid graph.
A Proposed by Ma et al. (RPMS, 2003).

A PEAKS (Ma et al., RCMS 2003), MS-Novo (Mo et al.,
JPR 2007), MS-Dictionary (Kim et al., MCP 2009a)



De Novo Sequencing Using Graphs

Amino acids
A: mass 2
B: mass 3

Mass:

A All paths in amino acid graphs: all peptides

A Scores are embedded in vertices and/or edges, not
paths!

A Scoring function must be additive.

A The Longest Path Algorithm explores the
exponential number of paths in linear time.

A Time complexity: proportional to the size of the graph
(#edges)



Computing Score Distribution of

All Peptides

————- ———- ———- ———- ———- ———- i |

Amino acids ‘
X3 é) i' iﬂ 3

B: mass 3
NodeScore :
~..-———.E.'-l=—

A: mass 2 |
PR
- - _E-‘=_E-‘= L o e e

NodeScore
Score=0
Score=1

Score=2

Score=3 (/;
A Compute the score distribution of all peptides.

A Each node stores a score distribution instead of a maximum score.
A MS-GeneratingFunction (MS-GF)

Kim et al., JPR 2008



The MS GF Scoring Function

Making a scoring function for @iD{¥prssii spectra.



MS-GF scoring model

From Spectrum to Prefix Residue Mass (PRM) spectrum

Intensity

HIVEA R

\
412: missing

Prefix Residue Mass (PRM) : 428
"Prob  Prob Log likelihood ratio

lontypes Mass Rank | (lon) (Noise)| |Score
b 429 5 0.15 0.001 | 5.01

b+H 430 56 0.06 0.005]| 248

mass

PRM score at 428:

5.01+3.15+ -0.784+6.47+3.40

b-NH3 412  none |0.003 0.007 | -0.85 =18.6

y 814 2 0.58 B89E-4| 6.47
y+H 815 31 0.09 0.003 | 3.40
Pre-computed

Dancik et al., JCP 1999: Kimet al., MCP 2009&




Scoring Parameter Generation

Input:
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Output:

Scoring Parameter File




The Generating Function Approach

From peptide scores to p-values

= ] p-value
@ ¥ Histogram £
B Scoring = Generation &
£ I|III|III|IIIII|I 1 S | 1 | | a

Wass LH T I et e Mass Soore

} ! MS-GF
SCong
Spectrum

PRM spectrum Score histogram

A Computing the (spectrum-specific) score histogram of
all peptides!

A Peptide score (MS-GF score) E> P-value

Kim et al., JPR 2008



MS-GFDB CID/ETD

2 +
E ||||||‘||‘|||‘u|‘|l| ‘n E | III‘I|!||‘||””‘I‘II”‘”” Histogram
Mass Scoring Mass  Summing R Generation > p-value
CID Spectrum » PRM spectrum (CID) » : » ;ﬁ
£ ¥ g Mass e Soore
m A |
SR mn = o N R s Summed PRM spectrum Score histogram
ETD Spectrum PRM spectrum (ETD)

A Summing PRM spectra.

A Can be generalized to any number of spectra
from the same precursor.



MS-GF example

0006 MS-GF Viewer v20080903
File
SpecFile: .earch/Data/MSDicRevision/selectedShew(.mgf ::,» ScanNum: 11 ::,»
v K Q A H D L A A Y W
b ’ R LA A L o Hi LA | ] K
xgg'_ I Lo Lo S I
Z 441 I Lo Lo o I
g 33 I Lo Lo C I
E 7] R . | | |
= 119 . N Il.. I.._'.I arali i, J Wy al il i ]
100 200 300 400 500 600 700 800 a00 1000 10
ass(Da)
x10™
30 .
= 249 . .
= 18] Spectral Probability
E 124 . - .
=g . . DB
[ ] [ ] [ ] [ ] - [ ]
101 103 105 107 109 111 113 115 117 119 121 123

Raw score

Annotation: KVYAALDHAQR.T
Protein: 500424 pyruvate dehydrogenase complex, E1 component, pyruvate dehydrogenase (ace
Charge: 2

Raw score: 121

Energy: 2

Spectral probability: 7.812502E-14



MS-GF Performance




Are MS-GF P-values Reliable?
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Search in a 1000X larger database

E-value Expecte
d Hits

0.1
0.05
0.01
0.001
0.00001

100
50
10

1
0.01

InsPecT | InsPecT
Average | S.D.
205.4 328.6
125.5 268.6
77.5 210.3
7.8 28.1

0.4 1.7

12.4
4.0
1.4
0

0

24.3
11.4
9.6
0

0

105.6
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10.0
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0.01

XITandem | X!Tandem | MS-GF MS-GF
Average S.D. Average | S.D.

27.3
12.2
4.4
1.1
0.1



Discrimination Power of MS -GF

A MS-GF outperformed all MS/MS database
search tools we have tested so far.

A MS-GF identifies

I 20 ~ 30% more peptides from CID spectra of tryptic
peptides
I 10 ~ 160% more peptides from other types of spectra
(e.g. CID/Lys-N, ETD/Lys-C)
A MS-GF is a single code that is able to analyze
spectra from various types of instruments
(e.g., CID, ETD, or even CID+ETD pairs)
without a need to modify the code.
I Training of scoring parameters is fully automated

(based on a set of annotated PSMs) and does not
require human intervention.



MS-GF vs. Other Tools

Tool

Lys-N

MS-GF 7% mMC - aoon . . €
ISB ETD-LysC
SEQUEST Spectrum Type 200001 -
Trypsin @ .
g 14,000 [
c
()
8 8,000
SEQUEST+ SEE -
: E 6000 —MS-GFDB
PeptldeProphet Zz A OMSSA+SEQUEST+iProphet ||
OMSSA+ 4,000 ~ — — OMSSAiProphet
: 2000 T OMsSAEake
PeptideProphet | | ——sEauesT xeon
00 0.01 0.02 0.03 0.04 0.05

False discovery rate
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MS-GF on CCMS Server

& National Institutes National Center for —=_ Computer Science and Engineering

N of Health Research Resources ™= University of California, San Diego User: _pm: _
sems Center for Computational Mass Spectrometry onitheve a usemame? Segister
General Info | UCSD Proteomics | Future Tools | Demo | Contact

Tool Selection

Tool: @ InsPecT () MS-Alignment (O PepMovo ] M5-Cluster
Spectru fle:
Description:
Instrument: | gs)—|oN-TRAP Ei‘
Cysteine protecting group: | Carbamidemethylation (+57) I-H Protease: [Trypsin B‘ M E ; G F

Parent mass tolerance: 2 | Da between 0 and 2.5 lon tolerance: 0.5 Da between 0 and 1

p-values

Allowed Post-Translational Modifications

Maximal number of PTMs permitted in a single peptide : 1

Mass (Da) Residues: Type

[ Oxidation 15.9994 MW OPTIONAL

[ Lysine Methylation 14.0266 K OPTIONAL

[T Pyroglutamate Formation -17.0305 Q N-TERMINAL

[ Phosphorylation 79.9799 STY OPTIOMAL

] N-terminal carbamylation 43.0247 * MN-TERMINAL
(OFIXED
@OPTIONAL

(DC-TERMINAL
(ON-TERMINAL

More Options

Sequence database: | None i-ﬂ ] Include common contaminants




