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Statistical Validation of Database Search 
Results



Outline

High throughput MS/MS-based proteomics

Peptide identification and validation
• p-value, expectation value
• Probabilities, error rates

Protein Identification
• error rate inflation (due to non-random peptide 

grouping)
• protein inference problem (degenerate peptides)



peptide
grouping,
validation

enzymatic
digestion

database 
search,

validation
Tandem mass
spectrometry

protein 
sample

MS/MS spectra

A

peptide 
mixture

peptide 
identifications

protein 
identifications

B C D A B C
Protein
level

Peptide
level

MS/MS spectrum
level

Shotgun Protein Identification

experim
ental co

m
pu

ta
tio

na
l



peptide
grouping,
validation

enzymatic
digestion

database 
search,

validation
Tandem mass
spectrometry

protein 
sample

MS/MS spectra

A

peptide 
mixture

peptide 
identifications

protein 
identifications

B C D A B C
Protein
level

Peptide
level

MS/MS spectrum
level

Shotgun Protein Identification



MS/MS Database Search

Acquired MS/MS 
spectrum

Sequence Database

Algorithms: SEQUEST, Mascot, Sonar, SpectrumMill, …

ISLLDAQSAPLR
VVEELCPTPEGK
DLLLQWCWENGK
ECDVVSNTIIAEK
GDAVFVIDALNR
VPTPNVSVVDLTNR
SYLFCMENSAEK
PEQSDLRSWTAK

200 400 600 80010001200
m/zm/z

200 400 600 800 1000 1200
m/zm/z

correlate

similarity score

Theoretical spectrum

best matching database peptide can be correct or
incorrect identification

best matching database peptide



Validation of Peptide Identifications

thousands of    
spectra 

which peptide 
identification are 
correct?

how to filter data?

spectrum scores        protein  peptide

output from 
MS/MS database 
search algorithms
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incorrect

“correct” 

SEQUEST:
Xcorr > 2.0
∆Cn > 0.1

MASCOT:
Ion Score > 30

Threshold Model



Threshold Model:
Bad Discrimination and Inconsistency

Sensitivity:
fraction of all 
correct results
passing filter

Error Rate:
fraction of all
results passing
filter that are
incorrect

Ideal Spot

SEQUEST thresholds
(from literature)

test data (18 proteins): OMICS 6(2), 207 (2002)



Difficulties in Interpreting Peptide 
Identifications based on MS/MS

Applies to both SEQUEST and Mascot (as it is 
used in practice) and, to large degree, to more 
recent tools

• No ‘useful’ measures of confidence

(Mascot: ‘identity threshold’ guideline is not practical and 
rarely used)

• Different criteria used to filter data

• Unknown and variable false positive error rates



Just as assignment of quality scores to each base Just as assignment of quality scores to each base 
in DNA sequencing was essential for the genome in DNA sequencing was essential for the genome 

sequencing programs, statistical models for sequencing programs, statistical models for 
estimating the accuracy of peptide and protein estimating the accuracy of peptide and protein 

identifications are crucial for the success of high identifications are crucial for the success of high 
throughput  proteomicsthroughput  proteomics



Statistical Validation

p-values or expectation values

used, e.g.,  in sequence similarity searching

Probabilities (Bayes)

based on the ratio of two distributions (correct and 
incorrect) derived from the data (entire dataset)

used, e.g.,  in information retrieval (relevant vs. non-
relevant documents)   



Expectation Values (empirical model)

m/zm/z

Spectrum

Rank Peptide Score
1  ISLLDAQSAPLR   4.5
2  VVEELCTPEGK 2.1
3  DLLLQWCWENGK   2.0
4  ECDVVSNTIIAEK  1.9
5  GDAVFVIDALNR   1.7
6  VPTPNVSVVTNR   1.6
7  SYLFCMEAEK     1.6
8  PEQSDLRSWTAK   1.5

...

Database

ISLLDAQSAPLR
VVEELCPTPEGK
DLLLQWCWENGK
ECDVVSNTIIAEK
GDAVFVIDALNR
VPTPNVSVVDTNR
SYLFCMENSAEK
PEQSDLRSWTAK

p
10-5

0.11
0.23
0.52
0.72
0.86
0.86
0.94
…

top hit
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N peptides Fenyo & Beavis Anal. Chem. (2003)

SEQUEST Xcor score



Expectation Values (explicit model)

m/zm/z

Spectrum Database

ISLLDAQSAPLR
VVEELCPTPEGK
DLLLQWCWENGK
ECDVVSNTIIAEK
GDAVFVIDALNR
VPTPNVSVVDTNR
SYLFCMENSAEK
PEQSDLRSWTAK
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probability to get score 
s ≥ sm by chance

expected number of
random matches
with s ≥sm

Sadygov & Yates Anal. Chem. (2003)
Geer et al. J. Proteome Res. (2004)
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s: number of matched peaks



Expectation Values (or p-values): 
Limitations

1. P-values or E-values are not well suited for the analysis 
of large-scale datasets (do not allow estimation of error 
rates as a function of filtering threshold)   

see, e.g., recent papers by Tsibshirani and others on the subject 
of p -values vs. False Discovery Rate (FDR) approach

2. Difficult to take advantage of other useful information 
(e.g., number of missed cleavages, peptide retention 
time)

3.   Need to compute protein probabilities by combining 
probabilities of peptides corresponding to the same 
protein. Whether peptide expectation values can be used 
for that purpose is not clear  



Modeling Large-Scale Datasets

spectra 

Spectrum Peptide Score 

1  ISLLDAQSAPLR     4.5
2  VVEELCTPEGK 3.9
3  DLLLQWCWENGK     1.2
4  ECDVVSNTIIAEK    0.9
5  GDAVFVIDALNR     3.6

…
M  SYLFCMEAEK       1.1

Database

ISLLDAQSAPLR
VVEELCPTPEGK
DLLLQWCWENGK
ECDVVSNTIIAEK
GDAVFVIDALNR
VPTPNVSVVDTNR
SYLFCMENSAEK
PEQSDLRSWTAK

1

2

3

4

5

M

entire dataset, M spectra
(1 or more LC/MS/MS runs)

best match
to each spectrum

raw score
E value
p-value

…



Statistical Model for Computing 
Peptide Probabilities (PeptideProphet)

entire dataset:

A. Keller, A.I. Nesvizhskii, E. Kolker, R. Aebersold  Anal. Chem. 74, 5383 (2002)

Spectrum Peptide Score 

1  ISLLDAQSAPLR   4.5
2  VVEELCTPEGK 3.9
3  DLLLQWCWENGK   1.2
4  ECDVVSNTIIAEK  0.9
5  GDAVFVIDALNR   3.6

…
M  SYLFCMEAEK     1.1

best match
scorespectrum



Statistical Model for Computing 
Peptide Probabilities (PeptideProphet)

entire dataset:

Spectrum Peptide Score 

1  ISLLDAQSAPLR   4.5
2  VVEELCTPEGK 3.9
3  DLLLQWCWENGK   1.2
4  ECDVVSNTIIAEK  0.9
5  GDAVFVIDALNR   3.6

…
M  SYLFCMEAEK     1.1

1.00
0.99
0.11
0.00
0.87
…
0.02

EM mixture model algorithm learns the most likely distributions 
among correct and incorrect peptide assignments given the 
observed data

‘unsupervised clustering’

incorrect ---

correct ---

probability



Illustration: Assigning Probabilities to 
Mascot Search Results

H. Influenzae, membrane fraction, 15 LC/MS/MS
runs  (~30,000 spectra)

incorrect ---
extreme value dist

correct  --- Gaussian

distributions are
learned from the
data

To address a common
misunderstanding:

distribution parameters
ARE NOT determined using
a control dataset of 18 proteins,
or any other training dataset
for that matter. They are
learned from each analyzed
dataset anew using the 
EM mixture model algorithm      

Mascot score →probability

conversion of Mascot search
scores into probabilities

identity
threshold



Accuracy of Learned Distributions
and Computed Probabilities

H. Influenzae, membrane fraction, 15 LC/MS/MS runs
~30,000 spectra

database searched:

Human

H. Influenzae

size ratio: ~ 20:1

For those familiar with “reverse
database search” approach:
This is an equivalent of appending
20 randomized databases
of equal size. 

Method is accurate

dashes: model
solid: observed 

ideal

model



Estimation of False Positive Error Rates 

Use model predictions to
achieve desired balance
between sensitivity and the
error rates 

Computed probabilities
allow to estimate
sensitivity and false 
positive error rate, e.g.
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no need to do “reverse database searching” 
to estimate the error rates



Information Useful for Validation 
database search scores

+
peptide sequence properties:
• number of tryptic termini 
• mass accuracy 
• number of missed cleavages
• presence of  a specific a.a. (C if ICAT) 
• presence of a specific sequence motif (NxS/T)

peptide separation coordinates:
• elution time  (reverse-phase LC)
• pI value        (isoelectric focusing)

PeptideProphet statistical model can use all
this information → method is more discriminative



PeptideProphet

hard to compare 
datasets, unknown
error rates

easy comparison
quality control,
known error rates

peptide identifications
with accurate probabilities

LCQ TOF-TOF Q-TOF
SEQUEST MASCOT

Also: different
sample preparation
sample complexity
quality of spectra

PeptideProphet Software

download from  www.proteomecenter.org



PeptideAtlas: High Throughput Pipeline



Protein IdentificationProtein Identification
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Protein Identification

>sp|P02754|LACB_BOVIN BETA-LACTOGLOBULIN PRECURSOR (BETA-LG) 
(ALLERGEN BOS D 5) - Bos taurus (Bovine).

MKCLLLALALTCGAQALIVTQTMKGLDIQKVAGTWYSLAMAASDISLLDAQSA
PLRVYVEELKPTPEGDLEILLQKWENGECAQKKIIAEKTKIPAVFKIDALNENKL
VLDTDYKKYLLFCMENSAEPEQSLACQCLVRTPEVDDEALEKFDKALKALPMH
IRLSFNPTQLEEQCHI

TPEVDDEALEK  : p = 0.96PTPEGDLEILLQK : p = 0.83

LSFNPTQLEEQCHI : p = 0.65

ProteinProphet combines probabilities of peptides assigned to 
MS/MS spectra to compute accurate probabilities that 
corresponding proteins are present?

sp|P02754|LACB_BOVIN
Probability = ???



Issues for Protein Identification

• Peptides corresponding to ‘single-hit’ proteins are less 
likely to be correct than those corresponding to ‘multi-
hit’ proteins

• Many peptides are present in more than a single protein 
(isoforms, homologous proteins etc.)

A. I. Nesvizhskii et al., Anal. Chem. 75, 4646-4658 (2003)
A. I. Nesvizhskii & R. Aebersold Drug Discov Today 9, 

173-81 (2004)



Amplification of False Positive Error 
Rates from Peptide to Protein Level

Prot A
Peptide 1

Peptide 2

Prot BPeptide 3

Peptide 4

Peptide 5

10 peptides Proteins in the database

Prot C

X2X1

in the sample

not in the
sample

Peptide 6

Peptide 7

Peptide 8

Peptide 9

Peptide10

+

+
+

+

+

8
correct

(+)

+

+

error rate 20%
(peptide level)

error rate 40%
(protein level)

+
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Control Datasets:
1 Halobacterium vs. Halo+Human (4 runs)
2 Halobacterium vs. Halo+Human (45 runs)
3 18 purified proteins vs. 18+Human (22 runs)

Protein ID False Positive Rates: 
ProteinProphet vs. Score Thresholds

# spectra / protein

Washburn et al., 2001

Tirumalai et al., 2003

ProteinProphet

Keep acquiring
data and you will
“identify” 
everything in the
database!



Protein Inference Problem

Prot A
Peptide

Prot B

protein A or protein B ??
Or both?

Degenerate peptides are more prevalent with databases 
of higher eukaryotes due to the presence of:

related protein family members
alternative splice forms
partial sequences

Degenerate peptides: correspond to more than a single entry
in protein database

In shotgun proteomics the
connectivity between peptides
and proteins is lost



GAGGLR HYFEDR

Protein mixture

Peptide mixture

MS/MS spectra

pI
MW

GAGGLR HYFEDRAEMK

A B

A

A B

B

GAGGLR HYFEDRAEMK

A B

B?

Peptide sequences

Implicated database
proteins

Identified proteins

peptide mixture separation
MS/MS sequencing

peptide identification

peptide grouping

protein inference

Separated proteins

protein  digestion

2D Gel-based Approach Shotgun Approach

protein mixture separation

vs.
A

B

A

B



IsoformsIsoforms

MESSPFNRRQWTSLSLRVTAKELSLVNKNKSSAIVEIFSKYQKAAEETNMEKKRSNTENLSQHFRKGTLTVLKKKWENP
GLGAESHTDSLRNSSTEIRHRADHPPAEVTSHAASGAKADQEEQIHPRSRLRSPPEALVQGRYPHIKDGEDLKDHSTES
KKMENCLGESRHEVEKSEISENTDASGKIEKYNVPLNRLKMMFEKGEPTQTKILRAQSRSASGRKISENSYSLDDLEIG
PGQLSSSTFDSEKNESRRNLELPRLSETSIKDRMAKYQAAVSKQSSSTNYTNELKASGGEIKIHKMEQKENVPPGPEVC
ITHQEGEKISANENSLAVRSTPAEDDSRDSQVKSEVQQPVHPKPLSPDSRASSLSESSPPKAMKKFQAPARETCVECQK
TVYPMERLLANQQVFHISCFRCSYCNNKLSLGTYASLHGRIYCKPHFNQLFKSKGNYDEGFGHRPHKDLWASKNENEEI
LERPAQLANARETPHSPGVEDAPIAKVGVLAASMEAKASSQQEKEDKPAETKKLRIAWPPPTELGSSGSALEEGIKMSK
PKWPPEDEISKPEVPEDVDLDLKKLRRSSSLKERSRPFTVAASFQSTSVKSPKTVSPPIRKGWSMSEQSEESVGGRVAE
RKQVENAKASKKNGNVGKTTWQNKESKGETGKRSKEGHSLEMENENLVENGADSDEDDNSFLKQQSPQEPKSLNWSSFVD
NTFAEEFTTQNQKSQDVELWEGEVVKELSVEEQIKRNRYYDEDEDEE

>IPI:IPI00220465 Splice isoform Alpha of Q9UHB6 Epithelial
protein lost in neoplasm

Q9UHB6-1 (isoform Beta)Gene: EPLIN location: 12q13 

9 101 2 3 4 5 6

missing in Q9UHB6-1(isoform Alpha)

missing in Q9UHB6-3(isoform 3) 



Gene families (paralogues)

peptides

1 TIGGGDDSFNTFFSETGAGK
2 AVFVDLEPTVIDEVR
3 QLFHPEQLITGKEDAANNYAR
4 NLDIERPTYTNLNR

9 VGINYQPPTVVPGGDLAK
10 AVCMLSNTTAIAEAWAR
11 LDHKFDLMYAK

alpha-8

alpha-6

alpha-4

alpha-3

alpha-2 (2)

alpha-2 (1)

alpha-1

Q9NY65

Q9BQE3

P05215

NP_006000

Q13748-2 

Q13748-1

P05209 

1110987654321

MRECISIHVGQAGVQIGNACWELYCLEHGIQPDGQMPSDKTIGGGDDSFNTFFSETGAGKHVPRAVFVDLEPTVIDEVRTGTYRQLFHPEQ
LITGKEDAANNYARGHYTIGKEIIDLVLDRIRKLADQCTGLQGFLVFHSFGGGTGSGFTSLLMERLSVDYGKKSKLEFSIYPAPQVSTAVV
EPYNSILTTHTTLEHSDCAFMVDNEAIYDICRRNLDIERPTYTNLNRLISQIVSSITASLRFDGALNVDLTEFQTNLVPYPRIHFPLATYA
PVISAEKAYHEQLSVAEITNACFEPANQMVKCDPRHGKYMACCLLYRGDVVPKDVNAAIATIKTKRSIQFVDWCPTGFKVGINYQPPTVVP
GGDLAKVQRAVCMLSNTTAIAEAWARLDHKFDLMYAKRAFVHWYVGEGMEEGEFSEAREDMAALEKDYEEVGVDSVEGEGEEEGEEY

>IPI00387144 IPI:IPI00387144.2|SWISS-PROT:P05209 Tubulin alpha-1 chain

p
r
o
t
e
i
ns

5 IHFPLATYAPVISAEK
6 AYHEQLSVAEITNACFEPANQMVK
7 YMACCLLYR
8 SIQFVDWCPTGFK

C Tubulin-alpha protein family 



Mature Protein Forms

A
>IPI00019906.1|UniProt/Swiss-Prot:P35613 Basigin precursor

MAAALFVLLGFALLGTHGASGAAGTVFTTVEDLGSKILLTCSLNDSATEVTGHRWLKGGVVLKEDALPGQKTEFKVDSDDQWGEYSCVFL
PEPMGTANIQLHGPPRVKAVKSSEHINEGETAMLVCKSESVPPVTDWAWYKITDSEDKALMNGSESRFFVSSSQGRSELHIENLNMEADP
GQYRCNGTSSKGSDQAIITLRVRSHLAALWPFLGIVAEVLVLVTIIFIYEKRRKPEDVLDDDDAGSAPLKSSGQHQNDKGKNVRQRNSS

signal peptide

signal peptide removed



Protein Inference using ProteinProphet 

• Peptides corresponding to ‘single-hit’ proteins are less 
likely to be correct than those corresponding to ‘multi-
hit’ proteins

ProteinProphet learn from the data itself  by how much 
peptide probabilities should be adjusted to reflect this protein
grouping information 

• Many peptides are present in more than a single protein 
(isoforms, homologous proteins etc.)

ProteinProphet resolves ambiguous  cases (when possible) 
and presents the list of protein identifications  in a convenient 
“biologist-friendly”  format 

A. I. Nesvizhskii et al., Anal. Chem. 75, 4646-4658 (2003)



Publishing Large-Scale Datasets: Example

P. Von Haller et al. Molecular & Cellular Proteomics (2003)



Conclusions
consistent and transparent analysis;
reduce if not eliminate need for manual validation 

need to make tools available (and published)!

known error rates → comparison between 
different experiments becomes possible 

facilitates publishing large-scale datasets

• publish entire (minimally filtered) datasets
of protein and peptide identifications together with
statistically computed confidence measures

• provide access to raw data (e.g., MS/MS spectra) 



Publishing Large-scale Datasets

Molecular & Cellular Proteomics 3, 532-534 (2004)
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