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We describe the protein search engine “ProFound”, which
employs a Bayesian algorithm to identify proteins from
protein databases using mass spectrometric peptide map-
ping data. The algorithm ranks protein candidates by
taking into account individual properties of each protein
in the database as well as other information relevant to
the peptide mapping experiment. The program consis-
tently identifies the correct protein(s) even when the data
quality is relatively low or when the sample consists of a
simple mixture of proteins. Illustrative examples of pro-
tein identifications are provided.

The rapid expansion of protein and DNA sequence databases
together with technological improvements in biological mass
spectrometry (MS) has made the combination of mass spectro-
metric peptide mapping with database searching1-5 a superb
method for rapid protein identification. The method (Figure 1)
involves cleavage of proteins with an enzyme having high
specificity (usually trypsin), whereupon the resulting proteolytic
products are subjected to analysis by either matrix-assisted laser
desorption/ionization mass spectrometry (MALDI-MS) or elec-
trospray ionization mass spectrometry (ESI-MS). Through the use
of an appropriate computer algorithm, the masses determined for
the proteolytic peptides are compared with masses calculated for
theoretically possible enzymatic cleavage products for every
sequence in a protein/DNA sequence database. The protein is
identified based on an evaluation of this comparison. This peptide
mapping method for protein identification is fast because the mass
spectra are rapidly collected (<1 min/spectrum for MALDI-time-
of-flight analysis) and because the analysis can be performed on
the same time scale. The method is relatively insensitive to
unspecified modifications and/or sequence errors in the database
because high-confidence identifications can be made even when
the mapping experiment yields information on only a small
percentage of the sequence.

Identification of proteins by the above-described approach
requires a scheme for determining the best match between the
experimental data and a sequence in the database. Existing
schemes for determining the best match include ranking by
number of matches1-4 and a scoring system based on the observed
frequency of peptides from all proteins in a database in a given
molecular weight range (the so-called “MOWSE score”5). When
the mass spectral data are incomplete (i.e., only a few peaks in
the spectrum) and/or of low mass accuracy, the “number-of-
matches” approach may be inadequate to make a useful identifica-
tion. While the MOWSE scoring scheme is much superior to the
number-of-matches approach, it does not take into account the
individual properties of any given protein. An optimal scoring
system requires that individual properties of each protein in the
database be considered.

In the present paper, we describe an expert system for
identifying proteins using MS peptide mapping data. The system
ranks protein candidates using a Bayesian algorithm that takes
into account individual properties of each protein in the database
as well as other information relevant to the experiment. Bayesian
probability theory has been widely used to make scientific
inference from incomplete information in various disciplines,
including biopolymer sequence alignment,6 NMR spectral analy-
sis,7 and radar target identification.8 When the system under study
is modeled properly, the Bayesian approach is believed to be
always among the most coherent, consistent, and efficient statisti-
cal methods.6-10 Here, we apply Bayesian probability theory to
make logical inference about the identity of an unknown protein
sample against a protein sequence database. The probability for
the sample protein to be a specific protein in the database is
calculated using the MS data as well as other background
information such as the mass range in which the protein is
expected to lie, identity of species from which the protein
originated, mass accuracy, enzyme cleavage chemistry, protein
sequence, previous experiments on the sample protein, etc. A first
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version of the algorithm was implemented in 199511 and made
publicly available over the World Wide Web as a protein
identification tool called ProFound (URL http://prowl.rockefeller-
.edu/cgi-bin/ProFound). Up until the present, the program has
been accessed >150 000 times, during which time we have had
extensive feedback from users and numerous requests for details
concerning the algorithm. The algorithm and the program have
been continually improved and extended to incorporate data from
multiple digestions, to utilize additional experimental information
concerning the amino acid content of individual peptides, and to
identify protein components in mixtures.12 In this paper, we
provide a detailed description of the current Bayesian algorithm
and the program together with examples illustrating its use for
protein identification.

METHODS
Algorithm. Every protein is specified by its particular linear

sequence of amino acids. One defining signature of a protein is
the set of masses of peptide fragments produced by cleavage of
the protein by an enzyme of high cleavage specificity. The problem
we seek to solve is to use the peptide masses obtained in such a
mass spectrometric peptide mapping experiment to identify a
protein from a protein sequence database.

Let k designate the hypothesis that “protein k is the protein
being analyzed”, where protein k is an entry in the protein
sequence database, D is the experimental data, and I is the
available background information (e.g., species from which the
protein originated, approximate molecular mass of the protein,
mass accuracy of the peptide mass measurement, enzyme cleav-
age chemistry, previous experiments on the sample protein, etc.).
Bayes’ probability theory and the maximum entropy principle8 are
applied to derive the probability for the hypothesis k given data
D and background information I (see Supporting Information).
In the derivation, the following assumptions are made: (1) the
protein being analyzed exists in the database; (2) all the detected
ion species are digestion products of the protein; (3) when a hit
(a match between a measured mass and a calculated theoretical
peptide mass within given mass accuracy) occurs, the measured
peptide is regarded as the theoretical peptide (i.e., the random
hit situation is not considered). The probability for each hypothesis
k given data D and background information I is given by (see

Supporting Information for the derivation)

with the normalization condition

The ranking of the candidate proteins is based on the values
determined for their probability P(k|DI). P(k|I) in eq 1 is the
probability for hypothesis k given only the background informa-
tion, I; N is the theoretical number of peptides generated by
fragmentation of protein k by the protease used in the study; r is
the number of hits (i.e., the number of matches between the
measured and calculated peptide masses); (mmax - mmin) is the
range of measured peptide masses; mi is the measured mass of
the ith hit, which has multiplicity of gi (i.e., the number of
theoretical peptides that match mi ); mij0 is the calculated mass
of the jth peptide in the ith hit; σi is the standard deviation of the
mass measurement at mass mi; and Fpattern is an empirical term,
which increases the probability when overlapping and/or adjacent
peptides are observed (see program description). For large N,
eq 1 can be approximated as,

Equation 3 is useful for interpreting the effect of the various terms
on P(k|DI).

Interpretation of the Probability P(k|DI). The Bayesian
probability is consistent with common sense. For any given protein
k in the database, the probability that protein k is the sample
protein increases with increasing number of hits r, increasing mass

(11) Zhang, W.; Chait, B. T. Proceedings of the 43rd ASMS Conference on Mass
Spectrometry and Allied Topics, Atlanta, GA, 1995; p 643.

(12) Zhang, W.; Chait, B. T. Proceedings of the 46th ASMS Conference on Mass
Spectrometry and Allied Topics, Orlando, FL, 1998; p 969.

Figure 1. Flowchart showing the procedure for mass spectrometric protein identification.
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accuracy (i.e., smaller σi and (mi - mij0)), and decreasing number
of theoretically digested fragments N (see eq 3).

The Bayesian probability should be viewed as a measure of
the confidence level of the hypothesis that protein k is the sample
protein based on the available information. There is no absolute
certainty for any given identification, only the probabilitysi.e., the
higher the probability, the higher is the confidence level. In a
situation where a false positive result cannot be tolerated or the
data are of insufficiently quality to yield a probability with a high
level of discrimination, it is desirable to check the identification
with an independent method such as tandem mass spectrometry
(MS/MS).13-15 Ultimately, the value of any given identification is
provided by the outcome of the biological experiment that results
from the information.

Identification of Components in Protein Mixtures. Fre-
quently, it proves difficult to separate proteins completely from
one another, and a protein sample may contain a mixture of
proteins. The Bayesian algorithm can be readily extended to
identify the components of such mixtures. The protein sequence
database is expanded to include entries that are “fused” combina-
tions of single protein sequences. An early version of the program
used this approach to identify the components of binary mixtures.12

Thus, the entries representing binary mixtures are binary com-
binations of single proteins (usually, the top 50 hits obtained in a
prior search for single proteins). The Bayesian probabilities for
these “fused” proteins are calculated in the same way as for single
proteins. Using this fused-protein approach, a current version of
the search engine (also available over the World Wide Web)
allows identification of up to four protein components in a mixture.

Improvement of the Confidence Level of Protein Identi-
fication Using Additional Information Obtained for the
Measured Peptides. The Bayesian algorithm can incorporate
any additional information obtained for measured peptides (see
Supporting Information). The additional information provides
constraints in database searching to reduce the occurrence of
database peptides that randomly match the experimental mass
spectral data, thereby improving the confidence level for identifica-
tions. Fenyö et al. have investigated the value provided by the
knowledge of the presence (or absence) and the number of
particular amino acids contained within a given peptide (so-called
“tag information”).16 Experimentally, tag information can be
obtained in a number of ways. Thus, for example, cysteine
residues can be identified through chemical alkylation of free thiol
moieties17 and methionine residues can be inferred by observation
of pairs of peaks separated by 16 Da (because methionine residues
contained in proteolytic peptides are frequently found to be
partially oxidized).

Program. ProFound is publicly available over the Internet at
URL http://prowl.rockefeller.edu as part of PROWLsAn interac-
tive environment on the World Wide Web for protein MS.18 The
database searches were performed on an Origin 200 (2× RA 10000
processors) computer (Silicon Graphics Inc.) and a PC (2× 550
MHz Pentium III Xeon processors) (Dell Computer Corp.). Search

times are dependent on the number of masses in the peptide map
and the constraint placed on the database. For example, the typical
search time for the identification of a yeast protein is ∼1 s on the
Pentium III computer. The database searched is the NCBI NR
nonredundant database (URL http://www.ncbi.nlm.nih.gov/
BLAST/blast_databases.html). The presence or absence of signal
peptides is considered when such information is available in the
corresponding NCBI GenPept format flatfile (URL http://ww-
w.ncbi.nlm.nih.gov/Entrez/batch.html). Taxonomy data are de-
rived with high accuracy from the NCBI GenPept flatfiles and
Taxonomy databases (URL http://www.ncbi.nlm.nih.gov/Tax-
onomy/).

Because there is a ∼95% probability for Gaussian-distributed
measurement errors to be within (2σ (where σ is the standard
deviation), the mass tolerance is taken as 2σ in the probability
calculation. Mass-independent systematic errors in the mass
measurements have been removed during the probability calcula-
tions (see text for eq A10 in Supporting Information). An empirical
factor has also been introduced in the probability calculation to
take into account two kinds of commonly observed digestion
patterns. The first pattern, which we term adjacency, occurs when
proteolytic peptides are observed to be adjacent to one another
in the protein sequence (see Figure 4A). The second pattern,
which we term common-end overlapping, occurs when the
observed peptides have one common terminus but differ at the
other terminus by a peptide segment (see Figure 4A). The
probability is increased on each occurrence of adjacency or
common-end overlapping.

The following are the current ProFound input parameters:
taxonomy category, specifying the origin of the sample protein, if
known, from a representation of a phylogenic tree; mass range,
specifying the approximate protein mass range of the sample
protein, if known; digestion chemistry, specifying the proteolytic
enzyme or chemical reagent used to cleave the sample protein-
(s); maximum number of missed cleavage sites, specifying the
maximum number of missed cleavage sites within the peptide
(yielding incompletely cleaved peptides); modifications, modifica-
tions of amino acid residues can be specified..

To obtain the best results from ProFound, it is necessary to
choose the optimum search parameters for a particular set of
experimental data. Thus, for example, if the digest is carried out
to completion, it may be prudent to set the maximum number of
missed cleavages at 0 or 1. On the other hand, if the digest is
rather incomplete it may prove advantageous to set the maximum
number of missed cleavages at >1.

Biochemical Procedures and Mass Spectrometry. The
method used for in-gel tryptic digestion of proteins was as
described19 except that the gel-band washing time was extended
from 4 to 24 h. Endoproteinase LysC digestion of membrane-
bound proteins was as described previously.20 MALDI-time-of-flight
(TOF) MS was carried out using a commercial instrument
(Perseptive Biosystems STR, Framington, MA) operated in the
delayed-extraction reflector mode (fwhm resolution ∼5000) or an

(13) Yates, J. R., III Electrophoresis 1998, 19, 893-900.
(14) Kuster, B.; Mann, M. Curr. Opin. Struct. Biol. 1998, 8, 398-400.
(15) Patterson, S. D.; Aebersold, R. Electrophoresis 1995, 16, 1791-814.
(16) Fenyö, D.; Qin, J.; Chait, B. T. Electroporesis 1998, 19, 998-1005.
(17) Sechi, S.; Chait, B. T. Anal. Chem. 1998, 70, 5150-8.
(18) Fenyö, D.; Zhang, W.; Beavis, R.; Chait, B. T. Anal. Chem. 1996, 68, A721.

(19) Zhang, X.; Herring, C. J.; Romano, P. R.; Szczepanowska, J.; Brzeska, H.;
Hinnebusch, A. G.; Qin, J. Anal. Chem. 1998, 70, 2050-9.

(20) Zhang, W.; Czernik, A. J.; Yungwirth, T.; Aebersold, R.; Chait, B. T. Protein
Sci. 1994, 3, 677-86.
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instrument constructed in-house21 operated in the continuous-
extraction linear mode (fwhm resolution ∼500). The MALDI-ion
trap data were obtained using an instrument constructed in-house
and described previously.22

RESULTS AND DISCUSSION
Identification of Single Isolated Proteins. Figure 2 shows

a delayed-extraction reflectron MALDI-TOF spectrum of the
mixture of peptides produced by in-gel trypsin digestion of a 30
kDa SDS-PAGE protein band from a Saccharomyces cerevisiae
nuclear extract. Thirty-five monoisotopic masses derived from
Figure 2 were submitted to ProFound in order to identify the
protein. Other search parameters were as follows: S. cerevisiae
for the taxonomic category; a protein mass range of 0-3000 kDa;
unmodified cysteines; a maximum of two missed cleavage sites;
a mass tolerance of 0.1 Da. The specified taxonomic category and
protein mass range includes the complete set of proteins (or open
reading frames (ORFs)) in the S. cerevisiae genome. Table 1 lists
the top four protein candidates (ranked by normalized probability)
found by the search. The top-ranked protein, rps4b, has a
probability very close to 1 and is readily distinguished from the
next ranked candidates, which have probabilities of respectively
2 × 10-51, 8 × 10-53, and 5 × 10-53. We plot the probabilities of
the top 20 candidates in Figure 3. The probability is observed to
make a large transition from the first to second candidate and
varies much more slowly for the remaining candidates. This type
of probability distribution pattern provides an unambiguous high
confidence identification signature for the top ranked protein.

Parts A-C of Figure 4 shows sequence coverage maps and
an error map for the top ranked candidate. The segment coverage
map (Figure 4A) (in which a segment represents a peptide
resulting from complete digestion of the protein by trypsin) is
useful for visualizing digestion patterns indicative of an authentic
protein identification. Bona fide identifications are often character-
ized by the observation of peptides that are adjacent to one another
in the sequence and/or that overlap and have a common terminal
(while differing by one segment at the other terminal.) Examples
of these two commonly observed patterns are shown in Figure
4A. Because the observation of such patterns raises our confidence
level that a candidate protein is present in the sample, we have
empirically included a term in the ProFound probability calculation
to incorporate this information. The sequence residue coverage
map (Figure 4B) shows the portion of rps4b sequence that was
observed in the MS peptide mapping experiment. Twenty-three
measured masses match 24 theoretical tryptic peptide masses
from rps4b, covering 70% of the sequence. The error map (Figure
4C) provides a scatter plot showing error (i.e., measured mass -
calculated mass) versus mass for each match. The scatter plot is
useful for visualizing systematic errors in the mass measurement.
When the spectral calibration is free of systematic error, the errors
for an authentic hit are normally distributed about zero and are
independent of mass value, as in Figure 4C. The bottom portion
of Figure 4C is a histogram projection of the scatter plot. In cases
where there are a sufficient number of matched peaks, the
histogram of errors for an authentic hit shows a peaked distribu-
tion (Figure 4C). By contrast, the error plot for a randomly hit
protein (e.g., the second candidate, myo1, Figure 4D) is a nearly
uniform distribution of mass errors within the plotted range. We

(21) Beavis, R. C.; Chait, B. T. Rapid Commun. Mass Spectrom. 1989, 2, 233-
7.

(22) Qin, J.; Steenvoorden, R. J. J. M.; Chait, B. T. Anal. Chem. 1996, 68, 1784-
91.

Table 1. ProFound Search Results Obtained with the Data Shown in Figure 2

rank probability gene namea description mass (kDa)

1 1 rps4b ribosomal protein S4 29
2 2 × 10-51 myo1 myosin heavy chain type II 214
3 8 × 10-53 nup82 nuclear pore protein nup82 82
4 5 × 10-53 dyn1 cytoplasmic dynein heavy chain 471

aYeast Protein Database gene name.

Figure 2. Delayed-extraction reflectron MALDI-TOF spectrum of
the proteolytic products from an in-gel tryptic digest of a 30 kDa SDS-
PAGE protein band. The search engine, ProFound, identified a single
protein: rps4b (40s ribosomal protein S4). Open circles indicate peaks
that match with masses of the theoretical tryptic fragments of rps4b.
Trypsin self-digestion products are labeled “Trypsin”.

Figure 3. Normalized probability distribution for the top 20 protein
candidates identified by ProFound using the data shown in Figure 2.
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note, however, that this observation only holds true when the error
of the mass measurement is small (see Supporting Information)
and the mass tolerance is properly chosen.

Figure 5 provides an example of a relatively low resolution
MALDI-TOF spectrum taken with a linear TOF analyzer operated
in the continuous-extraction mode. The sample protein was
obtained from a human mitochondrial preparation and was blotted
to a membrane after two-dimensional electrophoretic separation.
The protein spot was digested on the membrane with endopro-
teinase LysC, and the mixture of proteolytic peptides was extracted
and subjected to MS. The resulting mass spectrum yielded
average masses of 36 peptides, which were submitted to ProFound
for protein identification. Other search parameters were as
follows: all taxa for taxonomic category; a protein mass range of
0-3000 kDa; cysteines modified by acrylamide; a maximum of
four missed cleavage sites; a relative mass accuracy tolerance of
0.04%. Table 2 shows results of the search and Figure 6 the

probability plot as a function of the protein candidates. The
resulting pattern of probabilities (Figure 6) is different from that
seen in the previous example (Figure 3). Although there is a clear
preference for human heat shock protein 60 (P ≈ 1), several highly
homologous heat shock proteins from other species yield con-
siderably higher probabilities (P ) 7 × 10-10, 6 × 10-10, and 2 ×
10-13) than those observed for the remaining randomly hit proteins
(P < 10-37). The sequence coverage maps for the first- and second-
ranked candidates (human hsp60 and its mouse homologue)
exhibit similar patterns (maps not shown), with, respectively, 29
and 25 peak matches with peptide masses from the human and
mouse proteins.

Identification of Protein Components In Mixtures. The
MALDI-TOF mass spectrum shown in Figure 7 was obtained from
the products of in-gel trypsin digestion of a 105 kDa SDS-PAGE
protein band. Peptide masses consisting of 47 monoisotopic
masses were submitted to ProFound. Other search parameters
were as follows: S. cerevisiae as taxonomic category; protein mass

Figure 5. Direct-extraction linear MALDI-TOF spectrum of endopro-
teinase LysC digest of a protein on a modified PVDF membrane
blotted from a 2Dgel. ProFound determined that the band was a single
protein: human hsp60 (human heat shock protein 60). Open circles
indicate peaks that match with masses of theoretical LysC proteolytic
fragments of human hsp60. Endoproteinase LysC self-digestion
products are labeled “LysC”.

Figure 6. Normalized probability distribution for the top 20 protein
candidates identified by ProFound using the data shown in Figure 5.

Figure 4. Graphical representation of the sequence coverage of the top-matched protein by measured peptides. (A) and (B) are respectively
the segment and residue coverage maps (see text) for the top candidate, rps4b, identified by ProFound based on the data shown in Figure 2.
(C) and (D) are error maps for, respectively, rps4b and the second most probable protein candidate, myo1.
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range of 0-3000 kDa; unmodified cysteines; two maximum missed
cleavage sites; a mass tolerances of 0.2 Da. When the search was
performed in the “single protein” mode, the top two candidates
(YLR409c and YDL060w) had probabilities of 0.99 and 0.01,
respectively, which was considerably higher than the probabilities
for all the rest of the candidate proteins (e10-22 with slowly
decreasing values). The number of peaks matching with theoreti-
cal tryptic peptide masses from YLR409c and YDL060w are 18
each (respective sequence coverage of 24% and 30%), and the two
proteins have no sequence homology. Two such proteins with
dominating probabilities provide an indication that the sample may
be a binary mixture. To test this hypothesis, ProFound was set
up to search for a possible binary mixture using the same data
set and search parameters that were used for the “single protein
only” search. The result of this search identifies, with high
confidence, the simultaneous presence of YLR409c and YDL060w
(Table 3). This binary protein mixture has a probability very close
to unity, while the probabilities for all the other protein candidates
are e10-23, with slowly decreased values. The validity of this
mixture identification can be tested by the use of the subtraction

method.23 For this purpose, the 18 peaks corresponding to the
tryptic peptides from the highest probability component (YLR409c)
were removed from the peptide mass list. The remaining masses,
together with the same search parameters, were submitted to
ProFound to search for the hypothetical second protein. ProFound
identifies YDL060w as the leading candidate with a probability
very close to 1 and ∼1018 higher than the next protein candidate.

Figure 8 shows a MALDI-TOF mass spectrum obtained from
in-gel tryptic digestion of a 30 kDa SDS-PAGE protein band.
Thirty-six monoisotopic peptide masses and one average peptide
mass were submitted to ProFound. Other search parameters were
as follows: S. cerevisiae as taxonomic category; protein mass range
of 0-3000 kDa; unmodified cysteines; a maximum of two missed
cleavage sites; mass tolerances 0.5 Da for average and 0.1 Da for
monoisotopic masses. When the search mode was for “single
protein only”, the top two candidates are rps1b (40S ribosomal
protein, MM ) 28 681 Da) and rps1a (40S ribosomal protein, MM
) 28 612 Da, highly homologous to rps1b) with probabilities of,
respectively, 1 and 0.001, while the probability for the remaining

(23) Jensen, O. N.; Podtelejnikov, A. V.; Mann, M. Anal. Chem. 1997, 69, 4741-
50.

Table 2. ProFound Search Results Obtained with the Data Shown in Figure 5

rank probability gene name description mass (kDa)

1 1 human hsp60 human heat shock protein 60 58
2 7 × 10-10 mouse hsp60 mouse heat shock protein 60 61
3 6 × 10-10 rat hsp60 rat heat shock protein 60 58
4 2 × 10-13 chinese hamster hsp60 chinese hamster heat shock protein 60 58
5 3 × 10-38 Dictyostelium discoideum acaa D. discoideum adenylate cyclase 160

Table 3. ProFound Search Results with Data Obtained from In-Gel Tryptic Digest Shown in Figure 7

rank probability gene name description mass (kDa)

1 1 YLR409c protein of unknown function 105
YDL060w protein of unknown function 91

2 2 × 10-23 YLR409c protein of unknown function 105
YNR051c protein with weak similarity to chicken nucleolin,

has an RNA recognition domain
58

3 5 × 10-26 YLR409c protein of unknown function 105
cdc39 nuclear protein that negatively affects basal

transcription from many promoters
240

Figure 7. Delayed-extraction reflectron MALDI-TOF spectrum of
an in-gel tryptic digest of a 105 kDa SDS-PAGE protein band.
ProFound determined that the band was a mixture, identifying two
protein components: YLR409c and YDL060w. Open and solid circles
indicate peaks that match with masses of theoretical tryptic fragments
of YLR409c and YDL060w, respectively. Trypsin self-digestion
products are labeled “Trypsin”.

Figure 8. Delayed-extraction reflectron MALDI-TOF spectrum of
an in-gel tryptic digest of a 30 kDa SDS-PAGE protein band.
ProFound determined that the band was a mixture, identifying two
protein components: rps1B and rps1A. Open and solid circles indicate
peaks that match with masses of theoretical tryptic fragments of rps1B
and rps1A, respectively. Trypsin self-digestion products are labeled
“Trypsin”.
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candidates are e10-53. The number of peaks that match theoretical
tryptic peptide masses from rps1b and rps1a are 24 and 23,
respectively (with sequence coverages of 65% and 62%). There
are two possibilities that can yield two such dominating candidates.
The first is that there is only one protein present in the sample
(and the second ranked candidate represents a closely similar
protein that is not present). The second possibility is that the
sample is a binary protein mixture of two highly similar proteins.
To test this second hypothesis, ProFound was set up to search
for possible binary mixtures with the same data set and search
parameters that were used for the single protein only search. The
result of this binary search (Table 4) provides strong evidence
that the band is a mixture of rps1b and rps1a (P ≈ 1). The
probabilities for all the other single and binary protein candidates
are e10-14, with slowly decreasing probability values. The two
identified proteins are highly homologous, differing by only 7
amino acids in their 254-amino acid sequences. Of the 37 peptide
peaks in the mass spectrum, 19 are common to both rps1b and
rps1a, while 5 correspond to rps1b only, and 4 correspond to rps1a
only. Unlike the previous example, it would be difficult to identify
the second protein component with high confidence using the
subtraction method23 because only 4 peptides (together with 9
peaks that did not match rps1a) would remain after subtraction
of the 24 peaks from the first protein rps1b.

Independent Verification of the MS Peptide Mapping
Method for Protein Identification. Two independent strategies
for mass spectrometric protein identification are peptide mapping
and fragmentation of individual peptide ions (MS/MS).1-5,13-15

Here, we use MS/MS as a method for independently checking
the accuracy of the peptide mapping strategy for identifying
proteins.

In a previously described experiment,24 we used matrix-assisted
laser desorption/ionization-ion trap-mass spectrometry to obtain
both tryptic map MS data and MS/MS fragment ion data from
the same samples. The MS/MS fragmentation information was
used to identify proteins with the program PepFrag,16 which
requires an exact match of the peptide mass and the peptide
fragment masses with theoretical masses generated from a
database-derived peptide. Here, we compare the result obtained
with ProFound using the peptide mapping data with the indepen-
dent identification using MS/MS data from the same sample.
Search parameters were as follows: S. cerevisiae as taxonomic
category; protein mass range of 0-3000 kDa; one missed cleavage
site; mass tolerance of 2 Da. Table 5 is a summary of 12 searches
using the two independent methods. All the proteins identified
with the MS/MS data were confirmed by ProFound using the
peptide mapping data, even though the mapping data were of
relatively low quality (i.e., resolution 500 fwhm, accuracy (2 Da).
These findings provide independent assurance of the reliability
of ProFound for identifying proteins.

Improvement of the Confidence Level of Protein Identi-
fication Using Tag Information. Incorporation of amino acid “tag
information” in the ProFound search (see Methods) can reduce
the occurrence of database peptides that randomly match the
experimental MS data, thereby improving the confidence level of
an identification. For example, we have shown previously that
inclusion of information regarding the absence or presence of
cysteine residues in tryptic peptides from proteins can significantly
improve the confidence level of a protein identification.17

(24) Qin, J.; Fenyö, D.; Zhao, Y.; Hall, W. W.; Chao, D. M.; Wilson, C. J.; Young,
R. A.; Chait, B. T. Anal. Chem. 1997, 69, 3995-4001.

Table 4. ProFound Search Results with Data Obtained from In-Gel Tryptic Digest Shown in Figure 8

rank probability gene name description mass (kDa)

1 1 rps1b 40S ribosomal protein 29
rps1a 40S ribosomal protein. 29

2 1 × 10-14 rps1b 40S ribosomal protein 29
YER053c putative mitochondrial carrier. 34

3 1 × 10-15 rps1b 40S ribosomal protein. 29
4 5 × 10-17 rps1a 40S ribosomal protein 29

YER053c putative mitochondrial carrier 12

Table 5. Summary of Identifications Made by Ion Trap MS/MS and Peptide Mapping

ProFound identification

gene namea mass (kDa) rank log(p1) - log(p2)b match no./total peak no. sequence coverage (%)

sup35 77 1 14 18/35 43
sup35 77 1 11 16/37 41
sup35 77 1 5 14/30 31
tef1 50 1 4 9/18 36
tef1 50 1 5 11/24 42
ded1 66 1 8 13/24 40
rps14a 15 1 7 8/15 49
ssd1 140 1 16 24/41 44
dbp1 68 1 11 18/36 45
hrr25 57 1 2 8/16 29
ssd1 140 1 4 22/30 29
dbp1 68 1 15 25/46 63

a Gene names of the proteins identified by ion trap MS/MS. b log(p1) - log(p2) is the logarithm difference of probabilities between first and
second candidate proteins.
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CONCLUSIONS
We have described an expert system, ProFound, which makes

optimal use of information derived from MS peptide mapping
experiments to identify proteins present in gel bands. The
algorithm uses Bayesian theory to rank the candidate proteins
by their probability of occurrence and can naturally incorporate
additional information about the sample (e.g., additional proteolytic
digest information (details discussed only in Supporting Informa-
tion), amino acid tag information, and sequence information). The
algorithm also allows the identification of protein components of
mixtures. The present strategy makes explicit use of detailed
information concerning the candidate proteins in the database
(including the number of theoretically cleaved peptides) and the
experimental data (e.g., mass deviations from the masses of
theoretical peptide fragments). In addition, ProFound makes
empirical use of information concerning fragmentation pattern
commonly observed in proteolytic digests. We have observed
ProFound to be robust in that it consistently identifies the correct
protein even when the MS data quality is relatively low or the
protein is present as a component of a simple protein mixture.25

Although the probability scores calculated by ProFound provide
an objective means for identifying proteins, it is highly desirable
to also provide a confidence level for assessing the correctness
of the identification. We are currently investigating various
methods for scoring such confidence levels.26,27
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