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1. Research Plan
Hypotheses:

(a) An improved predictive model of mass spectrum peak intensity will provide insight
into the complex chemistry of peptide fragmentation.

(b) Such a model will gain predictive power by including the contribution of chemical
and instrument noise to spectrum variability.

(c) A realistic intensity model will also be useful for improving identification of un-
known peptide fragmentation spectra, especially in conjunction with a sequence
database search step.

Specific Aims:

(a) The design and implementation of a probabilistic graphical model of spectrum
intensity incorporating current understanding of peptide fragmentation chemistry
that is trainable from mass spectrometry data.

(b) The experimental generation of a set of high-confidence spectrum-peptide associ-
ations from peptides with controlled composition.

¢) The incorporation of the above intensity model into a sequence database search
algorithm.

2. Background

(a) Intensity modelling.

i. Mobile proton model. [11]

ii. Basic residue content. [8]

iii. Decision tree intensity model. [2]

iv. HMM spectrum-peptide associations. [? ]
(b) Noise modelling; spectrum peak height variability.

i. Spectrum averaging. [10]

ii. Spectrum similarity. [9]
(c) Sequence database search algorithm.

i. SEQUEST [3]

ii. RADARS [4]

iii. Mascot [7]

iv. SVM approach. [1]

v. PeptideProphet. [5]

vi. ProteinProphet. [6]

3. Preliminary Findings

(a) Charge state paper.



(b) Digestion paper.

(c) Adele’s paper.

4. Methods of Procedure

(a) The design and implementation of a model of incorporating current understanding
of peptide fragmentation. This model will be trained on mass spectrometry peak
intensity data. Implementations might include:

i.

ii.

iii.

1v.

A deterministic model that generates a single predicted spectrum for a given
peptide, analogous to SEQUEST or the mobile proton model. To be worth-
while, this model must include additional free parameters learned from actual
data, such as:

A. Information about probabilities of fragmentations occurring adjacent to
specific amino acids.

B. Information about continous rate equations of the known chemical reac-
tions that participate in peptide fragmentation.

A noise model that generates a spectrum distribution from a single predicted
spectrum. Such a model would account for instrument noise, ignoring the
noise resulting from the specific peptide that generated the spectrum.

A hidden Markov model in which the states are fragment ions, the transi-
tions are fragmentation events, and the emissions are peak intensities. This
model would generate a probability distribution for all possible fragmentation
spectra given a peptide.

A model that generates a spectrum probability distribution from a peptide,
using some combination of 4(a)iii and 4(a)ii.

(b) The experimental generation of a set of high-confidence spectrum-peptide asso-
ciations from peptides with controlled composition. These spectra, along with
spectra from other sources, will be used to test the intensity model described
above, along with data from other sources. This aim might involve, for example,
the following laboratory experiments:

1.

il.

iil.

Synthesizing a series of peptides that differ by a single amino acid or amino
acid pair or some other simple difference and determining the global effect on
all peak intensities and noise levels.

Determining noise levels for specific peptides or spectrum peaks over thou-
sands of spectra, or when eluted at different concentrations or under different
solvent conditions.

Synthesizing specific peptides which incorporate features for which could help

choose between competing models or for which a particular model break
downs.

(c¢) The incorporation of one or several of the intensity models described above into
a sequence database search algorithm. This might involve the following:



i. Incorporating the deterministicly generated theoretical single spectrum for
a each peptide into a search algorithm, to be used in manner analogous to
SEQUEST.

ii. Using the spectrum distribution generated by the HMM to determine the
peptide with the highest posterior probability given the spectrum.

iii. Using the HMM probability function in the context of a Fisher-kernel simi-
larity score.

(d) Fisher kernel.
5. Alternative Approaches

(a) Discrete chemical equilibrium model. (i.e. Mobile proton model)
(

b) Heuristic model. (i.e. SEQUEST theoretical spectrum)

)

)
(c) SVM regression.
(d) Topographic SVM.
(e) Protein identification technology in general:

i. Stan’s aptamer project.
ii. Western blot.

6. Significance
(a) The most immediate benefit of this research will be improved understanding of

peptide fragmentation.

(b) The most obvious direct benefit of this research will be improved peptide iden-
tification. Peptide identification is useful for solving a broad array of biological
problems.
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