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On June 26, 2000, the first complete draft of the human genome was announced by Celera and the
US government (National Institute of Health, Department of Energy, etc }—it was ~3 2x10° baze pairs (Lesk,
2002). Thiz has added a tremendous amount to a contimually prowimg database of sequences comprized of
mMany organism genomes. Lhere are related databases with ammo acid sequences of proteins. To compare a
test sequence to a database of sequences several things had to be developed: organized databazes, alipnment
alporithms, scoring matnces, gap penalties and methods to evaluate statiztical significance. Here I wall
dizcuss the alponthms and scoring matnices developed.

There have been many algonithms developed over the years to compare sequences and to generate
sequence alignments. The first were dvnamic algonthms which are mathematicallv ngorous and determine
the best alignment of a pair of sequences given certain parameters. These take up computational memory
and time that 1z proporticnal to the product of the length of the sequences bemng compared. Two examples of
dvnamic algornithms for pair-wizse alignments are the ones developed by Needleman and Wunsch m 1970 and
one developed by Smith and Waterman m 1981, The Needleman-Wunsch algorithm creates a global
alignment by comparmg a pair of sequences through a two-dimensional mainx, creating the best alignment
of both sequences over their enfire lengths. The Smith-Waterman algorithm 15 dezigned to find short
segments of high sequence simlanty. For a2 multiple sequence alignment, M3A, a mainx of greater
dimenzions 13 required.  Often Hidden Markov Models are used to generate a fully probablishc
representafion of theze more complex alipnments.

Drvnamic algonthms are very computer mtensive, so heunshe algonthms have been developed which
are faster and require less computer memaory. Heunstic alponthms are much more practical for companng a
test sequence fo an entire database of sequences—however it does sacrifice in sensitrvity. Instead of creating
a full similarnty matnx, these programs compare short words or “tuples” (pairs or more of zequence) m a
hazh table to find areas of local aligmment. Heunistic algonithms include basic local alignment search tool
(BLAST) created m 1990 and fast alignment (FASTA) created m 1988 by Willham Pearzon.

There are zeveral scoring matnces developed for sequence compansons—particularly for protem
sequences. In 1978, Dayhoff created a senes of sconng matrices that are evolubon-based—bazed on
mutaticnal rates found in paralogous protein sequences. Different matrices represent the percent acceptable
mutaticn for a given evolutionary distance. For example, the PAM-7E matrix reprezents the percent
acceptable mutations for sequences more evoluhonanly related (compared to PAM-230). In 1992, the
Henikoff s created the BLOSUM matnices for different percent identity levels (1%.-100%). These matrices
take mto account the fact that not all regions of a protein have a uniform evelutionary rate of mutation.

The ability to do sequence alignments has transformed methods of biological research. For example,
when studving a protemn of mterest through a veast two-hybrd assay I find that 1t imteracts with an unknown
protemn X. I can find the sequence of protein X then BLAST against the database to idenfify charactenzed
protemns with similar sequence. Similar sequence often imphes similar function. Another important use of
sequence alignments 1z in determiming conzerved regions or motifs within related sequences. In many cases,
the residues that are most highly conserved tend to be important for function  For example, in zerine
proteases, there 1s 2 tnad of lnghly conserved residues (mcluding zerne) for thiz enzvme family because they
are involved in catalyzis. The South-Waterman algonthm 1z best for determining conzerved motifs which
again can be compared to motifs in the databaze to mfer fimchon.
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If a new prokaryotic penome has been identified, there are many questions that can be asked
regarding the genome. The main goal in a computational fimchional penomics analy=is would be to
determine the fimction of each predicted OFF"z gene-product within the genome. Such a task 1z daunfing,
but I propose the followng study of this new genome. Information obtained from sequence analysis can be
‘combined’ with mformation from expenmental data (expression and mteraction assays) into Bayesian
nefworks to determine probabilities that an OFF gene-product belongs in a given funchional category (e.g.
metabolizm biosynthesiz, ete).

Several clues can be found within the sequence of each ORF as to 1ts fimchional category. The
sequence can be scammed for anv kmown fimetional or structural metifs or locahization signals m the gencmic
databaze. For better identification of protein motifs/signals for protemn gene-products, 1t 13 often better to
translate the grven DINA sequence first (due to degeneracy in the tnplet codons, proten sequence 13 better
conzerved evoluhonanly). Alszo, whole-OFF companszons to the databasze can be done to find the most
similar charactenized gene-product (protemn or ENA). Fmnally, unique to prokarvotic sequences are the hugh
mncidence of operons, of genes transcribed under the zame regulational control that have related funchons.
Approxmmately a quarter of all £ coli genes are in operons. Therefore, 1t 1s worth taking mto account the
predicted function of neighboring genes within the genome.

Expreszion data of each OFRF cbtained from microarrays are quite useful in predictimg funchon.  First
of all, it can provide experimental evidence that a predicted OFF 1z indeed expreszed in vivo. If a unmique
sequence from each ORF 15 placed on a microarmray, the array can be probed with fluorescently labelled total
FINA from the cell to momtor exprezsion of that ORF. When total ENA samples are tested at different times
in the cell life cyele, an expreszion profile over time can be penerated for each ORF. Clustering of the
expression profiles can categerize ORF s temporally—if certain ORFs are expressed at the same time they
may have similar funchion.  Likewize if the gene products are localized fo the same cellular compartment,
they may function together. Specific functions can be tested under specific growth condibions. For example,
if the cells are grown on media lacking particular nutrients, then expression of protems mvolved in
biozynthesis should differ. It 1z nghly likely that proteins that interact in vivo will funchion in related
pathwayvs. Thus expenmental evidence for in vive mteractions, obtained through veast two-hybnd or
Immunoprecipitation aszavs conducted betoeen protems from predicted ORFs also help in functional
categonzation of ORFs.

To take mto account all the data to categorize the funchon of each OFF, Bayesian networks are most
uzeful. Bayes rule for combining uncorrelated bits of information allows for differenhial weighting of each
fype of data. Thus 15 important, because some aszays are more reliable than others. For example, veast two-
hvbnd azssays often give falze positives and are not az accurate as Immunoprecipitation expenments.
Previous work with Bavesian networks combming similar data was able to predict funchion with ~50%
accuracy (Jansen, 2003), which 12 much better than amy data set taken mdividually.

When the function of each ORF= 1z predicted, one can start to anzwer more mferesting questions
regarding this new organizm. Companzons to other known organizms may identify unique protein fimections
that may 1llummate other areas of research



