Gene Discovery in DNA
Sequences

Steven L. Salzberg, The Institute for Genomic Research

“'ENOMICS IS THE SCIENCE O (GENOMICS OFFERS TREMENDOUS CHALLENGES AND
studying the complete genetic content of ljv-

i-  OPPORTUNITIES FOR COMPUTATIONAL SCIENTISTS. ADVANCES
nence in the past few years, as advances in |\ g|oTECHNOLOGY HAVE PRODUCED ENORMOUS VOLUMES OF
decoding whole genomes possible. A gename DNA-RELATED INFORMATION, BUT THE RATE OF DATA
GENERATION IS OUTPACING SCIENTISTS ABILITY TO ANALYZE
control virtually everything about how thie THE DATA. THE AUTHOR DESCRIBES TWO COMPUTATIONAL
organism lives: development, metabolism,
aging, sensitivity to infection, and so on. TECHNIQUES TO SOLVE THE GENE-FINDING PROBLEM.
As recently as 1995, scientists at the Insti-
tute for Genomic Research (TIGR) co
pleted and published the very first complete
genome sequence of a free-living organisngach over 100 megabases long, is very closed molecular biology. Scientists from both
the bacteriunii. influenza€* Since the pub to complete and should appear within thelisciplines, as well as a handful of scientist
lication of that genome, scientists at TIGRnext year. Generating a complete sequendsom areas such as physics and chemistr
and elsewhere have published 25 more cons a major scientific project, involving many have moved into the field. Although a tutor-
plete genomes and chromosomes, and prgeientists and technicians and years of cqoial on molecular biology and genetics is
ects to complete the genomes of much largelinated efforts. beyond the scope of this brief article (tutori
organisms have progressed rapidly. Accompanying this explosion of new dataals are available both online and in pfina
Current estimates indicate that sequendias been the rapid growth of the computaew basic definitions are necessary for thi
ing of the entire human genome, over 8.3 tional biology field, including the area knowndiscussion (see the “How DNA produces
10° nucleotides, will be completed within theas computational genomics. With the DNAproteins” sidebar).
next two to three years. Bacterial genomesequence describing so many complex pro- One of the central discovery challenges fg
typically in the 1 to 4 megabase (millioncesses, it is only natural that computationatewly sequenced DNA is that of identifying
base) range, are being sequenced at a ratenoéthods have become a vital tool in scientistshe genes (the portions of the DNA that ge
about one per month, with approximately [7%efforts to understand how life works. transcribed to RNA), the protein products the
genome projects under way worldwide. Expertise in the emerging area of compuproduce, and the functions of those protein
Sequencing of the genomes of the nematpdational biology requires training in two tra-Genome projects today use computation
C. elegansind the fruit flyD. melanogaster| ditionally distinct fields: computer sciencetechniques almost exclusively to identify
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genes,because #ditional ldoratory tedh-
niques a& \ely slov and &pensve. In mary
casesgenes identied by a computer will
require leboratory verification, but in the vorld
of high-thioughput DM\ sequencingscien
tists rarely have time to vait for verification
before pullishing. In this aficle, | descibe the
two main computonal tetciniques useddf

discovering nev genes:sequence alignment

and computigonal gene inding.

Sequence alignment

The frst task is to compareab nev DNA
sequence with all kwen sequences tond
other similar sequenca&/hen scientistsrid
a sequence withopd similaity, they can ea

sondly infer tha the nev sequence has a

similar function to the mviously known
gene Thus,without ary additional lebora-
tory work, new biological knavledge can be
made sailable.

Sequence alignment is sinyph special
case of sing méaching, a reseach field with
a long histoy in computer scienceThe
alignment pocess detenines the edit dis
tance betwen two stings,where the editing
process in this casepresents thewlution-
ary changes tha have modifed the se
quences. In molecular bialg, algorithms
for alignment dte bak to 1970° and efi-
cient algorithms began peaing in the edy
1980s* An example alignment of te se
guences ppeas in FAgure 1 (which uses
English tet rather than DM to simplify this
discussion).

A sequence alignment slve where two
sequences nbeh and inds the best places t
insett gaps and hing subsequences in lin
with one anotheAs the fgure shavs, gaps
might gpear in either sequendaseting
gaps usual incurs a penaltyand the cost of
gaps gedly impacts ha the optimal aligh
ment looks. Br example the frst alignment
in Figure 1 hasdur gaps and 13 lcaractes
tha mach. The second alignment has gn
two gaps and 11 mahing dhamctes. If a
mach’s value exceeds agp’s costthen the
first alignment ppduces a higher scor

The key technique in the algrithm for
optimally aligning two sequences iydamic
programming which lets biol@ists align
sequences of lengM andN in time O(NM).
The algrithm to align tvo sequencesdlis a
matrix defined by sequencd along the ows
(giving M rows) and sequendg along the
columns N columns)Then eah enty in the

How DNA produces proteins

even leae the cell entily to do their vork.

DNA is a \ery long molecule madeytconcaenaing four other compbemolecules called
nudeotidesthemseles compising seeral smaller unitsThe rudeotides come indur \ari-
eties dehed by thebasesha distinguish themadenine (a)guanine (g)cytosine (c)and
thymine (t).This fourletter code is the basis ofdifevery living organism contains DA in
the form of one or mag long diromosomes. DA is doube-standedand the tw stands ae
paired accading to the simpleule thd a is alvays paied with t,and c is paied with g This
base-paing rule means thaone stand completsl detemines the otheand consequertl
either stand can see as a tempta for making a cop of the doule-standed molecule
Wheneer a cell diides,the two strands dvide and 6rm sud templaes,which male two
complete doule-standed copies of the mant cells chromosomes.

The pocess i which DNA govems the verkings of a cell is @remel/ comple, and & pre-
sent scientists undgt|and ony tiny slices of the micess in angrea detail. One of the funda
mental pocesses is th®NA is transcibed into an intenedide form knovn as RM\.. A gene
is the sgment of DM\ that gets tanscibed The RNA does not last long befe being de
graded; It while it exists,RNA sewes as a temple for the potein-making maginery.

Proteins the essential molecules tiio most of a cel work, are stings of amino acids
from the 20-letter amino acid algiet. To male a potein,a molecular maune called the
ribosome tanslaes RM three basesta time into a itein sequenceising a code thia
uniquely maps every three-base combitian (codon) onto an amino acithe genetic code
maps 61 of the 64 posdicodons onto the 20 amino acids; some amino acdsnmoded
multiple codonsThree specidlstop” codons do not encodeydhing: when the @nsldion
madinely hits one of thesehe piocess halts and theqgtein is completeThese poteins then
fold up into comple 3D stuctures,some of vhich migrate to diferent places in the cell or

matrix is filled, proceeding left toight and
row by row, as bllows:

DIi, j]
Upi-1j]+b

= maxgD[i,j -1 +b
EDli-1j-1+9A,B;]

wherebis the penaltydr inseting a g of
one haracter in either sequen@dgA;, B
is the scoe defned by the alignment of the
chamactes & positioni in sequencé, andj
in sequenc®. As the brmula shavs, only
o three positions in the ni@x are impotant
efor filling a given enty: up, left, and digo-
nally up and leftA diagonal mare core-
sponds to aligning the ripair of hamactes
fromAandB; horizontal and ertical moves
correspond to ading or extending @ps.
The Smith-Véterman al@rithm, one of the
most widey used methodof optimal align
| ment, pemits \arable-
length @ps in eab se

forces thachang a sequenceeaas lilely to
inset (or delete) seeral charactes as thg are
to inset just one bamacter Thus,the penalty
for creding a @p should bedirly large, but tha
for extending a gp should be small.

As the amount of sequencetdayew
throughout the 1980seseachers needed
faster compéson algrithms.William Pear
son and Deid Lipman obsered tha a hash
ing goproad would run nuch faster al-
though it would not guaaintee an optimal
alignment To put this in contet, consider
that the most common use of alignmerapr
grams is br aligning a single sequence
against a lage ddabase of sequencebhe
hashing pproach preprocesses the thbase
by identifying, for all substings up to aiked
lengththose subsiings’locéions in the da-
baseWe can thenind, in constant timgthe
location of ead substing gppeamng in a
quely, wherever it occus in the déabase
Once ve hare hashed the queto the méch-

guence and prides a gp

penalty function of the | A --"r----HTSTS‘NOT?DNA----S‘T??T"‘“‘?T
Toma(x_1)+b'wheEb B: BUTMAYBEITIS---APROTEINSEQUENCE
is the cost of opening up a

gap, ais the cost (usuall A ——— THISISNOTADNA-SEQUENCE
small) of extending a gp I EERERRE

by one positionandxis the B: BUTMAYBEITISAPROTEINSEQUENCE
gap siz2. The intuition

behind this impdant fune
tion is thathe eolutionay

Figure 1. Two alternative alignments of two short sequences of English text. Verti-
cal bars (|) indicate characters that match; dashes (—) indicate gaps.
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Table 1. Performance of Glimmer on six microbial genomes. The additional-genes column reports the number of genes found by the system but not included in published anno-
tation; further investigation is needed to determine if these are false positives or genuine genes.

ASSOCIATED NUMBER ANNOTATED ADDITIONAL (FALSE?)

ORGANISM DISEASE (IF ANY) OF GENES GENES GENES

H. influenzae Ear infections and meningitis 1,738 1,720 (99.0%) 242 (14%)
M. genitalium Urethritis 483 480 (99.4%) 82 (17%)
M. jannaschii 1,727 1,721 (99.7%) 218 (13%)
H. pylori Chronic ulcers and gastritis 1,590 1,550 (97.5%) 322 (20%)
B. burgdorferi Lyme disease 849 845 (99.5%) 67 (8%)
T. pallidum Syphilis 1,039 1,012 (97.4%) 180 (17%)

ing locdions in the d&base a second
process tak&s over and gtends the mghes.
The hulk of the work is spent hes, explor-
ing these potential ntehes and deciding
which ones toeport badk. Peasson and Lip
man frstimplemented this idea in aggram
called Fasta® An extension of this idea is t®
computefor eat substing sin the inputall
stings within a distancd of s, whered can
be deined ty ary of various distance m&-
ces.A system called Blast uses thip-a|
proad.® These tw programs hae had

tremendous success ané ased thousands a little bit of integenic DNA connecting the,

of times or moe per dg in labs and compa
nies aound the world. (For a moe geneal

introduction to sing-méaching algrithms

in computéonal biolagy, see the tet by Dan

Gusfeld.”)

Computational gene finding

The adantaye of sequence homajp
seaches is thascientists canesy quickly
identify the likely function of peviously
undhamacteized genesThe disaglantae is
tha mary newly sequencedanes hee no
homolgys; tha is, no similar gne has\er
before been sequencelh the 20 miocobial
genomes thusf sequence@ad containing
thousands ofgnesthe rumber of unknan
genes eported has anged from 30% to
upwards of 50%. Br these unknen genes,
sequence homofly seaches ae of little
immedide useReseathels nmust insteadaly
on gene-fnding programs to identify the
genes initialy, and then it for follow-up
reseath to hamacteize their functions.

Gene-inding piograms ae essentiajl
macdine-leaning programs tha must be
trained fom eisting gene déabasesThey
represent one of the mememakable sue
cess staes of computaonal biolagy; re-
seachers have used them to diseer tens of
thousands of megenes. Of thesenly a tiry
fraction hae been eplored futher, but they
provide the basisdr an eplosion in biolay
and biotebnolagy reseach.

Biological cells &ll into two major ¢asses:

prokaryotic and eukayotic. Eat requires a
different type of gne-fnding program.
Prokaryotes ae single-celled ganisms the
include all bactéa plus anotherlass of
organismsarchaeawhich awe bacteia-like
organisms theoften live in extreme emiron-
ments (br example extremel high temper
atures or high acidity). Pkaryotes hae very
small ggnomestangng from 0.5 to 10« 10°
bases in lengtttha typically have a coding
density of dout 90%—thais, about 90% of
the DNA sequence consists ageswith just

genes tgether

Eukarotes,on the other handnclude
humans,mammals,and all nulticellular
organisms,as well as mag single-celled
organisms sule as yeast and a&nous paa-
sites.They have nuch laiger genomestang
ing from a fw tens of millions of bases t
well over 13° bases in length. (le human
genome is pproximately 3.3 x 10° base
pairs.) The coding density of eukgotes is
far lower, rangng from a high of 50%dr
some simple passites to ol 1% to 3% ér
humansThe reduced gne density mas
gene discwery far moe difficult.

The computtonal gene-fnding comnu-
nity has deeloped mayn approates to meet
this dhallengg, including hidden Makov
models, Markov chains, decision tees,
neul networks, and ule-based systenis.

0

Prokaryotic gene fnding. As an &ample
let us consider Glimmea gene inder thais
widely used in the mkaryotic genomics
commnunity. Using a comput@nal tedinique
called intepolaed Makov models (IMMs),
Glimmer canihd goproximately 98% of all
the genes in a bactial genomeThe system
opelatesde noo, requiing no other input
than the gnome sequencehis aility is cru-
cial because témiques or lamge-scale
genomic sequencing\e@ no hints as tokere
the genes a& Because bacterhave a high
coding densitythe system can assumetth
genes a almost eerywhere, and the pob-
lem in most cases is deciding the position
the codon (thee-base combitian) tha rep-

resents the stapof transldion. Recall tha
DNA is translded thee basesta time into
proteins; thusa transldion can stdrin post
tioni, i+ 1,ori + 2,yielding thee completgi
different potein sequencesransldion can,
with equal likelihood use either semd of
DNA, giving three adiitional “reading
frames”on the opposite stind @ing in the
other diection. Mut of the gne-inding
process ixolves deciding \Wich of these six
reading fames is the tre coding sequence
Gene inders nmust also consider tha gven
region might contain no@nes aall.

Glimmer's goproad is to ild a Makov
chain model desiing the pobabilities of
ead of the bur bases after mgrdifferent
shot prefixes,calledcontets A zero-order
model needs nothing merthan the dur
bases’prior probabilities; orderk models
require the compution of 4+ probabilities.
The longr the modelthe better it should be
at modeling ag sequence da, as long as
sufficient training daa is aailable. For
example a third-order model should outper
form a second-aler oneeven if the second-
order model is caect (for example if the
data was gneeted ty a second-ater mod
el). Obviously, if the higherorder model is
correct,it will work better If the lover-order
model is corect,then the higheorder model
will be identical to the laver one; sowen in
this case the high@rder model will perdrm
as vell.

This is easy to sesupposé(a; | b._1, Gi_y)
is the pobability of afollowing the two char
actesch, andP(a; | b,_1, ¢, d._3) is the pob-
ability of afollowing dch If the second-ater
model is corect,thenP(a; | bi_1, o) =P(a; |
b_1, ¢i_,, d._3) because the tliprevious posi
tion is irelevant. Thus, the two models
behae the sameThe ony time a poblem
occus is when thee is insuficient dda to
estimae the higheorder model. In this case
the higherorder model mg indeed be ird
rior, because the pbabilities it contains &

ainaccuste.

With 4<1 probabilities necessarto train a

dfarkov model br DNA sequencesthe

amount of sequenceailable ciitically affects
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the length of the lorest model tha  Figure 2. The structure of a typical gene in the human genome. The introns, labeled |
and shown in dark gray, are spliced out and discarded during the protein-making
process. The exons, labeled E and shown in light grey, are then concatenated and
genome Glimmer uses a simple translated three bases at a time into a protein sequence. On either end of the gene is
anoncoding (intergenic) sequence, labeled N.

can be accuately built. To creae
training daa for a micobial

highly effective piocedue. Frst,
Glimmer scans theemome and
extracts long opereiading fames
(orfs).An orf is simpy a un of codons tha
contains no stop codons. Becausedtuf the
64 codons a stopsary suficiently long orf
has a ery high pobébility of being a gne
Glimmer's training pocedue simpy extracts
long orfs thado not werap long orfs in other
reading fames,and this often ideniiés as
mary as half of agnomes genesThis method
genegates moe than enough tkato seve as a
training set r a bacteal genome even for
relatively small ggnomes.

A Markov models optimal length thus
depends on thegnomes length.To avoid
using a diferent Makov model br ead
genome my colleaggues and | implemente
an gproad tha builds all models up to a cer
tain length,and then intgyolates among
them.The adiantage of this pproad is th4,
for contets where suficient dda is aail-
able, Glimmer uses the losg Makov mod
el. For contets where dda is spase (com
binations of bases thare rare), Glimmer
falls ba& on a shaer model ththas moe
data behind itThe ideadr IMMs originated
in the litelature on languge and spedcpro-
cessing pat of the naelty of Glimmer is
its goplication of this idea to biolgical
sequence da.

Glimmer's cental computéion is the
probability P(S|M) tha the modeM gener
ated a DM\ sequencé&. This piobability is
computed B multiplying IMM(S) over all
positions inS. The kth-order intepolated
Markov model scog, IMM (S), is computed
recusively as

IMM(S))
= A (S0 (R (S0)
(LA (S-) MM, 4 (S))

where A,(S,-1) is a umeic weight asse
ciated with thek-base contd ending &post
tionx —1in S andPy(S) is the estimee
obtained fom the taining dda of the pob-
ability of the base lodad d x in thekth-order
model.Thus the eighth-aler IMM scoe of
an oligomer (a subsequence of BNs a lin-
ear combintion of the pedictions madeyb
the eighth and lesserder models den to
the zro0-order modef

In addition to the IMM,Glimmer contains
rules br resolving weraps (genes usual
do not awerap in naural DNA sequences
and otherwise adjusting thegglicted gnes’
boundaies.We have tested the systesper
formance on nmeous bactdal genomes,
six of which are shavn in Table 1.

The oganisms listed in theltke indude fve
bacteia and one @haeon /. jannasaii), all
of which have been completglsequenced
(Visit www.tigr.org/tdb/mdb/mdthtml for a
completeup-to-dae list of ggnome sequence
completed and in pogress.)The oder gven
is the oder in which sequencing &s com

d pleted beginning withH. influenzaeandM.
genitaliumin 1995. Column 3iges the total
number of g@nes ér eat olganismThese &
the rumbes curently annotged in pultic data-
bases; some of theseimbes will likely
chang in the ngt few years,as moe biolay-
ical studies on thesegamisms a& conducted

The fourth column in the tdle gves the
number of g@nes thaGlimmer inds using
the simple fully automéaed trining poce
dure sletched dove. As the tdle males
appaent,the accuacy is very high,rangng
from 97.4% to 99.7% he final column lists
the rumber of @nes éund ly the system tha
are not contained in thefidial annotaion. |
labeled this columrAdditional (false?)
genes”intentionall; the curent stae of
knowledge éout these @anisms does no
let us stée defnitively hov mary of these
extra gene pedictions ae false and he
mary might one dg be discoered to beeal.

Eukaryotic gene fnding. The poblem of
finding genes in the mch lamger genomes of
eukayotes is &r moe difficult, for two main
reasons. st is these gnomeslow coding
densitywhich can be as i@ as 1% to 3% of
the total sequenc&econd is the psence
of subsequences of RN\talledintrons
Eukaryotic genes a transcibed and
transladed just as those of bactarae. How-
ever, there is an aditional stg tha bacteia
do not @ through. Eukayotic cells eca-
nize introns,which they cut out and discdr
The lemaining pieces (callezong are conr
caended and the tansldion of this much
shoter RNA product compises the prtein.

The reason intons ae present in
genes is still unknen. In human
DNA, introns ae not ony very
common; thg are also ery long,
typically constituting 80% of the
original RNA sequenceFgure 2
shawvs a sbemdic of what a gene
looks like in the gnome of humans and other
multicelled oganisms.

A typical human gne hasdur or fve long
introns,and the rons thaencode the ptein
are quite shdr usually in the enge of 100 to
250 base pasr(bp) in length. Manexons ae
consideably shoter, some &wer than 10 bp.
To dae, the expeiimental &idence desdning
the biolajical system thiarecaynizes eons’
and intons’boundaies is still incomplete
There ae also no dolproof computéonal

smethods ér recaynizing these boundas.

Intergenic egions containing no@nes can
extend br hundeds of thousands of bases|
This males dé&a modeling mch hader:with
exons being so shhmost stéstical methods
are inadequi for distinguishing arven from
ary other piece of DM.

Hidden Makov modelsAmong the most suc
cessful gne inders for human DM are those
that use hidlen Makov models (HMMSs).
Several have emeged One of the best crant
systems is Genscafwhich contains a semi-
Markov HMM. Genscan succeeds ¢lugh
sophisticted modeling and the inquoration
of mary different aspects of biofly. One of
the most dtical elements is its highlaccu
rate method dr identifying splice siteghe
locations in the DM\ where exons and intons
meet. Identitation of signals sutas splice
sites lets Genscan competedar the ungail-
ability of statistics tha cealy chamacteize a
shot exon. The splice-sitegcaynition alg-
rithm is a pobabilistic decision tee thauses
corelaions betveen diferent base positions
to split the d&a,and then sces sites using a
Markov chain d the tees leaf nodes.

Other gne-fnding systems he also
proven efective for human gne fnding.
Examples inlude the newal-net-based Giil
system (deeloped ly Edward Uberbaber's
group?) and the hiden Makov model sys
tem HMMgene (deeloped ly Anders Krogh,
who has also vitten a tutoial on the use of
HMMs to model DM\?) These ag just a éw
of the mag examples of gne-fnding sys
tems. Eab gene inder has its séemgths and
weaknessesnd some systems seem to-pe
form better on spead organisms.
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Bendhimaik daa. A sense of the accacy
(and dificulty) of computgional gene ind-
ing in eukayotic dea can best be obtaine
by consideing some esults on a standar,
bendimak daa set. Moises Buset and
Roderc Guigo caefully collected 570 gnes
from a ange of different \ertebrate oigan
isms,including humans! Eac gene vas
carfully chedked to mak sue tha solid lab-
oratory evidence suppaed it and thaall
exons and intons vere present in the da.
(Many gene sequences in the pictdata-
bases a onl patial.) The arerage gene in
this set haddur to fve exons and ceered
about 5,000 bp of gnomic sequence; 209
of these base paimere exons,and the est
were either intons or integenic sequence

Burset and Guig then an eight diferent
gene fnders on these gnes. On erage,
most gne fnders perbrmed well, but their
accungy was nuch lower than the standar
for bacteial gene inding, thus eflecting the
greaer difficulty of the ppblem. Genscan
had the best pasfmance correctly identi
fying 78% of the rons,with a specitity of
81% (tha is, 81% of its &on predictions
were corect). The second besege fnder,
Genie (also an HMM systent)ad a sensi
tivity of 69% and a speddity of 70% on the
same d&@l!? Both systems xhibited far
higher accuascy when measwed as the per
centgye of rudeotides carectly recagnized
as coding (parof exons) \ersus noncoding
(patt of introns or integenic), but this was
mainly a consequence of thact tha more
than 80% of theudeotides in the da were
noncoding

Eukawotic gene inding contirues to be
an actve and impaant aea of eseach, and
with the completion of the humargome
expected in the gar 2002the feld urgently
needs ma reseach into algrithms with
greder accuagy. When the humanemome is
first decodedmuch of its annotaon will
likely be either inaccate or incompletgand
mary yeass will pass bedre all human gnes
can be identiéd with confdence

OMPUTATIONAL EFFORTS HAVE
atempted to baacteize maiy other ptems
that occur in DM\ sequences. Shsequence
signals ag ciitical to the pocesses ofegu-
lating hov much of eat gene is poduced
As a simple gample consider thadifferent

dances and functiongget both sets of cells

human cell typesud as skin cells and hear 4:

cells, have diamdically different gppear

contain an identical cgpof the DMA se
quence and the samergesThis means the
encode identical pteins. By poducing dif
ferent mixtues of these pteins,a cell can
exhibit an enomous enge of functionsThe
regulaory patems tha govem these mix
tures ae typically regions of DM in close
proximity to the genes to Wich cetain pio-
teins bind The cells ability to recaynize spe
cific combinaions of bases in DN se
quences mvides compelling @dence tha
6 the patems «ist, but identifying the ptiems
computaionally is still a dhallenge.

The 21st centyrwill bring us aevolution
in our undestanding of human healtyenet
ics, and life itself This revolution will be
fueled ly the fundamentalenetic instuc-
tions contained in theemomes of eely liv-
ing oganismAs these gnomes ar revealed
through lage-scale sequencinge will grad
ually unravel the codedr the mag comple
interactions betwen potein and DM that
contml how a living omanism functions.
Computdional biolaggists ae working to ce-
ate tediniques thawill help us undestand
some of these intactions,but the geaest
challenges and disogeries ae yet to come™
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