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Abstract

With the information of the complete DNA sequence of sev eral higher euk ary otes

as w ell as expression patterns of thousands of genes under a v ariet y of conditions

in our hands, w e no w ha v e the p ossibilit y to computationally iden tify and analyze

the parts of a genome b eliev ed to b e largely resp onsible for transcription con trol {

the promoters. This article giv es a short o v erview of the state-of-the-art tec hniques

for promoter lo calization and analysis, and commen ts on the most recen t adv ances

in the �eld.

Understanding gene regulation is one of the most exciting topics within molecular

genetics. T o learn ho w the in terpla y among thousands of genes leads to the existance

of a complex euk ary otic organism is one of the great c hallenges, and the a v ailabilit y of

large amoun ts of information gained in the sequencing and gene expression pro jects b oth

demands and enables us to use computers to solv e this task.

A k ey role in gene regulation is pla y ed b y promoter sequences. W e de�ne this here as

the region pro ximal to the transcription start site (TSS) of protein enco ding genes, those

transcrib ed b y RNA p olymerase I I, and lea v e aside distal regions suc h as enhancers. W e

w an t to outline the recen t dev elopmen ts within t w o areas of bioinformatics that deal with

promoters: The general recognition of euk ary otic promoters, and the analysis of these

regions to iden tify the regulatory elemen ts hidden in them. This is the �rst step on the

w a y to complex mo dels of regulatory net w orks. W e fo cus on the computational p oin t

of view, pinp oin ting out some classic and man y recen t publications, and lea v e a more

elab orate description, esp ecially of the underlying biology , to the the cited pap ers and

reviews.
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Analyzing Promoters to Find Unkno wn Regulatory

Elemen ts

The in terest in promoter analysis receiv ed a great b o ost with the arriv al of microarra y

gene expression data: Once y ou ha v e a group of genes with a similar expression pro�le

(e.g., that are activ ated at the same time in the cell cycle

1

), a natural assumption is

that the similar pro�le is (partly) caused b y and re
ected in a similar structure of the

regulatory regions in v olv ed in transcription. The ultimate goal here is the automated

construction of sp eci�c promoter mo dels con taining a com bination of sev eral regulatory

elemen ts. Researc h so far has fo cused on the detection of single motifs (represen ting

transcription factor binding sites) common to the promoter sequences of putativ ely co-

regulated genes. Although this problem migh t seem simple at �rst, it is v ery complex and

requires that w e �nd

� a motif of unkno wn size that migh t not b e w ell conserv ed b et w een promoters

� in a set of sequences that do not necessarily represen t the complete promoters, and

� that w as in man y cases group ed together b y a clustering algorithm that itself can

b e error-prone and include genes that are not co-expressed in vivo .

Therefore, studies ha v e mainly concen trated on the rather "simple" genome of the

budding y east S. c er evisiae | it w as the �rst fully sequenced euk ary otic organism, and the

�rst one for whic h a comprehensiv e amoun t of expression data b ecame publicly a v ailable.

Statistics on mapp ed transcription start sites

2

sho w that its 5' UTR sequences are rather

short (a mean of 89 bp), and most of the kno wn regulatory elemen ts are close to the
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translated part of the genes, the ma jorit y b eing found b et w een 10 and 700 bp upstream

from the translation start co don. This means that for y east, the region upstream of the

start co don can b e used as a go o d appro ximation of a promoter region. Most algorithms

searc hing for conserv ed patterns in y east promoters th us tak e 500{1000 bp upstream of

the start co dons of supp osedly co-regulated genes as data set.

There are t w o fundamen tally di�eren t approac hes to tac kle the problem:

� A lignment metho ds aim at the iden ti�cation of unkno wn signals b y a signi�can t

lo cal m ultiple alignmen t of all sequences. As a direct m ultiple alignmen t w ould b e

computationally v ery exp ensiv e, the metho ds go a di�eren t w a y . F or example, the

CONSENSUS algorithm appro ximates a m ultiple alignmen t b y aligning sequences

one b y one

3

and optimizing the information con ten t of the w eigh t matrix constructed

from the alignmen t. Other algorithms use a probabilistic approac h; they consider

the start p ositions of the motifs in the sequences to b e unkno wn and p erform a

lo cal optimization o v er the sequence to determine whic h p ositions deliv er the most

conserv ed motif. Tw o imp ortan t metho ds are Gibbs sampling

4

and Exp ectation

Maximization in the case of the MEME system

5

.

� Enumer ative or exhaustive metho ds examine all oligomers of a certain length and

rep ort those that o ccur far more often than exp ected from the o v erall promoter

sequence comp osition

6 ; 7

. This approac h has gained in p opularit y since the arriv al

of complete genomes and is tric kier than one migh t b eliev e | for example, ho w to

coun t patterns that o v erlap themselv es?

F rom a practical p oin t of view, the most ey e-catc hing di�erence b et w een those metho ds

is ma yb e the shap e of the result: The alignmen t approac hes deliv er a mo del of the motifs
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(usually a w eigh t matrix) built from the alignmen t, the en umerativ e metho ds a list of o v er-

represen ted oligomers, p ossibly already group ed to form consensus sequences. Figure 1

sho ws an exempli�ed 
o w c hart to illustrate this.

Di�erences of Motif Iden ti�cation Approac hes

One imp ortan t di�erence among the approac hes concerns the b ackgr ound mo del. F or

example, a simple bac kground is to accoun t for a di�eren t o v erall G/C con ten t. Without

suc h a mo del, y ou will most lik ely �nd the ob vious, e. g. mainly GC-ric h motifs in

organisms whose promoters ha v e a high GC con ten t. A b etter mo del is constructed from

the set of all promoters and tak es their sp eci�c sequence comp osition in to accoun t. With

suc h a mo del, y ou a v oid �nding motifs that are common to all promoters suc h as T A T A

b o xes. But this also means that a sp eci�c mo del, at least for eac h organism, has to

b e trained, and this information is not alw a ys a v ailable. En umerativ e metho ds ha v e to

use suc h an elab orate bac kground mo del b ecause they need it to judge the imp ortance

of frequen t patterns. In con trast, alignmen t metho ds usually incorp orate only the G/C

con ten t, whic h mak es them more prone to fail if the motif is not v ery w ell conserv ed

among the sequences and the sequences to b e examined b ecome to o large

8

.

Most of the en umerativ e algorithms need to ha v e the size of the motif sp eci�ed in

adv ance. Because of the �xed size, they often deliv er a n um b er of similar motifs simply

shifted b y one base or ha ving mismatc hes. Some metho ds pro vide an automatic p ost-

pro cessing to group motifs to consensus strings and th us come up with a small n um b er of

putativ e regulatory elemen ts that can b e examined b y exp erts more easily . A p oten tial

problem here is that parts of the consensus migh t come from di�eren t sequences.
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The alignmen t approac h requires di�eren t statistics dep ending on ho w often a pattern

should b e presen t in the sequences. F or instance, MEME can b e run in three mo des

assuming that a motif o ccurs exactly once, at most once, or an arbitrary n um b er of times

p er promoter sequence. The Gibbs sampler implemen tation listed in table 1 also allo ws

for zero or m ultiple o currences. In principle, alignmen t metho ds yield one pattern p er run,

but they can b e run sev eral times to detect more than one motif, masking out previously

found sites. Gibbs sampling is a non-deterministic approac h, meaning that ev en without

masking out sites, it migh t deliv er di�eren t motifs.

New directions

Some limitations of en umerativ e metho ds ha v e b een eliminated b y a n um b er of recen t

publications: The motif iden ti�cation problem w as ma yb e the most outstanding topic at

the ISMB 2000 conference on in telligen t systems for molecular biology

1

and has also b een

prominen t in sev eral other publications. It is no w p ossible to detect homo- or hetero-

dimer motifs separated b y a �xed

9

or v ariable spacer length

10

, or a v ariable motif length

in general

11

. T o allo w for mismatc hes, am biguous n ucleotide letters (suc h as R for the

purines) are no w included in the oligomer alphab et.

Th us it seems as if the en umerativ e approac h is the metho d of c hoice: It exhaustiv eley

searc hes o v er all p ossible oligomers and pro vides more signi�can t results b ecause of the

bac kground mo deling. In practice, though, alignmen t metho ds are more 
exible: Because

of the simple bac kground, they are not restricted to one sp eci�c organism. They can also

�nd long motifs the detection of whic h is simply not feasible b y an exhaustiv e approac h.

1

h ttp://ism b2000.sdsc.edu
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Also, they deliv er a w eigh t matrix as a comprehensiv e mo del for a motif whic h can b e used

more 
exible than a consensus sequence for searc hing purp oses. W e therefore prop ose a

t w o-step approac h: First apply an en umerativ e approac h, and use the results to initialize

a w eigh t matrix for an alignmen t metho d. Unfortunately , no suc h com bined approac h has

b een published y et, but the Gibbs sampler giv en in table 1, for example, lets y ou sp ecify

a w eigh t matrix to start with. Of course, this only w orks if b oth metho ds are a v ailable,

whic h so far is the case for only y east and some microbial organisms.

The describ ed metho ds are often applied on a set of promoters that w ere �rst group ed

together using gene expression lev el measuremen ts. Bussemak er et al. recen tly analyzed

the whole set of y east regulatory sequences without using an y information on gene ex-

pression lev els

11

, constructing a dictionary of oligomers of increasing length and using the

previous dictionary of shorter oligos as bac kground. A new w a y to lo ok at the data is to

cluster genes based on b oth expression lev els and common motifs at the same time

12

. This

can help to separate gene groups that are activ e under the same conditions but b elong to

separate regulatory path w a ys.

An orthologous approac h is to iden tify elemen ts not b y analyzing di�eren t promoters

from the same organism, but promoters of the same gene from ab out 10 di�eren t related

sp ecies

13

. An optimal alignmen t of a small region of sp eci�ed size is constructed that tak es

the ph ylogenetic distance in to accoun t.

The question remains ho w w e can use all these metho ds when w e mo v e on to the

analysis of higher euk ary otes with their highly complex genomes. The euc hromatin of

D. melano gaster has a gene densit y of roughly one gene ev ery 9 kilobases and an a v erage

predicted transcript size of 3058 bp

14

, lea ving a h uge p ortion of the genome as p oten tial
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lo cations of regulatory elemen ts. In this case, the alignmen t of nonco ding sequences from

t w o related sp ecies, also kno wn as ph ylogenetic fo otprin ting, can help to narro w the searc h

region and rev eal conserv ed and p oten tially regulatory regions

15 ; 16

. A recen t publication

closes the gap b et w een this approac h and motif iden ti�cation: 28 orthologous co-regulated

gene pairs from h uman and rat w ere automatically aligned to iden tify conserv ed ungapp ed

sequence blo c ks, and the subsequen t analysis of the conserv ed parts with a Gibbs sampling

approac h rev eiled the kno wn motifs that w ere missed otherwise

17

. The main assumption

for ph ylogenetic approac hes is that the regulatory path w a y itself has not div erged whic h

w ould result in di�eren t motifs with the same function.

If w e do not ha v e information from related sp ecies, w e can concen trate on the analysis

of pro ximal promoter regions close to TSSs, but the length of UTRs of higher euk ary otes

prev en ts us from assuming that the TSSs can b e found immediately upstream of the

co ding part of a gene. In our recen t genome annotation assessmen t

18

, the 92 Drosophila

genes from the set for whic h full-length cDNA information w as a v ailable had an a v erage

UTR length of ab out 1,900 bp (17 transcripts had UTRs longer than 1,000 bp). This

means w e ha v e to �nd the start sites �rst.

Finding the Promoters in Genomic DNA

F or a long time, bioinformaticians ha v e tried to come up with algorithms able to iden tify

the TSSs in euk ary otes. This is not easy b ecause promoters are v ery div erse, and ev en

w ell-kno wn signals suc h as the T A T A b o x can b e w eakly conserv ed or missing altogether.

Algorithms for general promoter recognition so far can b e classi�ed in to t w o groups:

8



� Se ar ch-by-signal algorithms mak e predictions based on the detection of core pro-

moter elemen ts suc h as the T A T A b o x or the initiator, and/or transcription factor

binding sites outside the core

19

.

� Se ar ch-by-c ontent algorithms iden tify regulatory regions b y using measures based

on the sequence comp osition of promoter and non-promoter (t ypically co ding and

in tron sequences) examples

20

.

There are also metho ds that com bine b oth ideas { lo oking for signals and for regions

of sp eci�c comp osition

21 ; 22

.

F or an exact lo calization, promoter prediction should also mean iden ti�cation of TSSs.

But searc h-b y-con ten t metho ds do not pro vide go o d TSS predictions b ecause they do not

lo ok for p ositionally conserv ed signals. T o enable the comparison of di�eren t algorithms,

predictions are th us coun ted as correct if they are made within a windo w around an

exp erimen tally v eri�ed start site. Using this scoring, an ev aluation in 1997 found that

man y algorithms iden ti�ed a third up to half of the start sites within genomic DNA

sequences

23

. The programs w ere run ab initio , i. e. without an y additional information

but the sequence itself. The problem, though, w as the v ast n um b er of false p ositiv es:

Ev en the b est algorithms had one false TSS prediction within 500{1,000 base pairs.

New F eatures, New Algorithms, New Hop e

As a resp onse to these rather disencouraging results, di�eren t approac hes for promoter

�nding w ere pursued. One idea is to pro vide an accurate prediction of the TSS, but only

for small regions kno wn to con tain a promoter

24

. An "opp osite" algorithm pro vides sp eci�c
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predictions of regulatory regions (of a size of roughly 1,000 bp) via searc h-b y-con ten t, but

giv es no information whether the a�ected gene is on the leading or lagging strand, or

where within the region the TSS itself is lo cated

25

. A fundamen tally di�eren t approac h

is to construct sp eci�c instead of general promoter mo dels for groups of genes suc h as

m uscle activ e genes kno wn b y exp erimen t to con tain sp eci�c com binations of regulatory

elemen ts

26

(review ed in detail b y W erner

27

) | this is where promoter �nding and analysis

meet.

With the complete genome of man y organisms at our �ngertips, in terest in general

promoter prediction has a w ok e again. First, there is the fact that ev en though the ab

initio p erformance of the algorithms is not as go o d as desired, this is not the w a y the

annotation of genomes is done. Man y algorithms are used together, and limiting the

analyzed sequence to upstream from the start of a gene prediction or a cDNA alignmen t

reduces the n um b er of false predictions immensely . Second, slo w but constan t adv ance

has b een made | in a more recen t assessmen t of b oth ab initio and gene �nder coupled

promoter predictions for Drosophila, the ab initio metho ds had less false p ositiv es than

b efore

18

, and coupling them with a gene �nder pro v ed to b e quite successful | although it

lo oks lik e it will b e hard to ac hiev e a sensitivit y of more than 50%. Third, other features

are kno wn that can b e deriv ed from the DNA sequence

28

and ma y b e suitable for promoter

recognition:

� Man y v ertebrate promoter regions coincide with CpG islands. These are regions

where the C+G con ten t is high and the CG din ucleotide o ccurs more frequen tly

than exp ected, a consequence of the fact that the DNA of man y promoters is un-

meth ylated so as to b e accessible to regulatory proteins. A metho d to discriminate
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b et w een CpG islands in promoters and in other parts of the genome has just b een

published

29

. This metho d can b e seen as a searc h-b y-con ten t approac h and do es not

deliv er a TSS prediction. The use of CpG island feature in the latest v ersion of our

McPromoter predictor (see table 1) has also lead to a considerable reduction of false

p ositiv es b y roughly one third. Unfortunately , CpG islands only exist in v ertebrate

organisms.

� F eatures common to promoters of all organisms are structural prop erties of DNA,

suc h as b endabilit y or conformation (a compilation w as carried out b y Liao et al.

30

).

F or these prop erties, scoring tables based on di- or trin ucleotides w ere determined

exp erimen tally and can b e used to calculate pro�les o v er the DNA sequence. Stud-

ies ha v e sho wn that in general, euk ary otic promoters indeed do ha v e a distinct pro-

�le when compared to co ding or non-regulatory sequences

28

. Whether using these

features will impro v e recognition remains to b e seen: The pro�les of individual se-

quences can b e v ery noisy and th us not easy to use, and it is not clear y et if they

pro vide new information that is not accurately re
ected in the sequence itself.

The most recen tly published promoter �nding and analysis to ols are listed in table 1.

More links can b e found in comprehensiv e reviews

23 ; 27

.

Will w e b e able to �nd the regulatory regions of euk ary otes with high accuracy , and

if so, will w e b e able to deriv e complex mo dels for transcription regulation from their

sequence? The question is op en, but w e certainly are on the w a y .
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Program Name description HTTP Address

Gener al Pr omoter Finding

Promoter2.0 searc h-b y-signal, arti�cial neural net w ork www.cbs.dtu.dk/services/Promoter

NNPP searc h-b y-signal, time dela y neural net w ork www.fruit
y .org/seq to ols/promoter.h tml

PromoterInsp ector searc h-b y-con ten t, class-sp eci�c oligomers www.gsf.de/bio dv

McPromoter V3 signal/con ten t, www.m ustererk enn ung.de/HTML/English/

sto c hastic segmen t mo del/neural net w ork Researc h/Promoter

CorePromoter signal/con ten t, discriminan t analysis argon.cshl.org

Pr omoter A nalysis T o ols

RSA T o ols y east and microbial exhaustiv e searc h www.ucm b.ulb.ac.b e/bioinformatics/rsa-to ols

Gibbs sampler alignmen t metho d ba y esw eb.w adsw orth.org/gibbs/ gibbs.h tml

MEME alignmen t via Exp ectation Maximization meme.sdsc.edu

BBA ph ylogenetic fo otprin ting b y ba y esw eb.w adsw orth.org/

Ba y es alignmen t cgi-bin/ba y es align12.pl

PipMak er ph ylogenetic fo otprin ting b y iden tit y plots bio.cse.psu.edu

T able 1: A selection of recen tly published WWW accessible promoter �nding and analysis

to ols.
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Figure 1: An exempli�ed 
o w c hart to illustrate the t w o di�eren t approac hes for motif

iden ti�cation. W e analyzed 800 bp upstream from the translation start sites of the 5 genes

from the y east gene family PHO b y the publicly a v ailable systems MEME (alignmen t)

and RSA (exhaustiv e searc h, see table 1). MEME w as run on b oth strands, one o ccurence

p er sequence mo de, and found the kno wn motif rank ed as second b est. RSA to ols w as

run with oligo size 6 and non-co ding regions as bac kground, as set b y the demo mo de of

the system.
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