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Background: DNA Binding Motifs

� Gene transcription is controlled by regulatory proteins th at

bind directly to the DNA sequence near to a gene (called the

upstream regulatory region)

� Regulatory proteins (TFs) can selectively control target g enes

by recognizing the “same” short sequence of DNA, called a

motif

� The motif sites are highly conserved but not identical, so we

describe motifs with a matrix instead of a single sequence
Frequency Matrix

A 0.05 0.02 0.85 0.02 0.21 0.06

C 0.04 0.02 0.03 0.93 0.05 0.06

G 0.06 0.94 0.06 0.04 0.70 0.11

T 0.85 0.02 0.06 0.01 0.04 0.77

Sequence Logo
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Predicting Co-Regulated Genes

� Biologists are interested in genes that are co-regulated, i .e.,

genes regulated by the same protein (with a common motif)

– used for inference about gene function and relationships

� Current method for a single species:

1. Microarrays used to identify potentially co-regulated g enes

2. Motif discovery then used to �nd a common motif

�!

aacctacgt ctagcatcgaaatcgacgacgatcgacgactagctactctacgatcg

aaaacatcgat acctactt ttggtcgtaactttggcacgatcagcgatcgatcact

aacagcta acctacgt cgaaatcgaacatcgagacggacggcaacgtctacgatcg

aaaacatcagctagcagcactagctaggat acctactt ttggtcgtaactttggct

aattatgctacg acgtacgt acacgtacgtgacggactaagtcagctagcgtagct

aattatgctacgtacgcggctcgctacactgacggagcatcaggtatt tcgtacgt

� Problem: Microarray experiments are labor-intensive and o nly

commercially available for certain model organisms
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New Method

� A method to identify co-regulated genes entirely on sequenc e

information, which is available for many more species

1. First, for each gene in Bacillus subtilis , identify orthologous

(same protein function) genes in other species

2. Discover motifs conserved between orthologous genes

across different species

3. Use motif similarity to cluster genes into co-regulated groups

� If motifs are functionally important, the motif sequence sh ould

be conserved by evolution between sets of orthologous genes
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Our Strategy vs. Microarray Analysis

Microarray Experiment

Co-regulated Genes?

Motifs

Clustering   

Motif Discovery

Orthologous Genes

Motifs

Co-regulated Genes?

Motif Discovery   

Clustering

Microarray-based Method Sequence-based Strategy

� Identi�cation of orthologous genes between species?

� Discovery of conserved motifs in orthologous upstream seqs ?

� Principled way to group motifs based on similar appearance?
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Orthologous Genes / Motif Discovery

� For each B.subtilisgene, we looked for orthologous (same

protein function) genes in six related species using a recip rocal

BLAST procedure

� Upstream sequences were collected for each Orthologous

Gene Set, for a total of 1516 separate OGS sequence datasets

� BioProspector used to �nd both one and two-block motifs in

OGS sequence datasets. Discovered motifs optimized by

BioOptimizer to �nd best predicted sites and width

� Both of these programs are based on a Bayesian data

augmentation model that treats the unknown motif locations as

missing data (Jensen et al, Statistical Science19:188–204)
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Modeling Similarity Between Motifs

� Total of 771 one-block and 1443 two-block motifs found

� Motif discovery gives us a set of different motifs ( M1; : : : ;Mn)

� We want to cluster motifs with similar matrices together, in

order to infer co-regulated genes

� Nucleotide conservation varies both within a single motif

(between positions) and between different motifs
Tal1beta-E47S AGL3
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Bayesian Motif Clustering Model

� Hierarchical model with levels for both within-unit and

between-unit variability in discovered motifs

– Each count matrix M i is realization of frequency matrix Qi

– Unknown Qi 's share common but unknown distribution F(�)

� Prior for F(�) is Dirichlet process D(a), leading to posterior

mixture of prior measure a and point masses at each Qi

F(�)jQ1; : : : ;Qn � D(a +
n

å
i= 1

dQi )

� Point mass component allows for the clustering of similar

motifs by constraining their unknown Q's to be equal.
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Clustering Model Implementation

� Model can be implemented with Gibbs sampling (MCMC), with

separate implementations for one-block vs. two-block moti fs

� At each iteration, each Qi is sampled to join a current cluster or

form a new cluster, according to probabilities p(Qi jQ� i;M;a)

� Actual implementation is a marginal Gibbs sampler that

samples only the clustering indicators zi 's (Q's integrated out)

� Result of each iteration is a partition of entire motif colle ction z

� “Alignment” step needed for motifs with different widths
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Analyzing Clustering Results

� Analysis will focus on best clusters , estimated as the sampled

partition ẑ with highest posterior density

� Incorporting variability into our best clusters:

1. Rank best clusters in terms of cluster strength : logarithm of

Bayes factor for cluster j

P(z j all samejM)
P(z j all differentjM)

=
P(Mjz j all same)

P(Mjz j all different)
�

P(z j all same)
P(z j all different)

2. Filter each best cluster j to remove motifs with low individual

strength : P(motif i being in cluster j)

� Best �ltered partition had 492 one-block clusters and 131

two-block clusters

Shane T. Jensen 10 August 10, 2004



External Validation Measures

� Constructed four external validation measures for our gene

clusters based on available Bacillus subtilisinformation

1. Functional Category Over-Representation

– Do clusters have genes with similar functions?

2. Known TF Over-Representation

– Are genes in a cluster regulated by same TF?

� Also have microarray values across 8 experiments

3. Gene Expression: Median Within-Cluster Correlation

– Do genes in a cluster have highly correlated expression?

4. Gene Expression: Average Within-Cluster Variance

– Do genes vary less across a cluster in expression?
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Signi�cant Gene Clusters

� 29% of one-block and 30% of two-block clusters are signi�can t

(a = 0:1) on at least one validation measure

� 7% of both one-block and two-block clusters signi�cant on

multiple validation measures, much higher than would expec t

by chance

Five Strongest One-block and Two-block Clusters Signi�can t on Multiple Measures
Expression Function Over-Representation Known TFs

rank size str cons var pval func num pval TF num pval
2 15 409.5 cCTcCTTt corr 0.04 SigE 2/15 0.07
13 7 224.2 ATTaTCAt corr 0.09 Transport/bindi 5/7 0.00 Fur 4/7 0.00
14 8 213.9 CGAAcatt Metabolism-nucs 3/8 0.00 PurR 5/8 0.00

DinR 2/8 0.00
19 9 193.8 AAggtGaa Metabolism-carb 3/9 0.09 CcpA 2/9 0.06

SigA 3/9 0.03
22 7 191.4 AatgTTCG Metabolism-nucs 3/7 0.00 PurR 6/7 0.00
3 8 300.9 CGaAcA-tgTtCG Metabolism-nucs 3/8 0.00 PurR 6/8 0.00
42 4 109.4 ccCcTt-AgaGGt Sporulation 2/4 0.07 SigE 2/4 0.01
85 3 82.2 TAtTaT-AggtGg Metabolism-carb 3/3 0.00 CcpA 2/3 0.00

SigA 2/3 0.02
86 3 82.0 ctaaat-TTAgTA corr 0.07 Metabolism-lipi 2/3 0.00
96 3 71.9 AATgAT-gAtaat Transport/bindi 2/3 0.06 Fur 2/3 0.00
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Examining Clusters in Detail

� Many one-block and two-block clusters share common genes

iTF14
CGAAcatt

recA

uvrB

purR

yebB

purE

yumD

hom

purA

iTF22
AatgTTCG

abrB
ytiP

jTF3
CGaAcA--tgTtCG

ydiA

yitG iTF5
caccTcCt

yabGftsA

yobO
spoIIM

spoIIP

cotH

jTF5
ctcCTt--aaGgag spoIVCA

� iTF14, iTF22, and jTF13 all contain 5 genes known to regulate d

by PurR protein, but several other genes also in these cluste rs

� iTF5 and jTF5 contain several genes (spoIIP, spoIIM, spoIVC A)

under the control of protein YlbO... caccTcCt is the YlbO motif?
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Conclusions and Future Work

� Motif discovery and clustering used in combination to predi ct

clusters of co-regulated genes

� Sequence-only method that complements microarray gene

clustering when cross-species sequences are available

� Clustering model accounts for uncertainty in discovered

motifs, allows number of clusters to vary, and estimates the

posterior mode (best clusters) as well as clustering variab ility

� Predicted clusters show higher signi�cance than we would

expect by chance on multiple external validation measures

� Future: incorporating phylogenetic distances between spe cies

into motif discovery for improved detection of weak motifs
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