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History
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 This material is based on the lecture slides for the textbook  

 R. C. Deonier, M. S. Waterman, S. Tavaré. Computational 
Genome Analysis: An Introduction. Springer, 2005.

 The material has evolved through several courses given at the 
University of Helsinki, with the first edition prepared by Esa 
Pitkänen for the Introduction to Bioinformatics course. 
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S O M E C O N C E P T S O F  M O L E C U L A R B I O L O G Y

Part I
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DNA
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Source: Wikipedia



One slide recap of molecular biology
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S I G N A L S I N  D N A

Part II
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Signals in DNA

 Genes

 Promoter regions

 Binding sites for regulatory proteins (transcription 
factors, enhancer modules, motifs)
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Typical gene

http://en.wikipedia.org/wiki/File:AMY1gene.png
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Genome analysis pipeline
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Gene regulation

 Let us assume that gene prediction is done.

 We are interested in signals that influence gene 
regulation:

 How much mRNA is transcriped, how much protein is 
translated?

 How to measure those?

 2D gel electrophoresis (traditional technique to measure protein 
expression)

 Microarrays (the standard technique to measure RNA expression)

 RNA-sequencing (a new technique to measure RNA expression, 
useful for many other purposes as well, including gene prediction) 
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Microarrays and gene expression

 Idea: 
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http://en.wikipedia.org/wiki/File:Microarray2.gif



Time series expression profiling

 It is possible to make a series of microarray 
experiments to obtain a time series expression 
profile for each gene.

 Cluster similarly behaving genes.
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Analysis of clustered genes

 Similarly expressing genes may share a common 
transcription factor located upstream of the gene 
sequence.

 Extract those sequences from the clustered genes and search 
for a common motif sequence.

 This approach is called motif discovery.

 We concentrate now on the structure of upstream 
region, representation of motifs, and the simple tasks 
of locating the occurrences of already known motifs.
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Promoter sequences

 Immediately before the gene.

 Clear structure in prokaryotes, more complex in 
eukaryotes.

 An example from E coli is shown in next slide (from 
Deonier et al. book). 
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Promoter example
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Representing signals in DNA

 Consensus sequence: 

 -10 site in E coli: TATAAT

 GRE half-site consensus: AGAACA 

 Simple regular expression:

 A(C/G)AA(C/G)(A/T)

 Positional weight matrix (PWM):

AGAACA

ACAACA

AGAACA

AGAAGA

AGAACA

AGAACT

AGAACA

AGAACAconsensus:

GRE half-sites:

1.00 0.00 1.00 1.00 0.00 0.86

0.00 0.14 0.00 0.00 0.86 0.00

0.00 0.86 0.00 0.00 0.14 0.00

0.00 0.00 0.00 0.00 0.00 0.14

 
 
 
 
 
 

A

C

G

T
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Position-specific scoring matrix (PSSM)

 PSSM is a log-odds normalized version of PWM. 1

 Calculated by log(pai/qa), where 

 pai is the frequency of a at column i in the samples.

 qa is the probability of a in the whole organism (or in some 
region of interest).

 Problematic when some values pai are zero.

 Solution is to use pseudocounts:

 add 1 to all the sample counts where the frequencies are 
calculated. 

1 In the following log denotes base 2 logarithm.
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PWM versus PSSM

7 0 7 7 0 6

0 1 0 0 6 0

0 6 0 0 1 0

0 0 0 0 0 1

 
 
 
 
 
 

counts

pseudocounts

8 1 8 8 1 7

1 2 1 1 7 1

1 7 1 1 2 1

1 1 1 1 1 2

 
 
 
 
 
 

1.00 0.00 1.00 1.00 0.00 0.86

0.00 0.14 0.00 0.00 0.86 0.00

0.00 0.86 0.00 0.00 0.14 0.00

0.00 0.00 0.00 0.00 0.00 0.14

 
 
 
 
 
 

PWM

PSSM 

(position-specific 

scoring matrix)

1.54 1.46 1.54 1.54 1.46 1.35

1.46 0.46 1.46 1.46 1.35 1.46

1.46 1.35 1.46 1.46 0.46 1.46

1.46 1.46 1.46 1.46 1.46 0.46

− − 
 
− − − − −
 
 − − − − −
 
− − − − − − 

log((8/11)/(1/4))

log((1/11)/(1/4))

log((2/11)/(1/4))

log((7/11)/(1/4))

assuming qa=0.25 for all a
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Sequence logos

 Many known transcription factor binding site 
PWM:s can be found from JASPAR database 
(http://jaspar.cgb.ki.se/).

 PWM:s are visualized as sequence logos, where the 
height of each nucleotide equals its proportion of the 
relative entropy (expected log-odds score) in that 
column.



 Height of a at column i is   

( ) log( / )i ai ai a

a

S p p q =

( )ai ip S
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Example sequence logo

1.54 1.46 1.54 1.54 1.46 1.35

1.46 0.46 1.46 1.46 1.35 1.46

1.46 1.35 1.46 1.46 0.46 1.46

1.46 1.46 1.46 1.46 1.46 0.46

− − 
 
− − − − −
 
 − − − − −
 
− − − − − − 

2
 b

it
s
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Searching PSSMs

 As easy as naive exact text search (see next slide).

 Much faster methods exist. For example, one can 
apply branch-and-bound technique on top of suffix 
tree (omitted here).

 Warning:

 Good hits for any PSSM are too easy to find!

 Search domain must be limited by other means to find 
anything statistically meaningful with PSSMs only.

 Typically used on upstream regions of genes clustered by gene 
expression profiling.
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#!/usr/bin/env python

import sys

import time

# naive PSSM search

matrix = {'A':[1.54,-1.46,1.54,1.54,-1.46,1.35],

'C':[-1.46,-0.46,-1.46,-1.45,1.35,-1.46],

'G':[-1.46,1.35,-1.46,-1.46,-0.46,-1.46],

'T':[-1.46,-1.46,-1.46,-1.46,-1.46,-0.46]}        

count = {'A':0,'C':0,'G':0,'T':0}

textf = open(sys.argv[1],'r')

text = textf.read()

m=len(matrix['A'])

bestscore = -m*2.0

t1 = time.time()

for i in range(len(text)-m+1):     

score = 0.0

for j in range(m):

if text[i+j] in matrix:

score = score + matrix[text[i+j]][j]  

count[text[i+j]] =  count[text[i+j]]+1

else:

score = -m*2.0   

if score > bestscore:

bestscore = score

bestindex = i

t2 = time.time()

totalcount = count['A']+count['C']+count['G']+count['T']

expectednumberofhits = 1.0*(len(text)-m+1)

for j in range(m):

expectednumberofhits = expectednumberofhits*float(count[text[bestindex+j]])/float(totalcount)

print 'best score ' + str(bestscore) + ' at index ' +str(bestindex)

print 'best hit: ' + text[bestindex:bestindex+m] 

print 'computation took ' + str(t2-t1) + ' seconds'

print 'expected number of hits: ' + str(expectednumberofhits)

pssm.py hs_ref_chrY_nolinebreaks.fa

best score 8.67 at index 397

best hit: AGAACA

computation took 440.56187582 seconds

expected number of hits: 18144.7627936

no sense in

this search!
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Refined motifs

 Our example PSSM (GRE half-site) represents only 
half of the actual motif: the complete motif is a 
palindrome with consensus:

 AGAACAnnnTGTTCT

 Exercise: modify pssm.py into pssmpalindrome.py
... or learn biopython to do the same in few lines of code

pssmpalindrome.py hs_ref_chrY_nolinebreaks.fa

best score 17.34 at index 17441483

best hit: AGAACAGGCTGTTCT

computation took 1011.4800241 seconds

expected number of hits: 5.98440033042

total number of maximum score hits: 2
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Discovering motifs

 Principle: discover over-represented motifs from the 
promotor / enhancer regions of co-expressing genes.

 How to define a motif?

 Consensus, PWM, PSSM, palindrome PSSM, co-occurrence of 
several motifs (enhancer modules),...

 Abstractions of protein-DNA chemical binding. 

 Computational challenge in motif discovery: 

 Almost as hard as (local) multiple alignment.

 Exhaustive methods too slow.

 Lots of specialized pruning mechanisms exist.

 New sequencing technologies will help (ChIP-seq).
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