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Background and Motivation. The haploid human genome is 23 pieces of text of total length 3 109.  (the fact 
that the text is spread on 23 pieces is a detail that can be ignore for now) It has a lot of structure in the sense 
that it has protein genes, RNA genes, regulatory signals in it.  Additionally, it has structural structure related 
to packing into chromosomes, duplication and more.   This complexity makes it a challenging task to analyse 
by  computational  and  statistical  methods.    The  comparison  of  different  related  genomes  is  a  major 
contributor to the understanding of genomes.    
    Search  for single patterns  is  still  important and challenging.     Signal search can be split  into cases:  Is  the 
signal  known?    Is  it  partially  known?  Do  we  accept  error?    If  we  accept  error,  then  what  kind  of  error?  
Substitutions or also insertion‐deletions of single letters?  If we don’t know it, we are searching for common 
instances of an unknown signal and the same questions pertain concerning errors.  Searching for patterns can 
be complicated by  the structure of  the human genome since  it makes  it  relevant  to search conditionally on 
features in the human genome, such as “500 base pairs before a protein gene” or similar criteria.   We could 
also have a battery of  signals we are searching  for simultaneously and  it  could be  that  the search could be 
rationalized relative to first searching for one signal, then the second etc. .  To all these search scenarios are 
additionally added the question of statistical significance: is the observation (found configurations of signals) 
statistically  significant?    Ie  could  it  as well  have been observed  in  a  random string.    Thus we now need  to 
define a random string.  This can sound easy – just flip a four sided (A,C,G,T) coin 3 109 times.  This is good for 
many purposes, but can also fail seriously due to the inherent structure of the human genome.   For instance 
CG rich regions are present in the genome and the naïve model of the genome, would make “CGCGACGCGC” 
have a  lower probability than a model that  incorporates regions of CG richness in the random model of the 
human genome.  
 
 
 
 

 
 

 
 
 
  Searching for a single signal without error.  The simplest way to do this is to scan the sequence starting at all 
conceivable  positions  and  then  scan  both  sequence  and  pattern  searching  for  mismatches.    If  there  is  no 
mismatch a match has been found.   Algorithms faster than this has been devised (Knuth et al., 1973; Boyer et 
al.,1974).  
  Searching for a single signal allowing substitution errors. Again we can start at each position in the sequence and 
search for mismatches with the pattern, but this time only discarding a position as a math if the number of 
mismatches exceeds the number allowed. This is actually into the realm of local alignment (Smith and Waterman, 
1981), the problem of trying to identify regions in two sequences that are similar. Here we would require the region 
of the pattern to be the entire pattern - which is also sometimes called glocal alignment - and furthermore disallow 
insertions and deletions when comparing the regions, a feature usually allowed for alignment. With mismatches we 
can no longer use the fast methods for searching without errors, as they rely on knowing exactly what we have seen 
so far when the first mismatch occurs. Still, faster methods than the naive approach are possible (Chan et al., 2006). 
  Searching for a single signal allowing substitution and insertion­deletions errors.  This is a special case of local 
alignment (Smith and Waterman, 1981).  (Global) Alignment finds the best way of putting “‐“ into two strings 
so  they  become  equally  long  and  many  identical  nucleotides  are  matches  in  the  first  sequence  with 
nucleotides  in  the second sequence.   Local alignment solves  the same problem, but now we are  looking  for 
sub‐segments in the two sequences that align well.  Signal search with substitutions and insertion‐deletions is 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Above: a single signal (red) is to be search for in one sequence (blue) that contains a single instance of it.  More instance could 
be envisaged.  How is this done most efficiently? 
Below:  In general four cases can be described: i. we look for a perfect match.  ii. we allow errors due to substitutions  iii.  We 
allow errors due to substitutions and insertion-deletions.  Iv. We rank the possible matchings according to a weight function and 
keep matches above a certain threshold or the best match. p1 and p2 are here the two patterns of length 5, W the weight of the 
complete patterns defined via a nucleotide-nucleotide weight function w(,).   
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a special case of local alignment because now we allow a segment in the second sequence, but the segment in 
the first sequence must be the complete sequence.  
  Searching  for  signals based on nucleotide­nucleotide matrix.      This  is of done via  a position  specific weight 
matrix  (PWM)  –  (Wasserman  and  Sandelin,  2004).      The  PWM  is  made  by  having  observed  a  series  of 
previous  instances  of  the  pattern.    The  frequency  of  each  nucleotide  is  calculated  in  each  position  in  the 
observed pattern.  The frequency of nucleotides in a background model (not pattern) is also given.  A score is 
given  to how well  the pattern  at hand  fits  the pattern distribution  relative  to  the background distribution.   
This  is  in  principle  a multiplicative  score,  but  is made  additive  by  taking  the  logarithm.    Ie  a  nucleotide N 
would score  log[fi(N)/f(N)], where fi(N)  is  the probability of seeing N at  the  i’th position of  the pattern and 
f(N)  is  probability  of  seeing  N  in  the  background  distribution.      Databases  with  PWD  corresponding  to 
different classes of patterns are available (for instance JASPAR and TRANSFAC).  
  Searching for common unknown exact signals signals.  One clever way to approach would via suffix trees, that 
is a compact way to represent all segments of a sequence in a compact way (McCreight, 1976). More compact 
generalisations have been found.    
 
  The  above  problems  vary much  in  computational  hardness  and  how well  defined  they  are.    They  are  all 
relevant for analyzing the human genome.  
  Describing context dependent conditions and evaluating statistical significance using stochastic null models for 
genomes  is  often done  via methods used  to annotate genomes.        Instead  of modelling  the  probability  of  a 
genome directly, it is done via hidden states describing the properties of interest (CG‐islands, protein coding, 
RNA folding, signals,..). Given the hidden states the nucleotides of the genomes are emitted probabilistically.   
The favourite models for the hidden states are stochastic grammars (Durbin et al., 1998 chapt. 9) 
   
Plan: 
Read the first seven chapters of the Python tutorial available in the documentation section at www.python.org. 
While you are reading the tutorial, start working on a program that determines whether a pattern occurs in a string 
by naively checking for occurrence at each position in the string. 
Get hold of chromosome 21 of the human genome, e.g. from genome.ucsc.edu. A common promotor signal is the 
TATA box that will most often consist of the string TATAAA. How many times does this string occur in 
chromosome 21? You may want to start just looking for it in a small part of chromosome 21 to get an idea of how 
long time it will take to search the entire chromosome. 
Write a program that uses the faster method of Knuth et al. or Boyer et al. How much faster is it to search for TATA 
boxes with this program? Access the one of the promoter data bases (TRANSFAC or JASPAR). Can you transform 
a position weight matrix to its most probable string? Search for the most probable string for a couple of promoters. 
Write a program that for each position computes the probability of obtaining the substring starting at that position 
from a PWM. What is a high probability? How many patterns with high probability occur in chromosome 21? 
Read Lawrence et al., 1993. Try to modify the method to find N occurrences in a single string (rather than 1 
occurrence in each of N strings), and write a program that does this. Can you find long patterns that occur many 
times in chromosome 21? You may also be able to get data from some of the other students working in our group 
this summer that allows you to search for one pattern repeated in a number of sequences. 

 
Comments. If the above is done, one could pursue: Access promoter database at TRANSFAC or JASPAR.  Search the human 
genome for occurrences of 10 of these promoters.  Plot these relative to the start of a gene just following them. Find the 
longest string occurring k times on the human genome.  k=2,..,100.  Plot the length(k).   Find the longest string occurring k 
times in the human genome allowing for e errors.  Plot the length(k,e). 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