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MotivationMotivation

Motif finding problemsMotif finding problems
DNA motifs (transcription factor binding sites)DNA motifs (transcription factor binding sites)
Protein motifsProtein motifs

Motif ModelingMotif Modeling
Position Specific Scoring Matrix (PSSM)
Does not take  (insert/delete) into consideration
Site dependency.

Motif cooperation



Motif Finding MethodsMotif Finding Methods

Methods based on PSSM, using statistical Methods based on PSSM, using statistical 
approaches such as EM, Gibbs sampler. Ex: approaches such as EM, Gibbs sampler. Ex: 
MEME, MEME, BiospectorBiospector, , AlignACEAlignACE. . 
Method based on wordMethod based on word--counting: finding the counting: finding the 
overover--represented short sequences. Ex: YMFrepresented short sequences. Ex: YMF
Our method is to combine these two paradigms.Our method is to combine these two paradigms.



Main Problems

Input dataInput data
KinaseKinase sequences: Swisssequences: Swiss--Prot (11,115 sequences)Prot (11,115 sequences)
KinaseKinase Families: E.C. number in Families: E.C. number in ENZYME 
database (81 families)
We also use PDB, PROSITE and Pfam databases 
for validation.

Objective:Objective:
Finding the functional sites for each Finding the functional sites for each kinasekinase family.family.
KinaseKinase discrimination based on the extracted sites.discrimination based on the extracted sites.



Stochastic Language Model

{E; S;R; P; T}
E is a set of symbols
S is the starting state
R is the set of grammar rules
P is the probabilities of different rules in R
T is the maximum variations allowed from S.



Hierarchical Stochastic Hierarchical Stochastic 
Language Model (HSL)Language Model (HSL)

Keyword model

Sentence model



Keyword Model

Model
E: 20 amino acids as symbols
R: insertion/deletion/mutaion
P: alignment with BLOSUM50 matrix and gap 
penalty 8
Tw: Fisher  rule to discriminate keywords and the 
background



Training Keyword ModelTraining Keyword Model

Constructing the starting state (key)Constructing the starting state (key)
over-represented 4-mers.

The top 30 most frequent 4-mers.
Chi-square test with Yates correction

Greedy algorithm is used to concatenate the 4-mers.

Wilcoxon rank sum test on the extended word.



Greedy Greedy Concatenating

ABCDABCD
BCDEBCDE
CDEFCDEF
ABEDABED
BEDDBEDD

ABCDEABCDE

ABCDEFABCDEFABEDDABEDD



Sentence Model

Sentence model is to explore the interSentence model is to explore the inter--relationship relationship 
among the keywords. among the keywords. 

Impliedly, we assume that the order of the keywords Impliedly, we assume that the order of the keywords 
are conserved in most of the training sequences. Such a are conserved in most of the training sequences. Such a 
conserved order constitute the starting sentence.conserved order constitute the starting sentence.

In some training sequences, some keywords may not In some training sequences, some keywords may not 
present, they are present, they are ““deleteddeleted”” from the starting sentence.from the starting sentence.



Sentence ModelSentence Model

Model elementsModel elements
E: KeywordsE: Keywords
S: Start sentence, ordered keywords.S: Start sentence, ordered keywords.
R: deletion.R: deletion.
P: The probabilities of deletion of keywords.P: The probabilities of deletion of keywords.
TTss: Maximum variation allowed. : Maximum variation allowed. 
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Training Sentence ModelTraining Sentence Model

Given the sequence, its score under the HSL Given the sequence, its score under the HSL 
model contains two partsmodel contains two parts

Sum of the matched keyword score Sum of the matched keyword score 
Keywords present probabilityKeywords present probability

Where n is the number of keywords, mi represent whether ith keyword present in 
the sequence or not, pi is the deletion probability of ith keyword, as Si is the 
keyword matching score. Here 3 is a scaling number same as BLOSUM 50.



Training Sentence ModelTraining Sentence Model

All keywords identified in the keyword model All keywords identified in the keyword model 
are the elements of the sentence model.are the elements of the sentence model.
The starting sentence is defined as the most The starting sentence is defined as the most 
common order of keywords located in the common order of keywords located in the 
positive training sequences.positive training sequences.
Align keywords back to sequences in the Align keywords back to sequences in the 
positive training data using DP algorithm.positive training data using DP algorithm.
An iterative procedure is used to training An iterative procedure is used to training 
deletion probability of each keywords. deletion probability of each keywords. 



Iterative ProcedureIterative Procedure

Maximization: P(SEQ, Match, PMaximization: P(SEQ, Match, Pss) with missing ) with missing 
data data ““MatchMatch””..

Initialization: set all deletion probabilities as 0.Initialization: set all deletion probabilities as 0.
Finding the best match at current estimation of Finding the best match at current estimation of 
PPss..
Updating PUpdating Pss by counting. by counting. 
Repeating until convergence.Repeating until convergence.



Find the Best MatchFind the Best Match
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Maximization:Maximization:



Sub-families

Our model preferred to the families evolved 
from same ancestor---homologues.
It’s possible that one kinase family contains 
sequences evolved from different ancestors---
analogues.
Divide the family into two sub-families

More than 10 sequences.
More than 5% sequences.



ResultsResults

PROSITEPROSITE
HSL: Recall/Precision=83.5%/23.0%HSL: Recall/Precision=83.5%/23.0%
MEME: Recall/Precision=37.3%/29.1%.MEME: Recall/Precision=37.3%/29.1%.

PDBPDB
HSL: Recall/Precision=66.1%/79.9%.HSL: Recall/Precision=66.1%/79.9%.
MEME: Recall/Precision=44.7%/74.7%.MEME: Recall/Precision=44.7%/74.7%.

PfamPfam
HSL: 90% keywords covered by HSL: 90% keywords covered by PfamPfam..
MEME: 77.2% keywords covered by MEME: 77.2% keywords covered by PfamPfam..



ResultsResults

Mutant monomer of recombinant human hexokinase of type 1 (PDB code: lcza) from 
hexokinase family. It has two similar domains which complex with glucoses (GLC) and 
glucose-6-phosphates (G6p).
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ResultsResults

The ribbon structure of two adenylate kinases. The left one shows a domain 
structure of E.Coli, the right one shows the domain structure of adenylate
kinase from a trimeric archaeal, both of them with bound AMP and ADP. 
The color ribbons are our predicted keywords. 



ResultsResults



ResultsResults



Summary

Hierarchical stochastic language model (HSL).Hierarchical stochastic language model (HSL).
HSL can capture the most important signals.HSL can capture the most important signals.
HSL takes relationship between keywords into HSL takes relationship between keywords into 
consideration.consideration.
Our approach can detect subOur approach can detect sub--families families 
automatically.automatically.
HSL outperforms MEME in HSL outperforms MEME in kinasekinase family family 
classification.classification.
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