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INTRODUCTION

DNA-BINDING PROTEINS

 Proteins containing      

DNA-binding Domains

 DNA-binding Domain is an 

independently folded 

protein domain containing 

at least one motif that 

recognizes DNA



INTRODUCTION

PROTEIN – PRIMARY STRUCTURE

Amino Acid Sequence



INTRODUCTION

PROTEIN – SECONDARY STRUCTURE

Alpha-helix Beta-sheet



THE PROBLEM THAT WE TRY TO SOLVE

Problem: Given a spatial structure of a protein, construct a 

classifier for predicting whether the protein binds to DNA or not.

 Many approaches have been developed in literature to 

tackle this problem

Additional Requirements: A learning algorithm for this task 

should be able to bring us additional insights into the protein-

DNA interaction mechanism.

 This has not received much attention in the literature. 
We will show that our approach could bring such kind of 
novel information.



AVAILABLE TRAINING DATA (BOUNDED

CONFORMATIONS)

DNA-binding Protein - Bounded conformation



AVAILABLE TRAINING DATA (UNBOUNDED

CONFORMATIONS)

DNA-binding Protein - Unbounded conformation



PREVIOUS WORK

Approaches using Evolutionary Information:

 Some algorithms use information about evolutionary 

conserved parts of proteins (so-called patches).

 Rationale: If some part of a protein remains unchanged 

during evolution then it is likely important for the protein’s 

function.

 e.g. Nimrod et al., Identification of DNA-binding Proteins 

Using Structural, Electrostatic and Evolutionary Features, 

J. Mol. Biol. (2009)

 A problem is that these approaches would not work 

well with engineered proteins (what is one of the 

main aims of our running project)



PREVIOUS WORK

Approaches NOT using Evolutionary Information:

 These approaches use mainly structural information 

or sometimes only the sequence information to 

predict whether a protein is DNA-binding or not

 In principle, they should be more applicable to 

engineered proteins

 One of state-of-the-art approaches: Szilagyi 

A, Skolnick J, Efficient prediction of nucleic acid 

binding function from low-resolution protein 

structures. J Mol Biol, 2006



Szilagyi A, Skolnick J, Efficient prediction of nucleic acid 

binding function from low-resolution protein structures. J Mol 

Biol, 2006)

THE WORK BY SZILAGYI ET AL.

 A logistic regression classifier based on the amino 

acid composition, the asymmetry of the spatial 

distribution of specific residues and the dipole 

moment of the protein.

 The features have been hand-crafted by 

biologists!

 We will show that ILP can construct better 

features outperforming Szilagyi’s features



OUR APPROACH



PROTEIN DATA BANK

PDB files



DATA

 Positive Data Set

 54 DNA-binding proteins in unbounded conformation

 Negative Data Set

 110 non-DNA-binding proteins

 Extracted Information

 List of residues (10’s of residue entries per protein)

 List of pair wise spatial distances among all residues 

(100’s and 1000’s entries per protein)

 Proportion of residues: ARG, LYS, ASP, ALA and GLY

 Spatial asymmetry of residues: ARG, GLY, ASN and 

SER

 Dipole moment



FOL REPRESENTATION

 Proteins described by formal-logic assertions, e.g.:

 res(‘1AYJ’, r1, ‘CYS’)

 dist(r1, r2, 10)

 Complete Description of a Protein – logical 

conjunction of formal-logic assertions for all 

residues and their all pair wise spatial distances

 Real protein – conjunction of 10 000’s of literals

 Features

 Feature F – conjunction of first order literals

 F = res(P,R1,’CYS’),res(P,R2,’HIS’),dist(R1,R2,8)



PROPOSITIONALISATION

 Propositionalisation – process of transforming a 
multi-relational dataset into a propositional 
dataset with derived attribute-value features

 The employed feature construction algorithm RelF*
constructs a set of features which are not 
redundant and have a frequency higher than a 
given threshold

*Kuzelka O., Zelezny F.: Block-Wise Construction of Tree-like Relational 

Features with Monotone Reducibility and Redundancy. Machine Learning, 2010

Examples 

(described in 

FOL)

Features
Attribute-

value learner

Decision 

tree,  

SVM,…



COUNTING FEATURES VS. EXISTENTIAL FEATURES

 Two options how to create the attribute value table:

 1. Existential* – a feature acquires value T (true) for a 

protein if it is present in the protein at least once

 2. Counting  – a feature acquires value n (integer) for a 

protein if it is present in the protein exactly n-times

F1 … FN

Protein 

1

T … F

… … … …

Protein 

M

T … T

F1 … FN

Protein 

1

5 … 0

… … … …

Protein 

M

3 … 1

Existential Features Counting Features

*Houssam N. et al., An Inductive Logic Programming Approach to

Validate Hexose Binding Biochemical Knowledge. ILP 2009



CLASSIFICATION

 Once we have a sufficiently rich set of features, 

we may feed the features into any attribute-value 

learning algorithm

 7 state-of-the-art attribute-value learning 

algorithms:

 Linear SVM

 SVM with radial basis kernel

 Simple logistic regression

 L2-regularized logistic regression

 Ada-boost (with decision stamps)

 Random forest

 J48 decision tree



RESULTS

 We obtained about 1500 structural patterns for 54 
unbounded DNA-binding proteins

 Accuracies obtained by stratified 10-fold 
crossvalidation using coarse-grained features (F1), our 
structural pattern features (F2) and combination of 
both of them (F1+2)



FEATURES GIVE US INSIGHT!
EXAMPLE OF A DISCOVERED STRUCTURAL FEATURE

 F = res(P,R1,‘ARG’), res(P,R2,’GLN’) , 
res(P,R3,‘LEU’), dist(R1,R2,10.0), dist(R1,R3,10.0)



CONCLUSIONS AND FUTURE WORK

 It turns out that an important factor contributing 

to the high predictive accuracies is that the 

features are not Boolean but rather are assigned 

values counting the occurrences of the 

corresponding spatial pattern in the protein. 

 We are currently trying to further improve the 

predictions by incorporating further background 

knowledge describing the protein domains.
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