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Abstract. We develop a method capable to identify important amino
acids for histogram-based methods predicting DNA-binding propensity.
This method can be used both for prediction from sequence information
(Tube Histograms) and prediction from structural information (Ball Histograms). We validate our method in prediction experiments using only
proteins’ primary structure, achieving favourable accuracies. Moreover,
the histogram-based methods equipped with this new searching method
also provide interpretable features involving distributions of amino acids.
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Introduction

The process of protein-DNA interaction has been an important subject of recent
bioinformatics research, however, it has not been completely understood yet.
DNA-binding proteins have a vital role in the biological processing of genetic
information like DNA transcription, replication, maintenance and the regulation
of gene expression. Several computational approaches have been proposed for the
prediction of DNA-binding function from protein structure.
In this paper we will be concerned with prediction of DNA-binding propensity from sequence information. Previously developed methods for DNA-bindingpropensity prediction can be divided into two main groups: alignment-based
approaches [5] and physicochemical-property-based approaches [8, 10]. Gao and
Skolnick [5] developed a threading-based method for the prediction of DNAbinding domains and associated DNA-binding protein residues. Ofran et al. [8]
used only protein sequence information, without requiring any additional experimental or structural information. Their method relies on sequence environment,
evolutionary proﬁles and predicted structural features (secondary structure, solvent accessibility and globularity). Patel et al. [10] used artiﬁcial neural network for prediction from amino acid sequences. Yan et al. [4] started with a
Naive Bayes classiﬁer trained to predict whether a given amino acid residue is a
DNA-binding residue based on its identity and the identities of its four sequence
neighbours on each side of the target residue.

Recently, we have introduced histogram-based methods which are able to
predict DNA-binding propensity either from sequence information (Tube Histograms) or from structural information (Ball Histograms [11]). In this paper we
develop a method capable to identify important amino acids for histogram-based
methods predicting DNA-binding propensity.
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Method

We propose the following approach to predict DNA-binding propensity. It consists of four main parts. First, so-called templates are found, which determine
amino acids whose distributions should be captured by tube histograms. In the
second step tube histograms are constructed for all proteins in a training set.
Third, a transformation method is used to convert these histograms to a form
usable by standard machine learning algorithms. Finally, a random forest classiﬁer [3] is learned on this transformed dataset and then it is used for classiﬁcation.
A template is a list of names of some Boolean amino acid properties. Given
a template and a location in the primary structure of a protein, we infer a list
of binary values indicating the truth values of the respective properties in the
template for the amino acid at the position. For example, the template (Arg,
Lys, P ositive, N egative, N eutral) acquires the value (1, 0, 1, 0, 0) if the amino
acid at the inquired position is an Arginine. A tube of size s represents a part of
an amino-acid sequence containing s consecutive amino acids (see Fig. 1).

Fig. 1. Illustration of the Tube Histogram Method - Amino acids are shown as small
balls in sequence forming an amino acid chain. They have diﬀerent colors according to
their type.

Given a protein, a template τ = (f1 , . . . , fk ) and a sampling-tube size s, a
tube histogram is a k-dimensional histogram constructed as follows. Starting by
placing the sampling tube on the ﬁrst s amino acids we get the ﬁrst sample for
the histogram. When a sample is collected the numbers of amino acids complying
with the particular properties listed in the given template are extracted from it
and stored. In further steps the tube is moved by one amino acid at time along
the protein sequence and the samples are continuously stored for subsequent
histogram construction. This process ends when the last amino acid is reached.

Finally, the histogram constructed from the collected samples is normalized.
Intuitively, tube histograms capture the joint probability that a randomly picked
sampling tube (Fig. 1) will contain exactly t1 amino acids complying with f1 , t2
amino acids complying with f2 etc.
In our previous study [11] we used pre-ﬁxed templates with charged amino
acids selected according to [9, 7, 6]. Here, we introduce a method for automatic
selection of templates which are suﬃciently discriminative to distinguish DNAbinding proteins from non-DNA-binding proteins. The basic idea of the method
is to ﬁnd templates which maximize distance between average histograms from
the two classes (DNA-binding and non-DNA-binding proteins). Intuitively, such
templates should allow us to construct classiﬁers with good discriminative ability.
We construct the templates in a heuristic way using best-ﬁrst search algorithm to maximize Bhattacharyya distance [2] between the average histograms
from the two classes. In order to avoid repeated construction of histograms from
the whole datasets, we construct a histogram corresponding to the biggest possible template (containing all amino acid properties), then, during the search,
we construct histograms for the other templates by marginalising this biggest
histogram.
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Results

In this section we present experiments performed on real-life data (PD138 [12]/
NB110 [1]). We decided to study distribution of amino acids (represented by tube
histograms). We constructed histograms with automatically discovered templates
(with maximum length 5) and three diﬀerent sampling-tube sizes: 5, 10 and 15.
We trained random forest classiﬁers selecting optimal sampling-tube size and an
optimal number of trees for each fold by internal cross-validation. The estimated
accuracy and area under ROC is shown in Table 1. As we can see, the accuracy
of our method exceeds the accuracy obtained by the method used in [12].

Method
Szilágyi et al.
Tube Histogram

Accuracy AUC
81.4
0.92
86.3
0.94

Table 1. Accuracies and AUCs estimated by 10-fold cross-validation on PD138/NB110.

The four most informative automatically selected templates are: (Arg, Cys,
Lys, Gly, Ala), (Arg, Cys, Lys, Gly, Asp), (Arg, Cys, Lys, Gly, Glu), (Arg, Cys,
Lys, Gly, Leu). It is noteworthy that each charged amino acids (under normal
circumstances Arg and Lys are positively charged, whereas Glu and Asp are
charged negatively) is contained at least one of these templates.
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Conclusions

We developed a method capable to identify important amino acids for histogrambased methods predicting DNA-binding propensity. We validated our method in
prediction experiments using only proteins’ primary structure, achieving favourable
accuracies. In future work we plan to validate this method in prediction experiments using proteins’ structural information (Ball Histograms).
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