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Abstract

Proteins are the material basis of all life, the key components of body cells, and
play important roles in the process of life activity. The interactions between proteins
play important role in the realization of various functions. The study of protein-protein
interactions and functions is of crucial importance in understanding the activities of
life, disease treatment, drug development and protein design. With the rapid develop-
ment of molecular biology techniques as represented by high-throughput sequencing,
more and more genomes have been sequenced, and also protein sequence and struc-
ture data is increasing. Using the traditional experimental methods to identify protein-
protein interactions and annotate protein functions can not meet the current demand.
Therefore, exploring new computational technologies to predict protein interactions
and functions, and uncovering the underlying biological principles have become an
increasingly important research topic.

In this thesis, we use machine learning methods to study several important aspects
of protein-protein interaction and function prediction: protein interaction site predic-
tion, protein interaction hot spot prediction, protein-protein interaction prediction and
protein function prediction. Also, a series of protein-protein interaction and function
prediction methods and tools have been developed. The main contents of the paper are
as follows:

1. In the area of protein interaction prediction, we have proposed two protein
interaction site prediction methods, one is based on ensemble learning and the other
is based on structural neighbor templates. We have also developed a semi-supervised
method and an ensemble method based on structural neighborhood properties. Fur-
thermore, we have proposed two protein function prediction methods, one is based on
sequence composition information and the other is based on structure and multi-data
sources.

(1) An effective ensemble-based interaction site prediction method has been devel-
oped, which combines bootstrap re-sampling technique, SVM-based fusion classifiers

and weighted voting strategy, to overcome the imbalanced problem and effectively uti-
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lize a wide variety of features. To improve the usefulness of the proposed method, two
special ensemble classifiers are designed to handle the cases of missing homologues
and structural information respectively, and the performance is still encouraging. The
robustness of the ensemble method is also evaluated by effectively classifying interac-

tion sites from surface residues as well as from all residues in proteins.

(2) Because the protein interface conservation among protein structural neighbors
is very significant, we design a protein interface prediction method based on the struc-
tural neighbor templates and support vector machine. The known interface residues of
the query protein’s structure neighbor, have been mapped to the query protein, and the
contact frequency map is obtained. Then we use support vector machine to predict in-
terface residues from surface residues. The performance of this method is higher than
that of the other existing methods both in DKBM and CAPRI datasets. We have also

developed an interactive and usable protein interface prediction web server - PredUS.

(3)Since mutagenesis experiments are expensive and time-consuming, the number
of experimental hot spots is very limited. To solve this problem, an iterative semi-
supervised algorithm, SemiHS, has been proposed. SemiHS incorporates unlabeled
data to overcome the imbalanced problem and to improve the accuracy of the classifier
when insufficient training data is available. Also, a new combination of sequence,

structure and energy features have been used.

(4)An integrated protein hot-spot prediction method has been developed based on
structural neighborhood properties. 108 Euclidean neighbor features and 108 Voronoi
neighbor characteristics have been calculated based on the 108 sequence, structure and
energy residue features. Then a random forest method is utilized to select the top 46
important characteristics. Due to the imbalance in the protein hot-spot prediction, we
also re-sample the negative samples (non-hot spots) to build an integrated classifier, and
achieve high prediction performance. On this basis, we also develop protein hot-spot

prediction web server - PredHS.

(5)Genome-wide protein-protein interaction prediction algorithm based on the
structure. First, for the query protein pairs’ structure or homology models, a struc-
ture alignment algorithm is used to search structure neighbors. Then we superimpose

the complex templates of the structure neighbors to generate an interaction model. A
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Bayesian network method is used to evaluate the interaction model. Finally, we use the
Naive Bayes method to integrate the structural information and other non-structural in-
formation, to build a synthesizing PPI prediction model. Whenever in the benchmark
or in the whole genome, our method outperforms the existing non-structure predic-
tion methods and high-throughput experimental methods, and thus has vast application
prospect.

2. We have proposed two protein function prediction methods, one is based on
sequence composition information and the other is based on structure and multi-data
sources.

(1)Four kinds of basic building blocks of protein sequences are investigated, in-
cluding N-grams, binary profiles, PFAM domains and InterPro domains. The protein
sequences are mapped into high-dimensional vectors to predict Gene ontology-based
protein function by using the occurrence frequencies of each kind of building blocks.
We also demonstrate that the use of feature extraction algorithms such as latent se-
mantic analysis and nonnegative matrix factorization. Experimental results show that
protein sequence information can be used to predict protein functions.

(2)Since similar protein structure means similar protein function, we propose a
structure-based protein function prediction model - PredGO. Based on the query pro-
tein’s structure or homolog model, we first use the structure alignment method to search
the first-level structure neighbors, then we search the second-level structure neighbors
from the structure neighbor database for the query protein’s sequence homologys. We
design an effective scoring function to evaluate the two-level structure neighbors’ an-
notations, and to annotate the GO terms with higher scores to the query protein. In
addition, PredGO use the Bayesian approach to integrate the non-structural informa-
tion, such as protein sequence and interaction data. Our approach has better prediction
accuracy and coverage than the existing non-structural methods, and can be applied to

the function annotation of the unknown protein sequences and structures.

Key words: protein-protein interaction, protein interaction sites, hot spots, protein

function, machine learning, structure alignment
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