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Machine learning for bioinformatics

Objectives: Present both conventional and recent techniques for
learning predictive models from bioinformatics data.

Parts in the course:
Introduction to data analysis for bioinformatics
(2 hours)
Introduction to machine learning and
classification (3 hours)
Classification algorithms (5 hours)
Feature selection (2 hours)



Prerequisites

Notion of probability (conditional probability, Bayes theorem)
Notions of estimation (bias, variance)
Principal component analysis
Notions of programming



The molecular biology dogma



Data analysis in bioinformatics

Within last years the complete sequence has been determined
for a number of genomes from humans and other organisms.
Determining the nucleotide sequence of a DNA molecule,
however, is only a first step towards the ultimate goals of

1 understanding the functionality
2 knowing the locations of all the genes and regulatory sites of

the molecule.

The result of sequencing efforts and the availability of new
measurement tools (e.g. microarrays) makes a great volume of
data available for analysis.
This has created the need for (semi) automated methods to
analyze massive datasets. Data analysis methods are expected
to support biologists in discovering patterns, understanding
correlations, reducing complexity, predicting events. This is
often referred to as knowledge discovery.



Biological applications of prediction methods

Prediction of protein sub-cellular localization.
Prediction of translation initiation sites.
Prediction of protein secondary structure.
Prediction of protein-protein interactions from primary
structure.
Gene recognition
Gene classification from micro-array expression data
Tissue classification from micro-array expression data
Regulatory element detection using correlation with expressions



Machine learning

Many interesting problems in computer science are extremely
complex and it is often difficult or even impossible to program
directly a solution.
Think to how to implement a program able to: recognize a
face in a photo, to decide whether an email is a spam,
recognize handwriting, categorize a news.
The same happens in bioinformatics.
Consider the problem of recognising genes in a DNA sequence
or inferring the property of a protein from its structure.
Machine learning offers an alternative methodological
approach to deal with these problems.
By exploiting the knowledge extracted from a sample of data it
is possible to design algorithms able to solve this kind of
problems.



Prediction by supervised learning
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Prediction by supervised learning

The prediction problem is also known as the supervised
learning problem, because of the presence of the outcome
variable which guides the learning process.
Collecting a set of training data is analogous to the situation
where a teacher suggests the correct answer for each input
configuration.
What is peculiar of supervised learning is

1 the lack of (parametric) knowledge of the (possibly nonlinear)
phenomenon underlying the data,

2 the availability of only a finite and noisy dataset to estimate
the model,

3 the priority given to an accurate prediction wrt interpretability
of the model.



Prediction by supervised learning

The use of a supervised learning techniques for prediction requires
the definition of several aspects:

the output variable to be predicted,
the set of input features expected to provide useful information
for predicting the output,
the training set,
the family of models used to approximate the unknown
input/output relationships,
the criteria to assess the quality of the prediction model.

The following examples will show how different choices have been
taken in existing applications of supervised learning techniques to
bioinformatics problems.



Protein localization

A protein is a linear chain of chemical units called amino acids,
of which there are twenty common types:
A, R, N, D, C , E , Q, G , H, I , L, K , M, F , P, S , T , W , Y , V .
One of the main tasks of proteomics is the assignment of
functionalities to sequenced proteins. The assignment of a
function for a given protein has proved to be especially difficult
where no clear homology to proteins of known function exists.
One field of proteomics that has recently received a lot of
attention recently is protein localization.
Protein expression analysis can indicate whether proteins are
expressed, but it is also important to know where proteins are
expressed, and where they go over time.
Knowing the sub-cellular location that a protein resides in may
give important insights as to its possible function.
Even when the basic function of a protein is known, knowing
its location in the cell may give insights as to which pathway
an enzyme is part of.



Prediction of protein localization

Sub-cellular localization is a key functional characteristic of
proteins. [3]
A fully automatic and reliable prediction system for protein
sub-cellular localization would be very useful.
Two types of prediction methods have been developed:

1 based on the recognition of protein N-terminal sorting signals
2 based on amino-acid composition.

In both cases protein sub-cellular localization is seen as a
multi-class classification problem.



Prediction of localization by signal

All new proteins in the cell have a tag (signal peptide) on
them, telling whether the protein is to be sent out of the cell
or to a special part in the cell. By comparing tags from known
proteins we can find out where an unknown protein will be
located.
Supervised learning methods (neural networks) have been used
for eukaryotic species to discriminate between proteins
destined for the mitochondrion (mTP), the chloroplast (cTP),
the secretory pathway (SP), and other localization [4] on the
basis of N-terminal sorting sequence information.
The reliability of these predictive methods is strongly
dependent on the quality of the protein N-terminal
assignment. The methods are inaccurate when the signals are
missing or only partially included.



Prediction of localization by composition

It was shown that intra-cellular and extracellular proteins differ
significantly in their amino acid composition.
As consequence, alternative prediction approaches (neural
networks in [6] and support vector machines in [5]) focus on
the study of the correlation of amino acid composition with
different sub-cellular localizations.
Twenty input features, one for the fraction of each amino acid
are used.
A method based on the amino acid composition are expected
to be comparatively stable to wrong sequence assignment.
Note that the output to be predicted (i.e. the localization)
remains the same but the set of input features is changed !



Predicting protein-protein interactions

A goal of proteomics is to elucidate the structure, interactions
and functions of all proteins within cells and organisms
The interaction between proteins is fundamental to a broad
spectrum of biological functions (e.g. regulation of metabolic
pathways, immunologic recognition, DNA replication, protein
synthesis).
Whether or not two proteins will bind to form a stable complex
that is prerequisite to biological function is dependent on the
three-dimensional conformations of the proteins. At the same
time the sequence specifies the conformation.
Experimentally, physical interactions between pairs of proteins
can be inferred from a variety of experimental techniques
(yeast two-hybrid systems, protein-fragment complementation
assays (PCA), affinity purification/mass spectrometry, protein
microarrays and fluorescence resonance energy transfer
(FRET)).
Computational techniques could represent an alternative to
conventional proteomics methods known to be tedious, labor
intensive and potentially inaccurate.



Predicting protein-protein interactions (II)

The authors of [1] studied if the knowledge of the amino acid
sequence alone might be sufficient to estimate the propensity
for two proteins to interact.
Given a database of known protein-protein interaction pairs, a
machine learning system is trained to recognize interactions on
the basis of the primary structure and associated
physiochemical properties.
Protein interaction data were obtained from the Database of
Interacting Proteins.
For each amino-acid sequence feature vectors were assembled
from encoded representations of tabulated residue properties
(e.g. charge, hydrophobicity, surface tension).
Input patterns are obtained by concatenating the vectors of
features of the interacting proteins. Negative examples were
obtained by randomizing amino acid sequences.



Gene classification

Genome researchers are shifting their focus from structural
genomics to functional genomics.
Structural genomics is the initial phase of genome analysis,
whose goal is to construct high resolution genetic and physical
maps as well as complete sequence information of the
chromosomes.
Functional genomics is the second phase, aiming at studying
the functionality of genes of a single organism as well as
studying and correlating the functionality of genes across many
different organisms.
The tradition approach to functional genomics consists in
using sequence data to determine the function of genes and/or
the corresponding proteins. The idea is that genes with
sufficient similar sequences also perform similar functions.



Gene classification (II)

However, sometimes sequence comparisons can be
uninformative and misleading as well as there a lot of species
for which we do not have complete sequence information.
Recently methods have been developed for monitoring
genome-wide mRNA expressions: oligonucleotide chips, SAGE
(serial analysis of gene expression) and microarrays.
These tools allows to observe expression levels of the entire
genome under many different induced conditions.



Gene classification (III)

Knowing when and under what conditions a gene or a set of
genes is expressed often provides strong clues as to their
biological role and function.
One way of using the data produced by microarray
experiments to determine the function of unknown genes is to
use clustering algorithms to group together genes that have
similar expression profiles. Based on the distribution of known
and unknown genes in such clusters, some information about
the function of previously unknown genes can be inferred.
An alternative is provided by supervised learning methods. The
key advantage of supervised over unsupervised methods is that
the predictive precision of these methods can be quantified.
The authors of [2] used several classification algorithms to
predict if a gene has a particular function based on expression
profiles.



Gene classification (III)

Authors of [2] used class definitions made by the MIPS Yeast
Genome Database.
Six functional classes were considered: tricarboxylic acid cycle
(TCA), respiration, cytoplasmic ribosomes, proteasome,
histones and helix-turn-helix proteins.
A learning machine was trained to predict the correct class on
the basis of the microarray expression data.
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Patient classification (breast cancer)

Breast cancer is one of the most common malignant tumors
affecting women.
Breast cancer patients with the same stage of disease can have
markedly different treatment responses and overall outcome.
Cancer classification has been based primarily on
morphological appearance of the tumor, but with serious
limitations. Tumors with similar histopathological appearance
can follow significantly different clinical courses and show
different responses to therapy. The strongest predictors for
metastasis fail to classify accurately breast tumors according to
their clinical behavior.
Cancer classification has been difficult in part because it has
historically relied on specific biological insights, rather than
systematic and unbiased approaches for recognizing tumor
subtypes.



Breast cancer classification (II)

Chemiotherapy or hormonal therapy reduces the risk of distant
metastasis by approximately one-third; however 70-80% of
patients receiving this treatment would have survived without
it. Also, these therapies frequently have toxic side effects.
Diagnosis of cancer must be accurate in order for the patient
to receive the correct treatment and so have the best chance
of survival.
The cellular and molecular heterogeneity of breast tumors and
the large number of genes potentially involved in controlling
cell growth, death and differentiation emphasize the
importance of studying multiple genetic alterations in concert.
The development of microarray technology provides the
opportunity of correlating genome-wide expressions with the
response of tumor cells to chemiotherapy.



Breast cancer classification (III)

Systematic investigation of expression patterns of thousands of
genes in tumors using DNA microarrays and their correlation
to specific features of phenotypic variation might provide the
basis for an improved taxonomy of cancer.
It is expected that variations in gene expression patterns in
different tumors could provide a “molecular portrait” of each
tumor, and that the tumors could be classified into subtypes
based solely on the difference of expression patterns.
The authors of [7] applied classification techniques to identify
a gene expression signature strongly predictive of a short
interval to distant metastases in patients without tumor cells
in local lymph nodes at diagnosis.
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Input/output problems

All the previous examples are characterized by
1 An outcome measurement, also called output, usually

quantitative (like the gene expression) or categorical (like
metastasis or not).

2 a set of features or inputs, also quantitative or categorical,
that we wish to use to predict the output.

If we suppose that we have available a set of input/output data,
also called training set, we could use statistical methods to build a
prediction model or learner which could enable us to predict the
outcome for new unseen objects.



Regression and classification

According to the type of output we can distinguish between two
types of prediction tasks:
Regression when we predict quantitative outputs, e.g. real or

integer numbers
Classification (or pattern recognition) where we predict qualitative

or categorical outputs which assume values in a finite
set of classes (e.g. black, white and red) where there
is no explicit ordering. Qualitative variables are also
referred to as factors.



Notation

In order to clarify the distinction between random variables
and their values, we will use the boldface notation for
denoting a random variable (e.g. z) and the normal face
notation for the eventually observed value (e.g. z = 11).
The notation Pz(z) = Prob {z = z} denotes the probability
that the discrete random variable z take the value z .
The notation Fz(z) denotes the probability

Prob {z ≤ z}

that the continuous random variable z take the value ≤ z .
The suffix indicates that the probability relates to the random
variable z. This is necessary since we often discuss probabilities
associated with several random variables simultaneously.
Example: z could be the age of a student before asking and
z = 22 could be his value after the observation.



Notation

N is used to denote the number of observations.
n is used to denote the number of variables.
{z1, . . . , zN} ← Fz(·) means that the random sample of size N
{z1, . . . , zN} has been i.i.d. generated from the distribution
Fz(·).
DN is used to denote the training set or more generally the set
of observations available for estimation and/or prediction.
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