June 5, 2003 15:46 WSPC/INSTRUCTION FILE wls-jbcb03

Journal of Bioinformatics and Computational Biology
© Imperial College Press

Data Mining Tools for Biological Sequences

Huiqing Liu
Institute for Infocomm Research

21 Heng Mui Keng Terrace, Singapore 119613
huiqing @Qi2r.a-star.edu.sg

Limsoon Wong

Institute for Infocomm Research
21 Heng Mui Keng Terrace, Singapore 119613
limsoon@i2r.a-star.edu.sg

Received 4 April 2003
Revised 7 April 2003
Accepted 7 April 2003

We describe a methodology, as well as some related data mining tools, for analyzing se-
quence data. The methodology comprises three steps: (a) generating candidate features
from the sequences, (b) selecting relevant features from the candidates, and (c) integrat-
ing the selected features to build a system to recognize specific properties in sequence
data. We also give relevant techniques for each of these three steps. For generating can-
didate features, we present various types of features based on the idea of k-grams. For
selecting relevant features, we discuss signal-to-noise, t-statistics, and entropy measures,
as well as a correlation-based feature selection method. For integrating selected features,
we use machine learning methods, including C4.5, SVM, and Naive Bayes. We illustrate
this methodology on the problem of recognizing translation initiation sites. We discuss
how to generate and select features that are useful for understanding the distinction
between ATG sites that are translation initiation sites and those that are not. We also
discuss how to use such features to build reliable systems for recognizing translation
initiation sites in DNA sequences.

Keywords: Translation initiation sites; data mining; machine learning; feature genera-
tion; feature selection; feature integration; k-grams; stop codons.

1. Overview

Powerful data mining tools developed in the Computer Science community can be
fruitfully applied to Bioinformatics. However, how such techniques can be applied
is nontrivial. This tutorial is intended to introduce to the biologists some of these
powerful data mining techniques, and to illustrate how they can be applied using
one example.

Let us begin by noting that biomedical data are quite different from business
transaction data that most of the data mining tools developed in the Computer
Science community are designed for. In particular, not all biomedical data contain
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explicit signals or features.

DNA sequences and protein sequences represent the spectrum of biomedical
data that possess no explicit features. For example, a genomic sequence is typically
just a string consisting of the letters “A”, “C”, “G”, and “T” in an apparently
random order. Yet a genomic sequence possesses biologically meaningful functional
sites such as transcription start site, translation initiation site, and so on that
are associated with the primary structure of genes. Recognition of these biological
functional sites in a genomic sequence is an important bioinformatics application®.

Traditional machine learning and data mining techniques cannot be straightfor-
wardly applied to this type of recognition problems to obtain good results. So there
is a need to adapt these existing techniques to this type of problems and a need for
good techniques for generating explicit features underlying such functional sites.
In this tutorial, we describe a methodology and related techniques for this type of
recognition problems. To make our presentation more concrete, we use the recog-
nition of Translation Initiation Sites (TIS) in vertebrate sequences as our working
example.

In one of the earlier works on the TIS recognition problem, Pedersen and
Nielsen™ directly feed DNA sequences into an Artificial Neural Network (ANN)
to train the system to recognize TIS. The performance of the system is promising,
as its accuracy is 85.0%. In Zien et al.''' and Hatzigeorgiou*?
of 88.6% and 94.0% is obtained by more complex methods: a careful engineering
of kernel functions for a Support Vector Machine (SVM) and a multi-step inte-
grated ANN. More recent works of Wong et al.'% and Li et al.%® show that good
performance can be obtained using a methodology comprising the following three
straightforward steps: (a) generate candidate features from the sequences using the
idea of k-grams, (b) select relevant features from these candidates using entropy or
other statistical measures, and (c) integrate the selected features for decision mak-
ing using a standard machine learning method. These selected features are highly
informative on the distinction of TIS from non-TIS. Moreover, these two recent
works indicate that so long as the features are selected well, any machine learning
method can be used in step (¢) to obtain good accuracy for recognizing TIS and
other functional sites in sequences.

We provide in Section 2 some biological background on protein translation
initiation sites. The approaches of Pedersen and Nielsen®, Zien et al.''0:111
Hatzigeorgiou*?, Wong et al.'%%, and Li et al.%® are then briefly reviewed. The
dataset of Pedersen and Nielsen is then presented in Section 3.

After that, we devote our attention to a detailed exposition of the methodology
of Wong et al.'°® and Li et al.%® applied to recognition of important functional
sites from sequence data, using TIS as our working example. We deal with the
three steps of this methodology as follows. Section 4 introduces a few good tech-
niques for generating candidate features from mRNA and DNA sequences. The
techniques are centered around the basic ideas of k-grams!'®®3. Section 5 explains
several methods for ranking the usefulness of candidate features for classification

, improved accuracy
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problems, including the entropy measure?® and the Correlation-based Feature Se-
lection method (CFS)?°. The CFS is then applied to select 9 features that are
relevant for TIS recognition. Most of these 9 features turn out to have some under-
lying biological reasons. Section 6 gives brief overviews of three machine learning
methods, viz. C4.582, SVM!%3 and Naive Bayes (NB)5%. Each of these methods are
then trained on the features selected in Section 5 to recognize TIS.

Then, we introduce in Section 7 some additional techniques for generating fea-
tures, via a translation of the original mRNA and DNA sequences to amino acid
sequences. The entropy measure discussed in Section 5 is then used to select rel-
evant features. The C4.5, NB, and SVM algorithms are then trained using these
selected features and used to recognize TIS.

Finally, we provide some concluding remarks in Section 8 together with a survey
of additional data mining tools that have been used in biomedicine.

2. Background on Recognition of Translation Initiation Sites

Proteins are synthesized from mRNAs by a process called translation. The process
can be divided into three distinct stages: initiation, elongation of the polypeptide
chain, and termination'®. The region at which the process initiates is called the
Translation Initiation Site (TIS). The coding sequence is flanked by non-coding
regions which are the 5’ and 3’ untranslated regions respectively. The translation
initiation site prediction problem is to correctly identify TIS in a mRNA, cDNA, or
genomic sequence. This forms an important step in genomic analysis to determine
protein coding from nucleotide sequences.

In eukaryotes, the scanning model postulates that the ribosome attaches first to
the 5’ end of the mRNA and scans along the 5-t0-3’ direction until it encounters
the first AUG?*. While this simple rule of first AUG holds in many cases, there are
also exceptions. Some mechanisms proposed to explain the exceptions are: leaky
scanning where the first AUG is bypassed for reasons such as poor context; reini-
tiation where a short up-stream open reading frame causes a second initiation to
occur; and also other alternative proposed mechanisms®#3®. Translation can also
occur with non-AUG codons, however this is reported to be rare in eukaryotes®*
and is not considered here.

The problem of recognizing TIS is compounded in real-life sequence analysis
by the difficulty of obtaining full-length and error-free mRNA sequences. Pedersen
and Nielsen found that almost 40% of the mRNAs extracted from GenBank contain
up-stream AUGs"®. The problem becomes more complex when using unannotated
genome data or analyzing expressed sequence tags (ESTs), which usually contain
more errors, and are not guaranteed to give the correct 5° end!®!l. Thus, the
prediction of the correct TIS is a non-trivial task since the biological mechanisms
are not fully understood and sequences may have errors and may not be complete.

In Pedersen and Nielsen”®, an artificial neural network (ANN) was trained on a
203 nucleotide window centered on the AUG. It is a feed-forward ANN with three
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layers of neurons. Inputs are presented to this ANN by encoding each of nucleotide
by four binary digits, viz. 0001 for “A”, 0010 for “C”, 0100 for “G”, and 1000 for
“T”. The output layer has two neurons. The first neuron predicts if the input is a
TIS. The second neuron predicts if the the input is a non-TIS. Whichever of these
two neurons gives the bigger score wins. According to Pedersen and Nielsen’®, the
number of neurons in the hidden layer of the ANN does not significantly affect the
performance of the ANN. They obtain results of 78% sensitivity on start AUGs and
87% specificity on non-start AUGs on their vertebrate dataset, giving an overall
accuracy of 85%. Their system is available on the Internet as the NetStart 1.0
prediction server accessible at hitp://www.cbs.dtu.dk/services/NetStart.

Pedersen and Nielsen’ also carry out additional analysis to try to uncover
features in their sequences that are important for distinguishing TIS from non-
TIS. In one of the analysis, they supply their neural network with input windows
which covered the aforementioned 203 nucleotides, except for for one position—a
“ hole” —from which input was disregarded. The hole is shifted along the input
window in a series of runs of the neural network and the impact of the hole in
each position is noted. This experiment reveals that position —3 is crucial to TIS
recognition, as the error rate of the neural network drops precipitously when a
hole is present in this position. Pedersen and Nielsen” also analyse the positions
of non-translation initiating ATGs that are misclassified by their neural network
as TIS. In this analysis, they discover that ATGs that are in-frame to the TIS are
more likely to be misclassified as TIS regardless of whether they are up-stream or
down-stream of the TIS.

Zien et al.'1%111 work on the same vertebrate dataset from Pedersen and Nielsen
by using SVM instead. The same 203 nucleotide window is used as the underlying
features to be learnt. Each nucleotide is encoded using the same sparse binary
encoding as Pedersen and Nielsen. Homogeneous polynomial kernels®? of degree d,
E(X,)Y)=(X-Y)' =%, ...5, [X]i *. .. % [X]i, [Y];, *...%[V];,, are commonly
used in SVM. Due to the encoding used for nucleotides, the position of each bit
that is set indicates it is A, C, G, or T. Consequently, the dot product (X -Y) is
equivalent to a count of the number of nucleotides that coincide in the two sequences
represented by vectors X and Y. Similarly, (X - Y)? is equivalent to a correlation
of the nucleotide frequencies at any d sequence positions. Zien et al.''® report that
SVM achieves TIS recognition performance comparable to Pedersen and Nielsen’s
ANN using this standard type of kernels.

Zien et al.''? also show how to obtain improvements by appropriate engineer-
ing of the kernel function—using a locality-improved kernel with a small win-
dow on each position. The locality-improved kernel emphasizes correlations be-
tween sequence positions that are close together, and a span of 3 nucleotides
up- and down-stream is empirically determined as optimal. The locality-improved
kernel is thus defined as k(X,Y) = Zi):l wing(X,Y), where win,(X,Y) =

(Z?:_3 wj *matchyy;(X,Y))* = 251:_3 e 254:_3 wj, *matchpj, (X, Y)*.. . x
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wj, *match,1;,(X,Y), w; is an appropriate weight, and match,1;(X,Y) = 1 if the
nucleotides at position p+ j of X and Y are the same and = 0 otherwise. With the
locality-improved kernel''%, they obtain an accuracy of 69.9% and 94.1% on start
and non-start AUGs respectively, giving an overall accuracy of 88.1%.

Zien et al.''! further improve their previous results by engineering a more so-
phisticated kernel—a so-called Salzberg kernel—using conditional positional prob-
abilities. The Salzberg kernel gives an overall accuracy of 88.6%.

Hatzigeorgiou*? reports a highly accurate TIS prediction program, DIANA-TIS,
using artificial neural networks trained on human sequences. Their dataset contains
full-length cDNA sequences which has been filtered for errors. An overall accuracy of
94% is obtained using an integrated method which combines a consensus ANN with
a coding ANN together with the ribosome scanning model. The consensus ANN
assesses the candidate TIS and its immediate surrounding comprising a window
from positions —7 to +5 relative to the candidate TIS. The consensus ANN is a feed-
forward ANN with short cut connections and two hidden units. The coding ANN
assesses the coding potential of the regions up-stream and down-stream of TIS. The
coding ANN works on a window of 54 nucleotides. As every three nucleotides form a
codon that translates into an amino acid, there are 64 possible codons. To assess the
coding potential of the window of 54 nucleotides, this window is transformed into
a vector of 64 units before feeding into the coding ANN. Each unit represents one
of the 64 codons and gives the normalized frequency of the corresponding codon
appearing in the window. The coding ANN is a feed-forward ANN and has two
hidden units, but no short cut connection.

Note that in the ribosome scanning mode , an mRNA sequence is scanned
from left to right, testing each ATG in turn until one of them is classified as TIS;
all the ATGs to the right of this ATG are skipped and classified as non-TIS. In
short, exactly one prediction is made per mRNA under the ribosome scanning

11,54

model. Hence, accuracy figures based on the ribosome scanning model should not
be compared with models that tests every ATG. In addition, Hatzigeorgiou uses a
dataset that is different from Pedersen and Nielsen. So her results cannot be directly
compared to results obtained on the Pedersen and Nielsen dataset or obtained
without using the ribosome scanning model.

Wong et al.'®® show that good performance comparable to the best results can
be obtained by a methodology based on the following three steps: (a) generate can-
didate features from the sequences, (b) select relevant features from the candidates,
and (c) integrate the selected features using a machine learning method to build a
system to recognize specific properties—in this case, TIS—in sequence data. The
highest overall accuracy they obtained on the Pedersen and Nielsen dataset is 89.4%
using C4.5% trained on 9 highly informative features. When this classifier is used
together with the ribosome scanning model®*, they obtain an overall accuracy of
94.4%. Their approach and results will be presented and discussed in greater detail
in Sections 4, 5, and 6.
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Li et al.% refines the approach of Wong et al.'°® by generating features based
on a translation to amino acids instead of the original DNA sequences. They then
use a data mining method, PCL%*, based on prediction by likelihood of emerging
patterns derived from amino acid sequence translated from DNA sequences. They
describe results on the same vertebrate dataset from Pedersen and Nielsen where
PCL predicts 84.7% and 88.7% of start AUGs and non-start AUGs respectively,
and an overall accuracy of 87.7%. This refinement will be discussed in Section 7,
together with some new results that we have obtained while writing this tutorial.

Although the accuracy of 87.7% of PCL in the study of Li et al.5% appears to be
weaker than the 88.1% of Zien et al.''® and 89.4% of Wong et al.!°%, one may want
to take sensitivity into consideration. The sensitivity of Zien et al.''° is 69.9% and
that of Wong et al.1%® is 74.0%, while that of PCLS3 is 84.7%. The non-start AUGs
out-number the start AUGs in a ratio of 3 to 1 in the Pedersen and Nielsen dataset.
The non-start AUGs out-number the start AUGs in even greater ratios if we are
doing a genome-wide scan for TIS. Therefore, the superior sensitivity of PCL may
be more desirable in such a situation.

These performance results are summarized in Part I of Figure 3.

The approach of Pedersen and Nielsen” is interesting in that their inputs are
extremely low level—just a string of nucleotides—and relies entirely on their ANN
to learn high-level correlations to make prediction. Unfortunately, it is not easy
to extract these correlations out of their ANN to gain more insight into sequence
features that distinguish TIS from non-TIS. Nevertheless, by more extensive exper-
iments and analysis, Pedersen and Nielsen are able to suggest that position —3 is
crucial to distinguishing TIS from non-TIS.

The approach of Zien et al.''%-!''! and Hatzigeorgiou®
ing in that they show us how to perform sophisticated engineerings of SVM kernel
functions and ANNs. Unfortunately, it is also not easy to extract more insight into
sequence features that distinguish TIS from non-TIS from their systems. Neverthe-
.10 over that
of standard polynomial kernels suggest that local correlations are more important
than long-ranged correlations in distinguishing TIS from non-TIS.

The approach of Wong et al.'°® and Li et al.%® is interesting in that they focus
on deriving high-level understandable features first, and then use these features to
distinguish TIS from non-TIS. In the remainder of this tutorial, we use the dataset
of Pedersen and Nielsen to discuss this approach in greater depth.

2 are also very interest-

less, the improved results of the locality-improved kernel in Zien et a

3. Dataset

We use the vertebrate dataset provided by Pedersen and Nielsen”®. This dataset was
also used by Zien et al.'1%!11 These sequences are processed by removing possible
introns and joining the exons’ to obtain the corresponding mRNA sequences. From
these sequences, only those with an annotated TIS, and with at least 10 upstream
nucleotides as well as 150 downstream nucleotides are selected. The sequences are
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299 HSU27655.1 CAT U27655 Homo sapiens
CGTGTGTGCAGCAGCCTGCAGCTGCCCCAAGCCATGGCTGAACACTGACTCCCAGCTGTG 80
CCCAGGGCTTCAAAGACTTCTCAGCTTCGAGCATGGCTTTTGGCTGTCAGGGCAGCTGTA 160
GGAGGCAGATGAGAAGAGGGAGATGGCCTTGGAGGAAGGGAAGGGGCCTGGTGCCGAGGA 240
CCTCTCCTGGCCAGGAGCTTCCTCCAGGACAAGACCTTCCACCCAACAAGGACTCCCCT
............................................................ 80
................................ iEEEEEEEEEEEEEEEEEEEEEEEEEEE 160
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE 240
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

Fig. 1. An example annotated sequence from the dataset of Pedersen and Nielsen. The 4 occur-
rences of AT'G are underlined. The second ATG is the TIS. The other 3 ATGs are non-TIS. The 100
nucleotides up-stream of the TIS are marked by an overline. The 100 nucleotides down-stream of
the TIS are marked by a double overline. The “.”, “i”, and “E” are annotations indicating whether
the corresponding nucleotide is up-stream (.), TIS (i), or down-stream (E).

then filtered to remove those belonging to same gene families, homologous genes
from different organisms and sequences added multiple times to the database. Since
the dataset is processed DNA, the TIS site is ATG—that is, a place in the sequence
where “A”, “T”, and “G” occur in consecutive positions in that order.

An example entry from this dataset is given in Figure 1. There are 4 ATGs
in the example sequence shown. The second ATG is the TIS. The other 3 ATGS
are non-TIS. ATGs to the left of the TIS are termed up-stream ATGs. So the first
ATG in the figure is an up-stream ATG. ATGs to the right of the TIS are termed
down-stream ATGs. So the third and fourth ATGs in the figure are down-stream
ATGs.

There are a total of 13375 ATG sites in the Pedersen and Nielsen dataset. Of
these ATG sites, 3312 (24.76%) are the true TIS, while the other 10063 (75.23%) are
non-TIS. Of the non-TIS, 2077 (15.5%) are up-stream of a true TIS. At each of these
ATG sites, we extract a sequence segment consisting of 100 nucleotides up-stream
and 100 nucleotides down-stream. These 13375 sequence segments are the inputs
upon which we perform the recognition of TIS. If an ATG does not have enough
up-stream or down-stream context—that is, there are less than 100 nucleotides to
its left or to its right—we pad the missing context with the appropriate number of
dont-care symbols.

In the rest of this tutorial, we discuss techniques for identifying features in
these sequence segments that are relevent for recognizing TIS. After that, we apply
one of these techniques to select good features. Then we show that a number of
different machine learning methods trained on these good features all have good
accuracy. The selection of features and the training and testing of the machine
learning methods are all performed with a 3-fold cross validation process. That is,
the dataset is divided into three equal parts, and each part is in turn reserved for
testing the classification trained on the features selected from the other two parts



June 5, 2003 15:46 WSPC/INSTRUCTION FILE wls-jbcb03

8 Huiqing Liu & Limsoon Wong

of the data*!.

4. Feature Generation

The sequence segments prepared in the previous section are not suitable for direct
application of most machine learning techniques, as these techniques rely on explicit
signals of high quality. It is necessary to devise various signals and sensors for these
signals, so that given a sequence segment, a score is produced to indicate the possible
presence of such a signal in that sequence segment. The obvious strategy to devising
these signals and sensors is to generate a large number of candidate features, and
to evaluate them against an annotated dataset to decide which ones are signals and
which ones are noise.

A general technique for producing these candidate features is the idea of k-grams
frequency'®?3. A k-gram is simply a pattern of k consecutive letters, which could be
amino acid symbols or nucleic acid symbols. K-grams can also be restricted those in-
frame ones. Each k-gram and its frequency in the said sequence fragment becomes a
candidate feature. Another general technique for producing these candidate features
is the idea of position-specific k-gram. The sensor for such a feature simply reports
what k-gram is seen in a particular position in the sequence fragment.

For ease of discussion, given a sequence segment, we refer to each position in
the sequence segment relative to the target ATG of that segment. The “A” in the
target ATG is numbered as +1 and consecutive down-stream positions—that is,
to the right—from the target ATG are numbered from +4 onwards. The first up-
stream position—that is, to the left—adjacent to the target ATG is —1 and decreases
for consecutive positions towards the 5’ end—that is, the left end of the sequence
fragment.

Let us use the sequence segment centered at the second ATG in Figure 1 and
comprising 100 nucleotides up-stream and 100 nucleotides down-stream of this ATG
for illustration of the various k-gram features described above. These up-stream and
down-stream nucleotides are marked using overline and double overline in the figure.

For the basic k-grams, k is the length of a nucleotide pattern to be generated.
Some typical values for k are 1, 2, 3, 4, and 5. Since there are 4 possible letters
for each position, there are 4* possible basic k-grams for each value of k. For ex-
ample, for k = 3, one of the k-grams is ATG and the frequency of this k-gram is
4 in our example sequence segment. The candidate feature (and value assignment,)
corresponding to this is “ATG=4".

The up-stream region of a TIS is non-coding and the down-stream region of a
TIS is coding. We can therefore expect they have some different underlying features.
So it is wise to introduce additional classes of k-grams to attempt to capture these
differences. We call these the up-stream and down-stream k-grams.

For the up-stream k-grams, we count only occurrences of the corresponding
patterns up-stream of the target ATG. Again, for each value of k, there are 4F
up-stream k-grams. For example, for k = 3, some k-grams are: ATG, which has



June 5, 2003 15:46 WSPC/INSTRUCTION FILE wls-jbcb03

Data Mining Tools for Recognition of Functional Sites in Sequences 9

frequency 1 in this context; GCT, which has frequency 5 in this context; and TTT,
which has frequency 0 in this context. The candidate features and value assignments
corresponding to these k-grams are “up-stream ATG=1", “up-stream GCT=5", and
“up-stream TTT=0".

For the down-stream k-grams, we count only occurences of the corresponding
patterns down-stream of the target ATG. Again, for each value of k, there are
4% down-stream k-grams. For example, for k = 3, some k-grams are: ATG, which
has frequency 2 in this context; GCT, which has frequency 3 in this context; and
TTT, which has frequency 2 in this context. The candidate features and value
assignments corresponding to these k-grams are “down-stream ATG=2", “down-
stream GCT=3”, and “down-stream TTT=2".

The biological process of translating from nucleotides to amino acids is to have
3 nucleotides—the so-called codons—codes for one amino acid, starting from the
TIS. Therefore, 3-grams in positions ..., -9, -6, -3, +4, +7, +10, ... are aligned to the
TIS. We call those 3-grams in positions ..., -9, -6, and -3, the in-frame up-stream
3-grams, and those 3-grams in positions +4, +7, +10, ..., the in-frame down-stream
3-grams. As these 3-grams are in positions that have biological meaning, they are
also good candidate features. There are 2x4° such 3-grams. In our example sequence
fragment, some in-frame down-stream 3-grams are: GCT, which has frequency 1 in
this context; TTT, which has frequency 1 in this context; AT G, which has frequency
1 in this context. The corresponding candidate features and value assignments are
“in-frame down-stream GCT=1", “in-frame down-stream TTT=1", and “in-frame
down-stream ATG=1". Some in-frame up-stream 3-grams are: GCT, which has
frequency 2 in this context; TTT, which has frequency 0 in this context; ATG, which
has frequency 0 in this context. The corresponding candidate features and value
assignments are “in-frame up-stream GCT=2", “in-frame up-stream TTT=0", and
“in-frame up-stream ATG=0".

Another type of features are what we call the position-specific k-grams. For this
type of k-grams, we simply record which k-gram appears in a particular position
in the sequence segment. We consider only 1-grams, that is, k-grams for k = 1.
Since our sequence segment has 100 nucleotides flanking each side of the target
ATG, there are 200 position-specific 1-grams. In our example sequence segment,
some position-specific 1-grams are: at position +4 is G and at position -3 is G. The
corresponding candidate features and value assignments are “position+4=G” and
“position-3=G”.

Combining all the features discussed above, each sequence segment is coded
into a record having (3,_, 4F 4+ 4% 4 4%) 4+ 2 % 43 4 200 = 4436 features. For
illustration, our example sequence segment is coded into this record: {..., “ATG=4",
.oy “up-stream ATG=1", “up-stream GCT=5", “up-stream TTT=0", ..., “down-
stream ATG=2", “down-stream GCT=3”, down-stream TTT=2", ..., “in-frame
down-stream GCT=1", “in-frame down-stream TTT=1”, “in-frame down-stream
ATG=1”, ..., “in-frame up-stream GCT=2”, “in-frame up-stream TTT=0", “in-
frame up-stream ATG=0", ..., ..., position—-3=G, ..., position+4=G, ...}. Such a
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record is often called a feature vector.

These 4436 features as described above are generated for each of the 13375 se-
quence segments corresponding to the 13375 ATG sites in the Pedersen and Nielsen
dataset™. We note that other techniques for generating candidate features are pos-
sible. For example, we can compute a specific statistic on the sequence segment,
such as its GC ratio. Specific biological knowledge can also be used to devise spe-
cialized sensors and features, such as CpG island®*, Kozak consensus pattern®®, etc.
For certain problems, such as exon recognition, a “shifting window” technique is
also used to generate signals. A window is taken on the sequence fragment and the

130 of this window is computed to give a signal, and the window is

coding potentia
then repeatedly shifted to compute more such signals. An exhaustive exposition is
outside the scope of our tutorial. In the next two sections, we show how to reliably

recognize TIS on the basis of a small subset of our 4436 candidate features.

5. Feature Selection

Recall that the total number of candidate features generated as described in the
previous section is 4436. This high dimensionality causes three problems. The first
problem is that of efficiency because most data mining and machine learning meth-
ods have time complexity that are high with respect to the number of dimensions*°.
The second problem is that of noise because most data mining and machine learn-
ing methods suffer from the “curse of dimensionality”—these methods typically
require an exponential increase in the number of training samples with respect to
an increase in the dimensionality of the samples in order to uncover and learn the
relationship of the various dimensions to the nature of the samples*'. The third
problem is that it would be difficult for anyone to attain a useful understanding of
the underlying problem out of 4436 features.

Let us assume that we have two classes A and B of samples. For example,
A could be the feature vectors corresponding to the TIS sequence segments and
B could be the feature vectors corresponding to the non-TIS sequence segments.
Then a feature is relevant if it contributes to separating samples in A from those
in B. Conversely, a feature is irrelevant if it does not contribute much to separating
samples in A from those in B. In order to alleviate the impact of the three problems
caused by high dimensionality mentioned above, it is desirable to first discard as
many features that are irrelevant as possible.

In this section, we present several techniques for deciding whether a feature is
relevant, viz. t-statistics'®, signal-to-noise®", and entropy measures??, as well as the
correlation-based feature selection method known as CFS®’. Then we apply the
CFS method to the Pedersen and Nielsen dataset and discuss the relevant features
selected.

A basic concept for distinguishing a relevant feature from an irrelevant one is
the following: if the values of a feature in samples in A are significantly different
from the values of the same feature in samples in B, then the feature is likely to be
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more relevant than a feature that has similar values in A and . More specifically, in
order for a feature f to be relevant, its mean value uf‘ in A should be significantly
different from its mean value u? in B. However, if the values of a feature f varies
greatly within the same class of samples, even if uf‘ differs greatly from u? , the
feature f is not a reliable one. This defficiency gives us a second basic concept: the
standard deviation 0’}4 and variance (ajf‘)2 of f in A and the standard deviation
o? and variance (07)* of f in B should be small.

One obvious way to combine these two concepts is the signal-to-noise mea-
sure proposed in the first paper®” that applied gene expression profiling for disease
diagnosis:

luft —
7A7B =
S(f ) 0}4_1_0?

However, the statistical property of s(f,.4,B) is not fully understood. Subse-
quently, a second and older way—the t-test—to combine these two concepts
was rediscovered. The classical t-test statistical measure®!? is known to follow
a Student distribution with ((0}4)2/11“4 + (U?)Q/nB)2/((((U}4)2/nA)2/(nA —-1)+
(((68)?/nP)?/(nP —1))) degrees of freedom, where n* and n® are the number of
samples in A and B. The t-test statistical measure is given below:

|t — uf
V(@2 fnA + (o)

Both of these measures are easy to compute and thus straightforward to use.
However, these measures have two important defficiencies in the situations described

t(f,A,B) =

below. The first situation is where the population sizes n* and n? are small. Small
population sizes can lead to significant underestimates of the standard deviations
and variances. The second situation is more subtle and we explain using the fol-
lowing example. Let f; and f> be two features. Suppose f; has values ranging from
0 to 99 in class A with ws, = 75 and has values ranging from 100 to 199 in class
B with ,uffl = 125. Suppose f has values ranging from 25 to 125 in class A with
,u}t = 50 and has values ranging from 100 to 175 in class B with ,ui = 150. We see
that pf —pfl =100 > 50 = pf — u7 . Suppose the variances of f and f; in A and
B are comparable. Then according to the signal-to-noise and t-statistics measures,
f2 is better than f;. However, we note that the values of f; are distributed so that
all those in A are below 100 and all those in B are at least 100. In contract, the
values of fo in A and B overlap in the range 100 to 125. Then clearly fi should
be preferred. The effect is caused by the fact that ¢(f, A, B) and s(f, A, B) are sen-
sitive to all changes in the values of f, including those changes that may not be
important.

So, one can consider alternative statistical measures that are less sensitive to
certain types of unimportant changes in the value of f. What types of changes in
values of f are not important? One obvious type is those that do not shift the
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values of f from the range of A into the range of B. An alternative that takes this
into consideration is the entropy measure®’.

Let P(f,C,S) be the proportion of samples whose feature f has value in
the range S and are in class C. The class entropy of a range S with re-
spect to feature f and a collection of classes U is defined as Ent(f,U,S) =
— > ceu P(f,C,8)log(P(f,C,S)). It follows from this definition that the purer the
range S is, so that samples in that range are more dominated by one particular
class, the closer Ent(f,U,S) is to the ideal entropy value of 0. Let T partitions the
values of f into two ranges S; (of values less than T') and Sy (of values at least T').
We sometimes refer to 7' as the cutting point of the values of f. The entropy
measure e(f,U) of a feature f is then defined as min{E(f,U, S1,S2) | (S1,S2) is
a partitioning of the values of f in |JU by some point T'}. Here, E(f,U, Sy, S2) is
the class information entropy of partition (Si,S2). The definition is given below,
where n(f,U,S) means the number of samples in the classes in &/ whose feature f
has value in the range S,

n(f,Z/I,Sl)
(faua Sl U 52)

n(f,Z/I, 52)
(faua Sl U 52)

E(f,Z/I,Sl,S2) = n Ent(f,Ll,Sl) + n Ent(f,Z/{,Sg)
A refinement of the entropy measure is to recursively partition the ranges S; and
Sy until some stopping criteria is reached®®. A commonly used stopping criteria
is the so-called minimal description length principle. Another refinement is the x?2
measure®®. Here, instead of the entropy measure e(f, {A, B}) itself, we use the x?
correlation of the partitions S; and S3 induced by the entropy measure to the
classes A and B. Some other refinements include the information gain measure and
the information gain ratio that are used respectively in ID38! and C4.5%2 to induce
decision trees. These two measures are presented later in Section 6.

All of the preceeding measures provide a rank ordering of the features in terms of
their individual relevance to separating A and B. One would rank the features using
one of these measures and select the top n features. However, one must appreciate
that there may be a variety of independent “reasons” why a sample is in A or is in
B. For example, there can be a number of different contexts and mechanisms that
enable protein translation. If a primary context or mechanism involves n signals,
the procedure above may select only these n features and may ignore signals in
other secondary contexts and mechanisms. Consequently, concentrating on such top
n features may cause us to lose sight of the secondary contexts and mechanisms
underlying protein translation.

This issue above calls for a third concept in feature selection: select a group
of features that are correlated with separating A and B but are not correlated
with each other. The cardinality in a such a group may suggest the number of
independent factors that cause the separation of A and B. A well-known technique
that implements this feature selection strategy is the Correlation-based Feature
Selection (CFS) method?®®.

Rather than scoring and ranking individual features, the CFS method scores
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and ranks the worth of subsets of features. As the feature subset space is usually
huge, CFS uses a best-first-search heuristic. This heuristic algorithm embodies our
third concept that takes into account the usefulness of individual features for pre-
dicting the class along with the level of intercorrelation among them. CFS first cal-
culates a matrix of feature-class and feature-feature correlations from the training
data. Then a score of a subset of features is assigned using the following heuristics:

krer

Meritg = ,
k+k(k—1)r5r

where Merits is the heuristic merit of a feature subset S containing k features,
Tcr is the average feature-class correlation, and 7y is the average feature-feature
intercorrelation. Symmetrical uncertainties are used in CFS to estimate the de-
gree of association between discrete features or between features and classes®®. The
formula below measures the intercorrelation between two features or the correlation
between a feature X and a class Y which is in the range [0, 1].

rey = 2.0 % <%>

where gain = H(X) + H(Y) — H(X,Y) is the information gain between features
and classes, H(X) is the entropy of the feature. CFS starts from the empty set
of features and uses the best-first-search heuristic with a stopping criterion of 5
consecutive fully expanded non-improving subsets. The subset with the highest
merit found during the search will be selected.

Wong et al.'°% apply CFS to the feature vectors derived from the Pedersen and
Nielsen dataset as described in Section 4 in a 3-fold cross validation setting. It turns
out that in each fold, exactly the same 9 features are selected by CFS:

43
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position-3”,
in-frame up-stream ATG”,

43

43
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in-frame down-stream TAA”,
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in-frame down-stream TAG”,
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in-frame down-stream TGA”,
in-frame down-stream CTG”,
7) “in-frame down-stream GAC”,
8) “in-frame down-stream GAG”, and
9) “in-frame down-stream GCC”.
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(3)
(4)
(5) “
(6)
(7)
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(

These 9 features are thus very robust differentiators of TIS from non-TIS. Further-
more, there are good biological reasons for most of them.

“Position—-3” can be explained by the known correspondence to the well-known
Kozak consensus sequence, GCC[AG]CCAUGG, for vertebrate translation initia-
tion sites®®%0, Hence having a “A” or “G” in this position indicates that the target
ATG is more likely to be a TIS. This is the same feature deduced as important by
Pedersen and Nielsen” in their “hole-shifting” experiment discussed in Section 2.



June 5, 2003 15:46 WSPC/INSTRUCTION FILE wls-jbcb03

14 Huiqing Liu & Limsoon Wong

“In-frame up-stream ATG” can be explained by the ribosome scanning
model!®*. The ribosome scans the mRNA in a 5-to-3’ (that is, left-to-right) manner
until it encounters the first ATG with the right context for translation initiation.
Thus a ATG that is closer to the 5’ end have a higher probability to be a TIS.
Consequently, the presence of an in-frame ATG up-stream of the target ATG in-
dicates that the target ATG is less likely to be a TIS. This is also consistent with
the observation by Rogozin et al.®” that a negative correlation exists between the
strength of the start context and the number of up-stream ATGs. This is also a
feature deduced by Pedersen and Nielsen”® in a detailed analysis on the erroneous
predictions made by their neural network.

“In-frame down-stream TAA”, “in-frame down-stream TAG”, and “in-frame
down-stream TGA” can be explained as they correspond to in-frame stop codons
down-stream from the target ATG. These 3 nucleotide triplets—TAA, TAG, TGA—
do not code for amino acids. They are called the stop codons. The biological pro-
cess of translating in-frame codons into amino acids stops upon encountering an
in-frame stop codons. Thus the presence of any of these three features means there
is an in-frame stop codon within 100 nucleotides down-stream of the target ATG.
Consequently, the protein product corresponding to the sequence is no more than
33 amino acids. This is smaller than most proteins. Hence the target ATG is not
likely to be a TIS. This group of stop codon features are not reported by Peder-
sen and Nielsen™®, Zien et al.''0111 nor Hatzigeorgiou*?, presumably the complex
and/or low-level nature of their systems prevented them from noticing this impor-
tant group.

We do not have a clear biological explanation for the remaining 4 selected fea-
tures, other than that of a possibility of codon bias in the context of TIS. We look
forward to be enlightened on the biological role of these 4 remaining features in the
protein translation process by the reader.

In the next section, we use the 9 relevant features identified above to construct
systems for recognizing translation initiation sites in vertebrate sequences.

6. Feature Integration

In order to show that the 9 features identified in the previous section are indeed
relevant and reliable differentiators of TIS from non-TIS, we need to show that
reliable systems for recognizing TIS can be built from them. In fact, Wong et al.'%®
demonstrate in a 3-fold cross validation setting that almost any machine learning
methods can be trained on these 9 features to produce TIS recognizers of extremely
competitive accuracy. In this section, we introduce three different machine learning
methods—Naive Bayes (NB)>?, Support Vector Machine (SVM)!03 and C4.582—
and present their accuracy trained on these 9 features.

The results of cross validation are evaluated using standard performance mea-
sures given in Figure 2 and defined as follows. Sensitivity measures the proportion
of TIS that are correctly recognized as TIS. Specificity measures the proportion of
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The sensitivity, specificity, precision, and accuracy of a classifier are defined as

follows:
Sensitivity = __Tr
TP+ FN
o TN
SpeCIﬁCIty = m
Precision = 7TP
TP+ FP
Accuracy = TP+ TN
TP+ FN+TN+ FP

where TP, TN, FP, and FN are as given in the contingency table below of results
from testing a prediction system:

Classified as Yes Classified as No

Actual Yes No. of True Positives (TP) No. of False Negatives (FN)
Actual No  No. of False Positives (FP)  No. of True Negative (TN)

Fig. 2. Definitions of sensitivity, specificity, precision, and accuracy of a prediction system.

non-TIS that are correctly recognized as non-TIS. Precision measures the propor-
tion of the claimed TIS that are indeed TIS. Accuracy measures the proportion
of predictions, both for TIS and non-TIS, that are correct.

The three machine learning methods that we use in this section, as well as
many of the feature selection measures used in Section 5, are all available with-
out cost in a Java-based software package called WEKA. The default settings
of WEKA are used throughout our discussion here. WEKA can be obtained at
http://www.cs.waikato.ac.nz/~ml/weka.

We start with NB, a probabilistic learner based on the Bayes theorem®®. The
theorem states that P(h|d) = P(d|h) x P(h)/P(d), where P(h) is the prior proba-
bility that a hypothesis h holds, P(d|h) is the probability of observing data d given
some world that h holds, and P(h|d) is the posterior probability that h holds given
the observed data d.

Let H be all the possible classes. Then given a test instance with feature vec-
tor (fi,...,fn), the most probable classification is argmaxhjeHP(hj|f1, vy fn)
Using the Bayes theorem, this is rewritten to argmaxh].eHP(fh ooy falhy) %
P(h;)/P(fi,..., fn). Since the denominator is independent of h;, this can be simpli-
fied to argmax;, ¢y P(fi,. .-, falhj) * P(h;). However, estimating P(fi,.. ., fulh;)
accurately may not be feasible unless the training set is sufficiently large.
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So, NB assumes that the effect of a feature value on a given class is independent
of the values of other features. This assumption is called class conditional inde-
pendence. It is made to simplify computation and it is in this sense that NB is
considered to be “naive”. Under this class conditional independence assumption,
argmaxy cg P(fi,- .., fulhy) * P(h;) = argmaxy, c g [[; P(filhj) * P(h;). P(h;) and
P(fi|hj) can often be estimated reliably from typical training sets.

The class conditional independence assumption is a strong assumption and is
sometimes invalid. However, the bias in estimating probabilities often may not
make a big difference in practice. The reason is that it is often the order of the
probabilities, not their exact values, that determine the classifications. According
to Wong et al.'°%, NB trained on the 9 features selected in Section 5 yields an
effective TIS recognizer with sensitivity = 84.3%, specificity = 86.1%, precision =
66.3%, and accuracy = 85.7%.

Next we discuss SVM, which is based on a very well-developed statistical
theory and has been successfully applied to a wide range of pattern recognition
problems!®103 A SVM selects a small number of critical boundary samples from
each class and builds a linear discriminant function that separates them as widely
as possible. In the case that no linear separation is possible, the technique of “ker-
nel” is used to automatically inject the training samples into a higher-dimensional
space, and to learn a separator in that space.

The training of a SVM is a quadratic programming problem on maximizing the
Lagrangian dual objective function

l TR
max W(a) =Y [a; - 3 * D0 el [ad; + [V V] k([X], [X]))

[e]
i=1 i=1 j=1

subject to the constraint that Vi.0 < [a]; < C and Zézl[a]i x [Y]; = 0. Here,
C is a bound on errors, [X]; and [X]; are the ith and jth training samples, [Y];
and [Y]; are the corresponding class labels (which are mapped to 1 and —1), and
k(-,-) is the kernel function. The kernel function used here is a polynomial kernel
(X, X)) = (X - XN =3 3 Xy %% [ Xy % [X iy # .. [X]i,- In the
WEKA package, this quadratic programming problem above is solved by sequential
minimal optimization™.

Once the optimal solution « is obtained from solving the quadratic programming
problem above, the SVM decision function G(T') on a test sample T' can be con-
structed as G(T') = sign()_,[a];*[Y]; xk(T,[X];) +b), for a threshold b. To estimate
b, we use the fact that the optimal solution a must satisfy the so-called Karush-
Kuhn-Tucker conditions™ 924 In particular, for each [a]; > 0, [V]; * G([X];) = 1.
Hence [Y]; = sign(}_,;[al; * [Y]; * k([X];, [X]i) +b). So we estimate b by averaging
[Y]i = 22sledi * [YV]i * k([X];, [X]:) for all [a]; > 0.

According to Wong et al.1%8, SVM trained on our 9 features yields an accurate
TIS recognizer with sensitivity = 73.9%, specificity = 93.2%, precision = 77.9%,
and accuracy = 88.5%.
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Our third machine learning method is C4.5, a widely used decision tree based
classifier®?. C4.5 has an important advantage over machine learning methods such
as ANN, SVM, and NB in a qualitative dimension: rules produced by C4.5 are easier
to understand than kernel functions. C4.5 constructs a decision tree in a recursive
process. The process starts by determining the feature that is most discriminatory
with regard to the entire training data. Then it uses this feature to split the data
into non-overlapping groups. Each group contains multi-class or single class samples,
as categorized by this feature. Next, a significant feature of each of the groups is
used to recursively partition them until a stopping criteria is satisfied. Let us next
describe how C4.5 selects the most discriminatory feature in at each node of the
decision tree construction process.

Recall that from Section 5 that e(f,U) = min{E(f,U, S1,S2) | (S1,S2) is a
partitioning of the values of f in |JU by some point T'}. We can interpret this
number as the amount of information needed to identify the class of an element of
U. Let U = {A, B}, where A and B are the two classes of samples. Let f be a feature
and S be the range of values that f can take in the samples. Let S be partitioned
into two subranges S; and Sy. Then the difference between the information needed
to identify the class of a sample in U before and after the value of the feature f
is revealed is Gain(f,U,S1,S2) = Ent(f,U,S; U Sy) — E(f,U,S1,S2). Then the
information gain is the amount of information that is gained by looking at the
value of the feature f, and is defined as ¢g(f,U) = max{Gain(f,U,S1,S2) | (S1,S2)
is a partitioning of the values of f in |JU by some point T'}. This information
gain measure g(f,U) can also be used for selecting features that are relevant. In
fact, the ID3 decision tree induction algorithm uses it as the measure for picking
discriminatory features for tree nodes®!.

However, g(f,U) tends to favour features that have a large number of values.
The information gain ratio is a refinement to compensate for this disadvantage.
Let GainRatio(f,U,S1,S2) = Gain(f,U,S1,S2)/SplitInfo(f,U,S1,S2), where
SplitInfo(f,U,Sy,S2) = Ent(f,{U7*,U7*},51 U Ss), and UF = Upey{d € C |
the feature f in sample d has value in range S}. Then the information gain ratio
is defined as gr(f,U) = max{GainRatio(f,U,S1,S2) | (S1,S2) is a partitioning of
the values of f in |JU by some point T'}.

C4.5 uses the information gain ratio to determine which feature is most dis-
criminatory at each step of its decision tree induction process. According to
Wong et al.'%8, C4.5 trained on our 9 features also yields an accurate TIS recognizer
with sensitivity = 74.0%, specificity = 94.4%, precision = 81.1%, and accuracy =
89.4%.

These results are summarised in Part IT of Figure 3. Since NB, SVM, and C4.5
are very different machine learning methods, and they are all performing well when
trained on the 9 features selected in Section 5, we can be fairly certain that these
9 features correspond to key signals for separating TIS from non-TIS.
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I. Results reported by some existing systems for TIS recognition. A “-” means
that particular figure is not available. The results by Pedersen and Nielsen?®,
Zien et al.''%'"1 and Li et al.5% are directly comparable to results in Parts II
and III below as they are all on the Pedersen and Nielsen dataset. The result by
Hatzigeorgiou*? is not directly comparable to any of the other systems because
she uses a different dataset and also because she uses the ribosome scanning
model.

Classifier Sensitivity — Specificity  Accuracy
Pedersen and Nielsen?® 78.0% 87.0% 85.0%
Zien et al.'0 69.9% 94.1% 88.1%
Zien et al''! - - 88.6%
Hatzigeorgiou*? - - 94.0%
Li et al.53 84.7% 88.7% 87.7%

II. 3-fold cross-validation accuracy of NB, SVM, and C4.5 on the Pedersen and
Nielsen dataset based on the 9 features selected using CFS in Section 5. These
are results reported by Wong et al.108,

Classifier Sensitivity Specificity Precision Accuracy

NB 84.3% 86.1% 66.3% 85.7%
SVM 73.9% 93.2% 77.9% 88.5%
C4.5 74.0% 94.4% 81.1% 89.4%

ITI. 3-fold cross-validation accuracy of NB, SVM, and C4.5 on the Pedersen and
Nielsen dataset based on the 100 features selected using the entropy measure
in Section 7.

Classifier Sensitivity Specificity Precision Accuracy

NB 70.53% 87.76% 65.47% 83.49%
SVM 80.19% 96.48% 88.24% 92.45%
C4.5 74.88% 93.65% 79.51% 89.00%

Fig. 3. Accuracy results of various feature selection and machine learning methods for TIS recog-
nition.
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7. Refinements

As every 3 nucleotides code for an amino acid, it is legitimate to investigate if
an alternative approach to generating features based on amino acids can produce
effective TIS recognizers. Also, in the previous sections, we use features selected by
CFS, hence it is legitimate to investigate if features selected by other methods can
produce effective TIS recognizers. Li et al.®
section, we discuss their results and add some of our own.

For generating features, we take the sequence segments of 100 nucleotides up-
stream and 100 nucleotides down-stream of the target ATG as before. Then we
consider 3-grams that are in-frame—that is, those 3-grams that are aligned to the
ATG at positions ..., -6, -3, +4, +7, .... Those in-frame 3-grams that code for amino
acids are converted into the corresponding amino acid letters. Those in-frame 3-
grams that are stop codons are converted into a special letter symbolizing a stop
codon. From the conversion above, Li et al.%® generate the following types of k-
grams:

pursue these two alternatives. In this

(1) up-X, which counts the number of times the amino acid letter X appears in the
up-stream part, for X ranging over the standard 20 amino acid letters and the
special stop symbol.

(2) down-X, which counts the number of times the amino acid letter X appears in
the down-stream part, for X ranging over the standard 20 amino acid letters
and the special stop symbols.

(3) up-XY, which counts the number of times the two amino acid letters XY appear
as a substring in the up-stream part, for X and Y ranging over the standard 20
amino acid letters and the special stop symbol.

(4) down-XY, which counts the number of times the two amino acid letters XY
appear as a substring in the up-stream part, for X and Y ranging over the
standard 20 amino acid letters and the special stop symbol.

Li et al.% also generate the follow Boolean features from the original sequence
fragments: UP-ATG, which indicates that an in-frame ATG occurs in the up-stream
part; up3-AorG, which indicates that an “A” or a “G” appears in position —3
; down4-G, which indicates that a “G” appears in position +4. These last two
features are inspired by the Kozak consensus sequence, GCC[AG]CCAUGG, for
vertebrate translation initiation sites®®°0. A total of 2 x 21 + 2 % 212 + 3 = 927
features are thus generated as described above.

For selecting features, we use the entropy measure to rank the relevance of each
of these 927 candidate features in a 3-fold cross validation setting. In each fold, the
top 100 features are selected. The following features are consistently among the top
10 features in each of the 3 folds: up-ATG, down-STOP, down-L, down-D, down-E,
down-A, up3-AorG, up-A, down-V. Up-M also appears among the top features in
each fold, but we exclude it as it is redundant given that up-ATG is true if and
only if up-M > 0. The detailed ranking of these features in each fold is given in
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Fold up down up3 down down up down down down

ATG STOP AorG A \Y% A L D E

1 1 2 4 3 6 ) 8 9 7
1 2 3 4 5 6 7 8 9

3 1 2 3 4 5 6 8 9 7

Fig. 4. Ranking of the top 9 features selected by the entropy measure method as relevant in each
of the 3 folds.

Figure 4.

Interestingly, most of these features, except up-A and down-V, correspond to
those selected by CFS on the original nucleotide sequence fragments in Section 5.
Specifically, up-ATG corresponds to “in-frame up-stream ATG”; down-stop corre-
sponds to “in-frame down-stream TAA”, “in-frame down-stream TAG”, and “in-
frame down-stream TGA”; up3-AorG corresponds to “position-3”; down-L corre-
sponds to “in-frame down-stream CTG”; down-D corresponds to “in-frame down-
stream GAC”; down-E corresponds to “in-frame down-stream GAG”; and down-A
corresponds to “in-frame down-stream GCC”.

For validating whether accurate systems for recognizing TIS can be developed
using features based on amino acids, we test the C4.5, SVM, and NB machine
learning methods in 3-fold cross validations. The top 100 features selected by the
entropy measure are used in each fold.

For C4.5, we obtain sensivity = 74.88%, specificity = 93.65%, precision =
79.51%, and accuracy = 89.00%. This is comparable to the performance of C4.5
using the 9 features selected by CFS in Section 5.

For SVM, we obtain sensitivity = 80.19%, specificity = 96.48%, precision =
88.24%, and accuracy = 92.45%. This is significantly better than the performance
of SVM using the 9 features selected by CFS in Section 5. It is the best reported
results on the Pedersen and Nielsen dataset™® that we know of.

For NB, we obtain sensitivity = 70.53%, specificity = 87.76%, precision =
65.47%, and accuracy = 83.49%. This is considerably worse than the other re-
sults. The increase from 9 features in Section 6 to 100 features here has apparently
confused NB.

Li et al.% use just the top 10 features selected by the entropy measure in their
study. As mentioned in Section 2, they use PCL (Prediction by Collective Likelihood
of emerging patterns)®* to integrate these top 10 entropy features. PCL focuses on
(a) fast techniques for identifying patterns—in the case of Li et al., made up of
combinations of the top 10 features—whose frequencies in two classes differ by a
large ratio®®, which are the so-called emerging patterns; and on (b) combining
these patterns to make decision.
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As PCL is a relatively new data mining method, we describe it in more detail
here. PCL has two phases. Given two training datasets D (instances of class
A) and DF (instances of class B) and a test sample T, PCL first discovers two
groups of most general emerging patterns from D and DZ. Denote the most
general emerging patterns of DA as, EPlA, EP2A, N EPiA, in descending order of
frequency. Denote the most general emerging patterns of D8 as EPF, EPB, ...,
EP].B , in descending order of frequency. Suppose the test sample T' contains these

most general emerging patterns of DA: EPA, EP, ..., EPA iy < iy < -+ <
iz < 4, and these most general emerging patterns of DB EPJLf, EPE, ..., EPJ-Lz,

J1 < J2 < --- < jy < j. The next step is to calculate two scores for predicting the
class label of T'. Suppose we use k (k < i and k < j) top-ranked most general
emerging patterns of D4 and DB. Then we define the score of T in the D class as

frequency(EP )
frequency(EP;,‘}) ’

score(T, DA Z

and the score in the DB class is similarly defined in terms of EPJi and EPB. If
score(T, D*) > score(T, DP), then T is predicted as the class of DA, Otherwise it
is predicted as the class of DB. We use the size of D* and DB to break tie.

The emerging patterns in Li et al.%% are built by PCL from the top 10 features
selected by the entropy method shown in Figure 4. They report that PCL achieves
84.7% sensitivity, 88.7% specificity and 87.7% overall accuracy.

These results are summarized in Part III of Figure 3. We believe further im-
provements are possible in a more careful selection of features than simply using
the top 100 features of the lowest entropy. But that pursuit is beyond the scope of
this tutorial.

8. Remarks

We have described a methodology for analyzing sequence data. The methodology
comprises the three steps of (a) generate candidate features from the sequences,
(b) select relevant features from the candidates, and (c) integrate the selected fea-
tures using a machine learning method to build a system to recognize specific prop-
erties in sequence data. While this simple methodology is applicable to a variety
of recognition problems for functional sites in biological sequences, we have illus-
trated it in this tutorial on the problem of recognizing translation initiation sites,
and used it to identify features that are useful for understanding the distinction
between ATG sites that are translation initiation sites and those that are not. In
connection with this, we have surveyed some techniques for recognizing translation
initiation sites?®110,111,42,108,63

For generating candidate features, we have presented various types of features
based on the idea of k-grams, including basic k-grams, in-frame k-grams, and
position-specific features. These types of features are generally good candidates to
try in problems pertaining to recognition of functional sites in biological sequences.
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The basic k-grams are also useful in other problems, particularly those pertaining
to the analysis of biomedical terms in scientific texts'%®.

For selecting relevant features, we have discussed signal-to-noise
81

37 t-statistics!?,

entropy measure®’?, information gain measure8!, and information gain ratio®?, and
CFS?. For integrating selected features, we have described C4.58%2, SVM!03,79
Naive Bayes®?, and PCL%*. In connection with the description of SVM, we have also
given a brief exposition on the engineering of a locality-improved kernel function!'C.
These techniques are all very general feature selection and data mining methods.
They can be applied, as we have done here, on recognizing functional sites in bi-
ological sequences, as well as in non-sequence problems. For example, the analysis
of gene expression profiles and proteomic profiles typically comprises the two steps
of feature selection and feature integration for decision making, using these same
techniques?7-61:107:62,25,33

Let us end this tutorial on data mining tools for analyzing sequence data with
a brief mention of a number of data mining tools and their applications in the
biomedical arena in the context of classification and prediction. Any of these tools
surveyed below can be used in step (c) of the three-step methodology discussed in
the main text of this tutorial.

The most popular classification technique is the idea of decision tree induction.
We have already seen the C4.5 method in Section 6. Other algorithms for decision
tree induction include CART'4, ID3%!, SLIQ™, FACTS", QUEST®®, PUBLIC%4,
CHAID?!, ID5'°2, SPRINT?®®, and BOAT?®5. This group of algorithms are most
successful for analysis of clinical data and for diagnosis from clinical data. Some
examples are diagnosis of central nervous system involvement in hematoonco-
logic patients®, prediction of post-traumatic acute lung injury®3, identification
of acute cardiac ischemia®, prediction of neurobehavioral outcome in head-injury
99 and diagnosis of myoinvasion®®.

Another important group of techniques”>24:75:49:43,48,90,60 5.0 hagsed on the Bayes
theorem. The Naive Bayes method presented in Section 6 is perhaps the most pop-

ular example in this group. Some example applications of Bayesian classifiers in
+36

survivors

the biomedical context are mapping of locus controlling a genetic trai
ing for macromolecular crystallization**, classification of cNMP-binding proteins™,
prediction of carboplatin exposure*®, prediction of prostate cancer recurrence??,

, screen-

prognosis of femoral neck fracture recovery®®, and prediction of protein secondary
structure®?98:2,

Related to the Bayesian classifiers are the hidden Markov models or
HMMs"56:26:27 A HMM is a stochastic generative model for sequences defined
by a finite set S of states, a finite alphabet A of symbols, a transition probability
matrix 7', and an emission probability matrix E. The system moves from state
to state according to 7' while emitting symbols according to E. In an n-th or-
der HMM, the matrices T and E depend on all n previous states. HMMs have
been applied to a variety of problems in sequence analysis, including protein family
classification and prediction®%°7, tRNA detection in genomic sequences’®, methy-
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lation guide snoRNA screening”', gene finding and gene structure prediction in

DNA sequences!312:5,56,91
106,77

, protein secondary structure modeling®', and promoter
recognition

Artificial neural networks are another important approach to classification
that have high tolerance to noisy data. We have seen two examples in Section 2. Suc-
cessful applications of artificial neural networks in the biomedical context include
86,88,80 signal peptide prediction®7%:28 gene
finding and gene structure prediction!®"?6, T-cell epitope prediction*®, RNA sec-
ondary structure prediction®?, toxicity prediction'?, disease diagnosis and outcome
prediction!94:93:100 " a5 well as protein translation initiation site recognition”®42.

Last but not least, support vector machines are another approach to the
classification problem that has clear connections to statistical learning theory.
We have seen in Section 6 a detailed exposition on their construction. A SVM
is largely characterized by the choice of its kernel function. Thus SVMs con-
nect the problem they are designed for to a large body of existing research on
kernel-based methods®>-193:18, Some recent applications of SVM in the biomedi-
cal context include protein homology detection®”, microarray gene expression data
classification'®, breast cancer diagnosis”?2, as well as protein translation initiation
site recognition!1®111,

89,7,20

protein secondary structure prediction
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