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Abstract

Abstract: Statistical analysis of amino acid and nucleotide sequences, especially sequence alignment, is one of
the most commonly performed tasks in modern molecular biology. However, for many tasks in bioinformatics,
the requirement for the features in an alignment to be consecutive is restrictive and ‘n-grams’ (aka k-tuples) have
been used as features instead. N-grams are usually short nucleotide or amino acid sequences of length n, but the
unit for a gram may be chosen arbitrarily. The n-gram concept is borrowed from language technologies where
n-grams of words form the fundamental units in statistical language models. Despite the demonstrated utility of
n-gram statistics for the biology domain, there is currently no publicly accessible generic tool for the efficient
calculation of such statistics. Most sequence analysis tools will disregard matches because of the lack of
statistical significance in finding short sequences. This article presents the integrated Biological Language
Modeling Toolkit (BLMT) that allows efficient calculation of n-gram statistics for arbitrary sequence datasets.
Availability: BLMT can be downloaded from http://www.cs.cmu.edu/~blmt/source and installed for standalone
use on any Unix platform or Unix shell emulation such as Cygwin on the Windows® platform. Specific tools and
usage details are described in a ‘readme’ file. The n-gram computations carried out by the BLMT are part of a
broader set of tools borrowed from language technologies and modified for statistical analysis of biological

sequences; these are available at http://flan.blm.cs.cmu.edu/.
Contact: Judith Klein-Seetharaman (judithks @cs.cmu.edu)

Many of the hallmarks of statistical analysis of nucleotide and
protein sequences are similar to those of human languages: (i)
large data bodies need to be analysed in both cases; (ii) the
fundamental units of human languages include higher order struc-
tures, paralleled by domains, subunits or functionally linked pro-
teins; and (iii) computer-based derivation of meaning from text is
analogous to the prediction of structure and function from primary
sequence data. Therefore, the analogy has led to the wide applica-
tion of methods used in language technologies to the study of
biological sequences.!'*! For example, hidden Markov models
(HMMs), support vector machines (SVMs) and neural networks
are standard methods used in bioinformatics, and even formal
language theory has found applications in biology.[!81 Recently,
probabilistic language models have been used to improve protein
domain boundary detection,® predict transmembrane helix

boundaries!'?! and in genome comparison.!'!! Furthermore, latent
semantic analysis, a technique used in text processing, has been
used for secondary structure prediction.'?! In addition, methods
used for topic segmentation of text or radio speech have been
applied to the membrane protein boundary prediction problem, in
particular using Yule’s Q-statistic!'3! and mutual information.!'*!
Finally, the application of conditional random fields, a technique
also borrowed from language technologies, to secondary structure
prediction has recently been reported.!!

Language technologies often use word n-grams as features.
N-grams refer to sequential occurrences of words in a text. In
biological sequences, the best equivalent of human words is not

known. Thus, n-grams usually describe short sequences of nucleo-
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tides or amino acids of length n.! Other ‘vocabulary’ that has been
used includes the 61-codon types or reduced amino acid alpha-
bets.!'%11 Probably the most widely known application of n-grams
is their use in the BLAST® algorithm, where they enhance compu-
tational efficiency in sequence searching in the initial step.!?!
However, n-grams have also proven useful in a number of other
bioinformatics areas. Global distributions of n-grams across dif-
ferent datasets of biological sequences have been shown to follow
Zipf’s law.?!! Zipf’s law states that the frequency of a word is
related to its rank by a power law,[?>231 and the observation of Zipf
behaviour in biological sequences was originally used to infer
‘linguistic’ properties of such data.”?' However, it was later shown
that randomised biological sequences follow similar trends;>*277 it
was also pointed out that any number of random processes can
display Zipf-like behaviour?®! and that Zipf’s law cannot distin-
guish language from power-law noise.l?”! Furthermore, depending
on the dataset studied, n-gram distributions in biological se-
quences are better approximated by an exponential distribution
function rather than Zipf’s law.[?®! Thus, although the Zipf law
cannot be used as a linguistic test, n-gram distributions in biologi-
cal datasets do show significant nonrandomness.?®2° Further-
more, a recently developed modification of the Zipf-like analysis
of n-gram frequencies that allows comparison of individual
n-grams rather than the global distributions (see the Applications
section) has found recent application in identification of genome
signatures.!'!! It has also been shown that n-grams are useful
features in the prediction tasks of protein family classifica-
tion!!%30311 and transmembrane helix boundary detection.!!%-13.14]
Finally, the matching of peptide sequences to their respective
structures in the ROSETTA protein tertiary structure prediction
algorithm! and the statistical analysis of known protein struc-
tures in terms of their distribution with sequences of a given
length33) can both be viewed as applications of n-gram technolo-

gy.

This article describes a publicly accessible toolkit, the Biologi-
cal Language Modeling Toolkit (BLMT), that integrates various
functionalities related to statistical n-gram analysis. BLMT func-
tions as a foundation over which various different analysis tools
have been and may be built that take advantage of lexicographical
pre-processing of the sequence data. Unlike many other integrated
tools and platforms for sequence analysis such as the Systems
Biology Workbench,**I BLMT is not only a platform that enables

use of a collection of specific applications. Instead, it is a scalable
framework over which new applications may be built that take
advantage of the time-efficient pattern searching capability pro-
vided by the underlying data structures. In this article, we describe
four examples of applications that have benefited or can profit
from the n-gram analysis capabilities of BLMT.

Suffix Array Data Structure

BLMT allows for statistical n-gram analysis of large biological
sequence datasets. For this purpose, BLMT generates a suffix
array structure, as originally described by Manber and Myers, 3
from the data provided by the user. A large number of genomic
and proteomic datasets are also stored at the URL http://
flan.blm.cs.cmu.edu. Suffix trees and arrays are powerful struc-
tures optimised for large data and fast processing requirements and
have been used in the bioinformatics domain for applications in
whole-genome sequence alignment,*®! motif identification!3”-38
and protein family classification.[*#"! The efficiency of our suffix
array is further improved by accompanying data structures, includ-
ing the longest common prefix (LCP) and the rank array described
in Kasai et al.*!! The construction of these data structures is shown
in figure 1.

For a given sequence of characters, a suffix at position i is the
subsequence beginning at position i and extending to the end. In
figure 1, the suffix at position 5 is shown in pink colour. A suffix
array is the arrangement of all the possible suffixes of the input
string in lexicographical order. Thus, if a pattern repeats at multi-
ple positions in the input string, the suffixes beginning at these
positions all appear consecutively in the suffix array since they all
begin with that same pattern. To store the sorted order of the
suffixes, only their beginning positions are entered in the suffix
array data structure, as shown in the 4th row in figure 1 (headed
‘Suffix array’). The LCP array stores the length of the common
prefix substring between a suffix and its preceding entry in the
sorted suffix array. The LCP array can be constructed in linear
time from the sorted suffix array and can be used in conjunction
with various repetitive-pattern identification algorithms. The rank
array stores — for each position in the input string — the position of
its suffix in the suffix array. That is, if a suffix S; appears at the j-th
position in the lexicographical order of the suffix array, then rank

il =.

1 Other notations used instead of n-grams are k-grams, k- or n-tuples and k- or n-mers.
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Position 0 1 2 3

11|12 (13 | 14 | 15 | 16 [ 17 [ 18 | 19 [ 20 | 21 | 22 | 23 | 24

Rank array 19 | 24 5 8 15 | 23 | 22 | 18 | 12 | 11 1

16 | 7 | 20 4 6 10 | 14 | 17 | 9 2 18 | 21 3 0

Sequence M \ D | L S S L L L #

Suffix array 24 | 10 | 20 | 28 | 14 2 15 | 12 3 19 | 16

LCP array 0 1 2 |0 1 0 1 1 0| 0| 1 0 | 1 2 1 1 0 1 1 1 o|lo|o|1]o0
# | # | # | A|A|D|[D|D I K | K Lfcjrfr|fL|{M|{M|[M|[M|P|[Q]|S]|S]|V
Sufiixes M| M| #|[D I K| P |L|#|L|#|L|L|M|[S|D|K|Q|V|A|A|L|S]|D
sofizdlln D | Q K|lL|L|A[|S M| M|#|L|K|s|P|#|A|D|D]|# |L|L]|I
lexicographic
order P | A L|SsS|M|D|Ss M | # # L|A | M| # I K L |L|L
#

Fig. 1. Example of a suffix array and its longest common prefix (LCP) array and rank array for the sequence MVDILSSLLL#MDPADKLMK#MQA#. An
example suffix SSLLL#MDPADKLMK#MQA# (row 3, shown in pink) is the suffix beginning at position 5 (Ss). When the suffixes are sorted in lexicographic
order, the suffix Ss appears as the 23rd suffix. Thus, the rank of Ss is 23. Similarly, the suffix array carries the value ‘5’ at position 23, indicating that the
23rd suffix is Ss. Suffixes in lexicographic order are shown in the lower half of the figure, arranged vertically. LCPs between adjacent suffixes are shown in
same colour. The LCP array contains the lengths of these LCPs. For example, at position 13, the LCP with the previous suffix is ‘LL’, and its length is 2.

Hence, LCP(13) = 2.

Tools

N-Gram Counts

The functionality of the BLMT includes n-gram counts from
protein and nucleic acid sequences, where 7 is an arbitrary integer
or range of integers. While locating sequence repeats in any two
given sequences is a trivial task, it becomes computationally
expensive when the search is to be performed on a database of the
size of multiple genomes or on large n. BLMT uses the underlying
suffix-array structure to retrieve repeating sequences of any length
greater than a threshold set by the user or the longest repeating
sequences efficiently. BLMT will also compute the co-occurrence
counts of specific n-grams in subsets of the data, e.g. within
individual proteins, and supports identification of n-gram
neighbours (left and right). BLMT allows retrieval of proteins that
contain common sequences longer than a threshold and annotation
of n-gram counts along proteins. The n-gram counts can be sorted
in various ways.

Statistical Correlations

The n-gram counts are used to compute statistical correlations
between amino acids or nuleotides using Yule’s Q statistic.[*?! This
tool computes the Yule value between two amino acids separated
by a specific distance (such as A**C), as described in detail in
Ganapathiraju et al.['3l BLMT also allows reading in Yule or other
correlation values that have been pre-computed with other tools. It
is possible to annotate a given protein sequence/nucleotide se-

© 2004 Adis Data Information BV. All rights reserved.

quence with Yule values computed from a dataset. Yule values
range from —1 to +1 reflecting a negative or positive influence,
respectively, of the occurrence of two amino acids on each other.
For a random distribution of amino acids, the Yule values are
expected to be zero, and this is what was observed when Yule
values of randomised protein sequences were computed.!3]

Language Models

The computed n-grams form the input for n-gram language
models P(wilw1 ... wi-1) = P(wilwi-N+1 ... wi-1), where wj is the
probability (P) of observing the word 7, which is computed using
the Carnegie Mellon University/Cambridge Statistical Language
Modeling (SLM) Toolkit.*¥! The likelihood of observing a new
sequence in comparison with a reference language model is report-
ed. For n-grams that are absent in the reference model, the
probabilities are estimated based on back-off models using lower

values of n, up to n = 1 (as described by Chen and Goodman*#).

Applications

Dataset Comparisons: Identification of
Genome Signature

One of the motivations for the development of the BLMT was
to allow the formulation of new hypotheses using the analogy
between language and biology. The first question we asked is if the
sequences observed in proteins of different organisms are statisti-
cally similar or if organisms may be viewed as representations of
different languages. We compared the n-gram frequencies of 44

Appl Bioinformatics 2004; 3 (2-3)
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Fig. 2. Distribution of amino acid n-grams with n = 4 in Neisseria meningitidis in comparison with the distribution of the corresponding amino acids in 44
other organisms.l'l N-grams of Neisseria are plotted in descending order of their frequency in the genome (bold red line). The top 20 most frequent
4-grams in Neisseria are shown. Frequencies of corresponding n-grams from genomes of various other organisms are also shown (thin coloured lines).
The second thin line closely following the bold red line corresponds to a different strain of Neisseria meningitidis. Arrows indicate the positions of 4-grams

that are over-represented in Neisseria but are rare in other genomes.

different organisms using the n-gram comparison functions pro-
vided by BLMT and made the following observations:

1. A simple Markovian uni-gram (context-independent amino
acid) model from the proteins of Aeropyrum pernix was trained.
When the training set and test set contained different proteins but
were selected from the same organism, a perplexity (a variation of
cross-entropy) of 16.6 was observed, whereas data from other
organisms varied from 16.8 to 21.9. Thus, even the simplest model
can automatically detect the differences in the amino acid usage of
different organisms.

2. We developed a modification of Zipf-like analysis that can
reveal specific differences in n-grams in different organisms. First,
the amino acid n-grams of a given length were sorted in descend-
ing order by frequency for the organism of choice. An example is
shown in figure 2 for Neisseria meningitidis for n = 4. Remarka-
bly, there are three n-grams (shown by red arrows in figure 2) that
are among the top 20 most frequently occurring 4-grams in Neis-
seria but that are rare or absent in any of the other genomes. These
highly idiosyncratic n-grams suggest motifs that are preferentially
used in the particular organism. These motifs are highly statistical-
ly significant, as demonstrated by the fact that randomised se-
quences with an identical amino acid composition to the genomes

© 2004 Adis Data Information BV. All rights reserved.

studied did not generate such motifs.''! These motifs are not only
statistically significant in the comparison across organisms but
also within each organism itself. In Neisseria for example, the
4-grams SDGI and MPSE are highly over-represented compared
with the frequencies expected based on the uni-gram distributions
in Neisseria."'! These differences are reflected in the observation
that the observed frequencies of many n-grams are often more than
ten standard deviations away from the mean.

3. While it is not known if these motifs correspond to similar or
different substructures of proteins, we found that amino acid
neighbour preferences are also different for different organisms,
suggesting the possibility for underlying subtle changes in the
mapping of sequences to structures of proteins. Figure 3 shows a
plot of the preferences of amino acids with distances of up to five
amino acids for two different organisms, Aeropyrum pernix and
Thermoplasma acidophilum, which illustrates these differences.

Membrane Helix Boundary Prediction

Computational methods for protein secondary structure predic-
tion are based on amino acid preferences in secondary structure
elements.*>-47) Similarly, in the special case of transmembrane

Appl Bioinformatics 2004; 3 (2-3)
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helices, amino acid preferences also play a predominant role
because of the importance of hydrophobicity for the transmem-
brane segments and the positive inside-out rule for the extramem-
branous parts of the proteins.[*¥! While the use of amino acid
preferences can give an approximate boundary of transmembrane
helices, some applications require knowledge of the exact posi-
tions of these boundaries. We used several n-gram approaches to
address this question.

The problem is similar to topic segmentation in natural lan-
guage, and we applied Yule’s measure of association*?! to the
membrane protein boundary prediction task based on its use in
natural language processing.” Given a text with n different
words, an nxn table of Yule values for every pair of words is
computed. The distribution of Yule values in the table differs for
different categories of text, indicating the positions of the bounda-
ries. In a model application to the G-protein coupled receptor
(GPCR) family of membrane proteins, we found that Yule values
can differentiate between transmembrane helices and loops con-
necting the helices.!'¥! Similar observations were made using other
measures correlating n-grams, in particular the mutual information
method.!'""! Interestingly, minima in the mutual information corre-
late well with the transmembrane boundaries without using any
sort of training data, hydrophobicity scales or other type of knowl-
edge. This result suggests that n-gram correlations are able to
capture structural features of proteins at the sequence level and can
be used to discover these features automatically.'¥]

We also adopted a language modelling approach. This method
builds a language model for each ‘topic’ representing transmem-
brane helices and loops. Their performance in predicting the
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current amino acid is then compared, to determine whether a
boundary occurs at the current position. The language models
make use of only n-grams probabilities but, surprisingly, still

produced promising results.10:13.14]

Protein Family Classification

GPCRs are a superfamily of proteins and are particularly diffi-
cult to classify into families because of the extreme diversity
among its members. A comparison of BLAST®, k-Nearest Neigh-
bor (k-NN), HMMs and SVMs with alignment-based features has
suggested that classifiers at the complexity of SVMs are needed to
attain high accuracy.’%! However, we were able to show that the
simple decision tree and naive Bayes classifiers in conjunction
with chi-square feature selection on counts of n-grams perform
extremely well, and the naive Bayes classifier even outperforms
the SVM significantly.'%! We also generalised the utility of n-
grams for high-accuracy classification of other protein families
using the naive Bayes approach.l'®3! In line with these observa-
tions, Wu and co-workers have observed that neural networks
perform well with n-gram features in the protein family classifica-
tion task.[3%

Protein Folding and Tertiary Structure Prediction

Prediction of folding initiation sites in proteins is a formidable
task that requires novel approaches. We investigated if inverse
frequencies might correlate with experimentally determined fold-
ing initiation sites in the protein-folding model system, lysozyme.
Our hypothesis was based on the observation that, in natural
languages, rare words carry the meaning of a text. Shown in figure
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Fig. 3. Preferences between neighbouring amino acids in whole genomes. Positive and negative preferences between neighbouring amino acids
separated by a distance of 0-5 residues are shown for Aeropyrum pernix (a) and Thermoplasma acidophilum (b). Red corresponds to positive preference

and blue corresponds to negative preference (see colour bar).
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Fig. 4. Location of folding initiation sites in the model protein, lysozyme. (a) 3-dimensional structure; (b) gaussian distributions fitted to experimentally
observed transverse relaxation rates in the unfolded protein.5"! Large values above the flattish line (random cat model) indicate the presence of residual

structure; and (c) Inverse trigram frequency in human lysozyme.

4 are inverse trigram frequencies plotted along the lysozyme
sequence. Indeed, we observed a correlation between the locations
of rare trigrams and the location of residual structure in the
unfolded protein, as evidenced by maxima in relaxation rates
measured in nuclear magnetic resonance (NMR) spectroscopic
experiments. The statistical significance of this observation re-
mains to be established by extension to other proteins, but
lysozyme is the only protein for which the locations of folding
initiation sites are known. However, the steady growth in the size
of the Protein Data Bank will allow a systematic comparison
between the sequences of n-grams and the number of structures
that each n-gram can occur in. Such statistics are already begin-
ning to be reported in the I-sites library'®?! and in the analysis of
sequences encoding certain types of structures.*3! Thus, it is
expected that n-gram analysis may significantly contribute to the
protein tertiary-structure prediction problem in the future.

Conclusions and Future Work

Rapidly accumulating sequence data and accompanying struc-
tural and functional data provide new opportunities for statistical
sequence analysis with the aim of identifying correlations between

© 2004 Adis Data Information BV. All rights reserved.

these data. New datasets need to be analysed and global statistics
computed. Currently, the popular methods for sequence analysis
rely on alignment. However, alignment-based programs have limi-
tations. They make the assumption that contiguity is conserved,
which is not always the case. This has stirred interest in methods
that do not rely on alignment for a number of bioinformatics tasks,
in particular the use of n-grams. In this article, we presented a
generic tool for the efficient calculation of n-gram statistics and
provided several examples of the utility of this tool (BLMT) in
various areas of bioinformatics. The BLMT provides a basis layer
using powerful data structures optimised for fast search and re-
trieval of n-grams, computation of various n-gram statistics and
comparison of such statistics across multiple datasets. We re-
viewed the interesting differences observed in comparing datasets
at varying hierarchies, from describing whole-genome protein
sequences to distinguishing soluble from transmembrane helices
and the ability to detect transmembrane helix boundaries. In all
cases, the observations made were significantly different from the
corresponding randomised datasets. The next step is to quantify
the utility of n-grams for the generation of predictive and, there-
fore, applicable models. It has already been shown that n-gram

Appl Bioinformatics 2004; 3 (2-3)
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features have unprecedented utility for protein sequence classifica-
tion, to the extent that simple classifiers such as the naive Bayes
outperform complex classifiers such as SVMs if the right features
are selected. In principle, any type of prediction may utilise n-
grams as features, either alone or in conjunction with other fea-
tures. One as yet little explored area where n-grams may provide
new predictive capabilities is the area of tertiary structure and
folding pathway prediction. While a thorough and quantitative
estimation of the degree of correlation of n-gram features with the
structural and dynamic properties of proteins including folding
initiation sites is still outstanding, the results of the four applica-
tion areas described in this article suggest that n-gram features
may be worthwhile to be explored as input in these and other
predictive tasks.
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