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In the post-genomic era, drawing inferences from multiple massive data sets is a ubiquitous
challenge in the computational life sciences. Multiple sequence alignment has played a
key role in genomics (and other “omics”) as a means of summarizing and representing
relationships between sequences. However, two problems with alignment-based strategies
are apparent: the computational expense of constructing alignments and the sensitivity
of subsequent analyses to alignment uncertainties. Here we present a novel alignmentfree alternative. We use frequency profiles (or n-gram vectors) for sequence comparison,
a method inspired by lexical statistics. Such profiles can be used to infer relationships
between texts or between biological sequences, and we demonstrate that two statistical
techniques–hierarchical clustering (HC) and non-negative matrix factorization (NMF)–
provide invaluable insights in both contexts. We present four case studies. First, we show
that bigram frequency profiles can be used to reconstruct the ontology of 102,402 PubMed
titles selected for their relevance to nine drugs and nine therapeutic proteins. Second, we
apply the same methodology to classify 63 protein kinase coding DNA sequences into
functional categories, based on trigram frequency profiles. The two major classes (Tyr vs
Ser/Thr) are correctly identified. Third, and similarly, we show that Alu subfamilies can
be identified in 58,122 Alu sequences, in perfect agreement with the accepted topology of
the Alu phylogeny, again based only on trigram frequency profiles. Fourth, we clustered
8,885 human promoters using trigram frequency profiles for ab initio discovery of coexpression networks associated with disease. We demonstrate that “lexical” statistics offers
a viable alignment-free approach to identifying and representing structural, functional
and evolutionary relationships. We envision that our approach will be applicable to rapid
and revealing comparison of whole individual genomes, and will be an important tool for
analysis and correlation of “omics” data.

Summary
Multiple sequence alignment is a foundational technique in
bioinformatics, and is often the first step in DNA and protein sequence
analyses. However, it can be a slow step for genomic scale datasets,
a problem that will only get worse as the sheer scale of biological
sequence analyses continues to increase. Sequence alignment is
also potentially inappropriate when there have been many smalland large-scale rearrangements among the sequences to be aligned,
and subsequent analyses may be sensitive to uncertainties in the
alignment. In this paper, we propose an alignment-free methodology
for sequence comparison, based on n-gram frequency vectors, and
demonstrate its ability to detect ontological relationships in biological
literature and DNA sequence families (specifically kinases, Alu
repeats and promoter sequences of co-expression networks). The
methodology is versatile for clustering methods such as classical
hierarchical clustering, as well as non-negative matrix factorization.
It is also highly efficient in terms of computational time and space
requirements, and we foresee it becoming an indispensable tool in
genomic sequence analysis.

Introduction
August Schleicher, Ernst Haeckel, and other 19th century linguists
viewed language as a living system.1 Darwin was influenced by this
view and proposed that evolution of species and evolution of language
are similar.2 Several attempts have been made to introduce insights
from linguistic theory into biology.3‒5 For example, Botstein and
Cherry6 proposed rules for general “molecular linguistics”. Brendel
et al.7 used formal linguistic concepts to define a basic grammar for
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genes, based on the idea that mutating a piece of genetic information
was similar to modifying words. However, the correspondence
between biology and linguistics remains a matter of debate.8,9
Despite linguistic intuitions by Estoup-Zipf, Turing, Shannon
and Gamow that now underpin information principles in biology,10‒12
the core sequence analysis methodologies of sequence alignment
and phylogenetics are non-linguistic.13 However, a linguistic-like
alternative – becoming known as alignment-free methodology -has
been developing from attempts to overcome limitations of sequencebased alignment methods in phylogenomics.14‒16
This methodology has several manifestations:
i. Graphical representations for visualization of DNA primary
sequences based on visual maps of corresponding short DNA
sequences.17
ii. Gene content and phylogenetic tree reconstruction.18‒20
iii. Compression algorithms to measure relative information
between sequences using Limpel-Ziv complexity.21‒23
iv. Word-like or n-gram representation of DNA sequence and
composition.24‒27
In the 1940s Claude Shannon studied the information in natural
language through the “n-gram” or “order” statistics. An n-gram is
a set of n adjacent linguistic items, which may be letters or words.
The n-gram statistics of language (or any particular corpus) are the
frequencies with which each possible n-gram occurs. For random
sequences, all n-grams are equally likely; to the extent that the language
13
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is structured and therefore predictable, the n-gram statistics will be
highly non-uniform. In some early works, the hope was expressed
that sufficiently high order statistics would be able to fully capture
the structure of language. However, Chomsky’s28 insistence that the
structure of language is not a finite state dampened enthusiasm for
the n-gram approach. It is believed that n-gram statistics pick up local
rather than global (unbounded) dependences, and hence are unable
to capture the structure of natural languages. Nonetheless, the use
of n-gram-statistics is computationally less expensive, and therefore
remains relevant to both linguistics and genomics. The application of
n-gram statistics in genomics may be particularly useful for genomics,
as the structure of the genome is possibly a finite state.

represent group-specific properties. The relationships between these
vectors are then determined with hierarchical clustering (HC) and
Non-negative Matrix Factorization (NMF).

In the mid-1980s, n-grams were adapted for use in comparing
gene sequences,24 an approach typically called “alignment-free”. In
this approach, similarity among individual sequences is gauged by
comparing the frequency of all n-grams.14,29 These methods overcome
a disadvantage of the classical Smith–Waterman alignment algorithm
(used in BLAST and FASTA), which assumes conservation of
contiguity between sequences. Consequently, Smith–Waterman
alignment is confounded by sequence rearrangement, whereas
alignment-free methods are “free” of this constraint. Alignment-free
methods have been used to infer hyponymic (kind_of) or taxonomic
relationships.30 However, no application of alignment-free methods has
been applied to meronymic (part_of) and cause-effect relationships.
While taxonomic relations are a well-established area of research,
investigations concerning meronymic relations of part-whole and
causal relationships are relatively rare. This is surprising because
this knowledge plays an important role in cognition, and cause-effect
relationships affect all aspects of life. Here we show how a new
alignment-free approach can be used to infer ontological relationships
in language and DNA sequences. We gather large numbers of natural
language (PubMed titles) or DNA strings into ontological groups
based on prior annotations and sum their n-grams to build vectors that

Results

The general utility of the strategy is illustrated with three examples:
i. Classification of biomedical literature.
ii. Classification of sequences of coding and non-coding DNA.
iii. Elucidation of structure-function relationships among
physiologically different co-expression networks. To the best
of our knowledge, this is the first use of a DNA-“lexical”
(n-gram) approach to compare gene co-regulation.

The relationship mapping strategy involves three basic steps
(Figure 1). First, sequences or segments of text are collected into
groups, with each group defined by a common annotation. Second,
the frequencies of n-grams derived from these sequences are tallied to
produce a vector associated with each group. Third, the group vectors
are clustered using hierarchical clustering (HC) or Non-negative
Matrix Factorization (NMF). Thus, the approach reveals relationships
among the original annotations through the exploration of n-grams
representing the original text or DNA. While relationships among
vectors can be discerned and displayed in many different ways, we
chose to explore their relatedness with HC and NMF. HC is convenient
and can be performed with widely available statistical packages. The
statistical significance of individual clusters can also be estimated.31,32
However, HC has the disadvantage that it imposes a stringent tree
structure on the data. Moreover, the clustering produced by HC may
vary depending on the distance metric used to assess similarity and
on the “linkage” method (that is, on how distances between clusters
are determined from the distances between their component vectors).

Figure 1 Method overview: schematic overview of the method with the three steps of data extraction, processing and interpretation. On the left, related
groups of DNA sequences (or alternatively publication titles) are collated.The frequency of all possible trigrams (or bigrams for publication titles) is then tallied
– labeled here with geometric shapes (square, circle, triangle). The relationships among the family representation vectors are mapped and compared through
hierarchical clustering (HC) and Non-negative Matrix Factorization (NMF) (on the right).
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In contrast, NMF produces a low dimensional approximation of
a high-dimensional data matrix, in the form of non-negative factors.
The non-negativity of these factors allows them to be interpreted as
clustering of the data, where cluster assignments are not mutually
exclusive. In this way, NMF can reveal hierarchical structure when
it exists but does not force such structure on the data, and therefore
has an advantage in exposing meaningful global hierarchy.33 The
robustness of NMF can be evaluated by a cophenetic correlation
coefficient ρ.34 NMF has been employed in the analysis of data where
overlapping ontological structures may exist, such as in cancer class
discovery and gene expression analysis33,35 or in the biomedical
literature.36‒38 However, when comparing the frequency vectors built
through the n-gram decomposition of language or DNA, we would
ideally like to combine both the ability of NMF to accurately and
quantitatively identify overlapping structures, with the interpretability
and visualization benefits of hierarchical techniques.

Inferring the ontology of publication titles using
n-gram frequency vectors
As a first test of the ability of n-gram frequency vectors to indicate
ontological structure, we attempted to recapitulate known ontological
relationships in the biomedical literature. A corpus of biomedical
publication titles with a known ontology was constructed as follows.
Nine drugs were selected, comprising three functional groups of
three drugs each (Figure 2). The functional groups contain drugs
used to treat cardiovascular disease, neurodegenerative disease, and
cancer. Within each of these three functional groups, three proteins
were chosen based on their strong association with the respective
diseases. The eighteen drug and protein names were then used as
keywords to extract eighteen overlapping groups of publication
titles from MEDLINE–a total of 102,482 unique titles. Note that
there are non-hierarchical ontological relationships in this data set,
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since the keywords can be clustered according to disease (cardio,
neuro or cancer) or type (drug or protein) and neither classification is
ontologically prior to the other.
The frequencies of all possible bigrams of English letters (26 x
26=676 bigrams) were evaluated for the titles corresponding to each of
the eighteen keywords, with a total count of 8,934,899 bigrams. These
bigram frequency vectors were then clustered using HC and NMF.
Two distance metrics (Euclidean and correlation) and two linkage
methods (average and complete linkage) were used for HC. The choice
of distance metric had minimal impact on the resulting hierarchical
clustering, whereas linkage method had a more significant effect
(Supplementary Figure S1). All combinations of metric and linkage
method were able to correctly identify three groups of proteins, and
three groups of drugs. Moreover, the individual drugs and proteins
were consistently and correctly allocated to these six groups, with
the exception of one drug (bupivacaine) and one protein (DNMT).
The drug bupivacaine was invariably clustered with the other neuro
drugs, but only one combination (correlation metric, average linkage)
found this membership to be significant at the 95% threshold. The
protein DNMT was separated from the other cancer proteins by the
cardio proteins in all but one combination (again, correlation metric
with average linkage was the exception) and was not a member of
a significant cluster for any combination. Interestingly, one possible
explanation of DNMT not clustering with high significance, and
appearing in both the cancer and cardio clusters comes from
recent speculation that atherosclerosis is analogous to cancer, in
that it involves similar phenotypic alterations and widespread
hypomethylation in affected tissues.39 Overall, the combination of
correlation metric and average linkage method performed marginally
better at detecting the six groups and these results are presented for
comparison with NMF (Figure 2A).

Figure 2 Comparison of language vector space via hierarchical clustering (HC) and Non-negative Matrix Factorization (NMF). A corpus of 102,482 publication
titles was extracted from MEDLINE using nine keywords for drugs and nine for proteins. Frequency vectors have length 676 normalized counts corresponding
to all English letter combinations (26 x 26). A total of 8,934,899 bigrams were clustered through HC (A, left) and NMF (B, right). The drug and protein vectors
each self-organized into three isomorphic disease clusters (drugs in the top three clusters, purple labels; proteins in the bottom three clusters, red labels).
These clusters are encoded Cardio, Cancer, Neuro for cardiovascular, cancer and neurological/CNS related diseases, respectively. A. Dendrogram of the language
vectors based on Euclidean distance measure for the nine drugs and nine proteins. Three shades of gray illustrate the two topologically isomorphic clusters,
which are subdivided in the three disease associations. Red bars indicate statistically significant clusters according to the approximately unbiased p-value
(alpha=0.95), as calculated by pvclust. B. NMF stability is shown as a heat-map after clustering of the same set of language-vectors. The NMF results in high
cophenetic correlation coefficient rho (ρmax=0.999985561).
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In terms of detecting higher levels of ontology, the complete linkage
method is superior in that it has correctly separated the drugs from
the proteins (Figure 2A, left). The ability to identify this distinction
based only on bigram frequencies is remarkable, and highlights the
potential of the approach. The average linkage method, although less
successful at detecting deeper levels of ontology, did cluster the cardio
drugs with the cardio proteins, and the neuro drugs close to the neuro
proteins (Supplementary Figure S1). This approach may therefore be
influenced by the alternative high-level classification according to
disease. We speculate that the average linkage method may be more
successful at detecting low-level clusters, whereas complete linkage
may be more appropriate for detecting deeper relationships.
A heat map for the NMF is shown in Figure 2B (right). NMF
showed very good agreement with HC (correlation metric and average
linkage method), identifying three groups of three drugs and three
groups of three proteins, with no drug or protein misallocated, and
NMF added no overlapping structures. Because of the almost perfect
resolution among the eighteen vectors, NMF produced a cophenetic
coefficient close to 1.0 (ρmax). Note that NMF did not identify the
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deeper ontological distinction between drugs and proteins, or between
diseases.
Inferring phylogeny of the human kinases genes with n-gram
clustering
The n-gram clustering method was then tested for the ability to
reconstruct the ontology of the human kinases, the complete catalogue
of which is referred to as the kinome. Nine sets of paralogous genes
were selected as representatives of the kinome (see Methods). These
nine genes are of two types: receptor tyrosine kinases (RTKs) and
serine/threonine kinases (STKs). The frequency count for all n-grams
in each set of paralogs was transformed into an n-gram vector. For
DNA we used trigrams instead of bigrams, so that each trigram
vector has a length of 64 (4x4x4). In total, the nine kinase genes
yielded 122,542 trigrams that were subsequently clustered with HC
and NMF (Figure 3). For HC, two linkage methods (complete or
average) and two distances (Euclidean or correlation) were applied
in all combinations. Only the combination of complete linkage and
Euclidean distance is shown in Figure 3; all four combinations are
shown in Supplementary Figure S2.

Figure 3 Kinase genes (coding sequence only) were extracted through BioMart service. Frequency vectors of length of 64 normalized counts for the four
nucleotide-combinations (4x4x4), and a total of 122,542 trigrams were clustered through HC (A, left) and NMF (B, right). The two kinase types, receptor
tyrosine kinase (RTKs) and serine/threonine (Ser/Thr) kinases, self-organized into separate clusters. The top cluster (purple labels) contains RTKs: 14xEPHRs
(Eph receptor tyrosine kinase), 3xERBBs, v-erb-b2 erythroblastic leukemia viral oncogene homolog: 5xFGFRs, fibroblast growth factor receptor; 2xVGFRs, fmsrelated tyrosine kinase/vascular endothelial growth factor. The bottom cluster (red labels) contains Ser/Thr kinases: 3 x AURKs, Aurora family protein kinases; 4
x MAPKAPs, mitogen-activated protein kinase-activated protein kinases; 6 x PAKs, p21 protein (Cdc42/Rac)-activated kinases; 9 x CAMKs, calcium/calmodulindependent. Protein kinases; 17 x CDKs, Cyclin-dependent kinases. A. Dendrogram of DNA-vectors based on Euclidean distance measure for the 63 protein
kinases. The red bar indicates the statistically significant cluster found with the approximately unbiased p-value (alpha=0.95), as calculated by pvclust. B. NMF is
shown as a heat-map after clustering of the same set of DNA-vectors. The NMF results in high cophenetic correlation coefficient rho (ρmax = 0.98538434).

All four HC combinations distinguished RTKs from STKs, in
agreement with classifications performed using sequence alignment.
The HC method with Euclidean distance was also able to detect
close evolutionary relationships between the pairs of RTKs, such
as between the FGFR and VGFR families. These two RTK families
originated early in metazoan evolution from a single gene that harbors
a unique 7-intron code in the tyrosine kinase domain. Both FGFR and
VGFR families of RTKs have characteristic arrays of immunogloblin
(Ig) domains at the extracellular portion of the protein.40,41
NMF also distinguished RTKs from STKs with a high coefficient

of correlation (ρmax=0.98538434). However, it revealed an overlapping
structure between the two types (Figure 3B). Previously, kinases
were classified by comparing the DNA sequences of their catalytic
domains42 and by alignment-free methodology using amino acids.43
Our n-gram approach allows an alignment-free analysis of the DNA
sequences, and is not limited to the catalytic domains. Implicit
consideration of multi-domain architectures is a valuable inclusion to
complement other classification schemes because it draws attention
to the non-hierarchical relationships among the kinases. Further
detailed studies will characterize these relationships to determine if
they correlate with particular structural domains or functional motifs.
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Inferring phylogeny of Alu repeats with n-gram
clustering

structure of the older AluJ and AluS classes, but not for the youngest
AluYb and AluYa5 classes.

As a more challenging test, we applied n-gram clustering to the
phylogeny of Alu repeats. Alu repeats are the most abundant mobile
elements in the human genome and may contribute to phenotypic
variation and disease.44 This is a good illustration of the usefulness
of the method because the vast number of Alu repeats precludes an
alignment-based comparison across their full sequence. In fact, the
current phylogenies are based on ~20 out of 130 diagnostic positions.
We extracted 58,122 Alus organized into nine distinct subfamilies.
The selected Alus included representatives of the major J, S, and Y
classes.45 The n-gram frequency counts for each Alu subfamily were
calculated, transformed into n-gram vectors and then clustered by
either HC or NMF. HC segregated the n-gram vectors into a phylogeny
that almost perfectly matches the known Alu classification.46
Moreover, the clustering was unaffected by the choice of linkage
method or distance metric, although the significance of the clusters
did vary (Supplementary Figure S3). Interestingly, NMF (coefficient
of correlation ρmax= 0.98557078) detects an overlapping in the n-gram

Previous age estimates of the Alu classes are based on sequence
alignment using the Smith and Waterman algorithms (e.g. AllisonYee and Needleman-Wunsch) combined with the Kimura’s distance.
These methods do not include insertions and deletions but take
into consideration only the transitions and transversions.46 It was
determined that the average evolutionary distance and age of the
AluJb and AluJo subfamilies are almost the same. In agreement
with this sequence-based study, our HC clustering shows the lowest
divergence between AluJb and AluJo (Figure 4A). When we compared
our results with the standardized Alu nomenclature for the younger
AluY subfamiles, the tri-gram sensitivity could be inferred. According
to the Alu nomenclature, AluYa5 and AluYb89 differ by only three
nucleotide changes.45 Our results show that with the given set of 6,476
Alu repeats (AluYa5 and AluYb89), the tri-gram vectors for these two
Alu lineages are indistinguishable by both HC and NMF. This implies
that three diagnostic mutations may be insufficient to distinguish
clusters when using tri-grams.

Figure 4 Repeats extracted using the UCSC genomic browser and BioMart service was analysed. Frequency vectors of length 64 normalized counts for the
tri-gram nucleotide-combinations (4x4x4), with a total of 15,985,356 trigrams were clustered through HC (A, left) and NMF (B, right). Three evolutionary
distant Alu subfamilies (AluJ, AluS, and AluY) are self-organized into separate clusters. Evolutionary old (AluJs) and middle-aged (AluSs) subfamilies are labeled
in purple (A, top two clusters). Evolutionary young (AluYs) subfamilies are labeled with red labels (A, bottom cluster). The number of Alu sequences used for
making the n-gram vectors is shown next to subclass name. The approximate evolutionary age of each Alu subfamily is shown in the middle (Million of Years,
MYRs). A Dendrogram of DNA-vectors based on Euclidean distance measure for the Alufamily. Red bars indicate statistically significant clusters according to the
approximately unbiased p-value (alpha = 0.95), as calculated by pvclust. B. NMF is shown as a heat-map after clustering of the Alu-clustering of the Alu-vectors.
The NMF results in high cophenetic correlation coefficient rho (ρmax = 0.98557078).
DNA-vectors based on Euclidean distance measure for the nine promoter networks involved in three diseases. Each network (n_) is labeled by a single gene
name (n_Gene) to which co-expression of 300 non-redundant genes are correlated by COXPRESdb. The overlap of genes is shown in percentage on the
dendrogram. The red bar indicates the statistically significant cluster according to the approximately unbiased p-value (alpha=0.95), as calculated by pvclust. B.
NMF stability is shown as a heat-map after clustering of the DNA-vectors. NMF partitions the vectors comparable to the HC dendrogram with high cophenetic
correlation coefficient rho (ρmax = 0.96569107). C. Example of gene overlap in two co-expression networks (n_MYL2 and n_MYH7) each centered at
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Inferring n-gram phylogeny of co-expression networks
We hypothesized that core RNA polymerase II promoters represent
important ingredients of transcriptional co-regulation and therefore
could be used for an n-gram unsupervised clustering of modeled
co-expression networks. To test this hypothesis, we compared nine
co-expression networks, each obtained by submitting nine gene
names to COXPRESdb. The nine genes are the same as those used
in the PubMed article title study above, and are thus grouped into
three diseases, and annotated with “n_” preceeding the gene name to
indicate that in this section, the focus is on networks (Figure 5). The
n-gram frequency vectors for each network were then clustered using
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HC with average and complete linkage methods, and using Euclidean
and correlation distance metrics. The choice of linkage method did not
affect the clustering, although significances did vary (Supplementary
Figure S4). Choice of distance metric was found to affect both
clustering and significances. All combinations correctly identify the
cardio co-expression networks n_COX2, n_MYL2, and n_MYH7 as a
cluster. Using Euclidean distance, the cancer co-expression networks
n_HDAC1, n_HAT1 and n_DNMT1 were clustered, as were the
neuro networks n_PSEN2, n_APP and n_TUBB3. However, using
correlation as a distance metric, n_HDAC1 and n_TUBB3 formed
a significant cluster, and n_HAT1 and n_DNMT1 formed a nonsignificant cluster.

Figure 5 20 genes (text-labeled nodes) with an overlap of 50% (ten genes, yellow nodes). A corpus of 8,885 human promoters (utr) grouped into nine coexpressing networks was extracted through UCSC genomic browser. Frequency vectors with 64 normalized counts for the four nucleotide-combinations
(4x4x4), or total 2,255,712 trigrams were clustered through HC (B, left) and NMF (C, right). The vectors for the nine promoter networks each self-organized
into three disease clusters (Cancer, Neuro networks in the top six clusters, purple labels; Cardio networks in the bottom three clusters, red labels). These
clusters are encoded Cardio, Cancer, Neuro for cardiovascular, cancer and neurological/CNS related diseases, respectively.

The clustering (with Euclidean metric) of the presenilin protein
2 (PSEN2) and amyloid precursor protein (APP) co-expression
networks may be explained by their co-regulation in Alzheimer’s
disease.47 Presenilin is postulated to regulate APP processing through
its effects on gamma-secretase, an enzyme that cleaves APP. The coclustering of the TUBB3 co-expression network, which encodes a
class III member of the beta tubulin protein family, can be explained
by its expression in neurons and involvement in neurogenesis, axon
guidance and maintenance. The cardio networks n_COX2, n_MYL2,
and n_MYH7 are also related, as follows. MYL2 gene encodes the
regulatory light chain associated with cardiac myosin beta (or slow)
heavy chain. MYH7 gene encodes the beta (or slow) heavy chain
subunit of cardiac myosin. The clustering of these two genes can be
explained by their co-regulation associated with cardiomyopathy.48,49
In fact there is 90% overlap of the genes present in both the n_MYL2

and n_MYH7 co-expression networks, which explains their coregulation and clustering. These results imply that the promoters for
each disease category have similar n-gram vectors and perhaps similar
structural motifs that determine their co-regulation.
To investigate the fact that some genes occur in more than one
network (and therefore contribute identical n-gram signatures to each
network in which they occur) we calculated the overlap of the clusters
in percentage of genes (Figure 5A). This percentage correlates with
the clusters, to the extent that percentage overlap might be sufficient
to determine the relationships. For example, there is 90% overlap of
the genes present in both the n_MYL2 and n_MYH7 co-expression
networks, which explains the smallest distance in HC clustering and
cluster indivisibility by NMF. In general, the clusters determined
by HC are similar to the NMF solution (ρmax = 0.98095654). NMF
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is able to detect non-mutually exclusive clusters, and in particular
strong overlap between the cancer and neuro structures exists. This
non-hierarchical structure was also apparent in the HC clustering
with correlation metric, which identified clusters containing cancer
and neuro genes, as noted above. NMF also reveals a weak overlap
between the cardio and neuro structures.
Centering co-expression networks on a single gene may not be
optimal for characterising the entire network, therefore we performed
an ontology mapping of the nine co-expression networks via four
separate ontologies (FunDO: Table 1; PANTHER, KEGG, TopoGSA,
data not shown). The most consistent results were obtained via
FunDO (Functional Disease Ontology) annotation.50 FunDO takes
a list of genes (Entrez gene IDs) and finds relevant diseases based
on statistical analysis of the Disease Ontology annotation database.
The result of the hypergeometic test used to assess the p-value of
the enrichment, which is equivalent to Fisher’s exact test (onesided), is shown in Table 1. For each network we run two tests:
with and without the top gene for which the network is named.
The result shows that each of the nine co-expression networks
is tightly associated with one of the three diseases (Cancer, Neuro
[Alzheimer’s disease], Cardio [Atherosclerosis and Myopathy]). The
association to these diseases is statistically significant and there is
only a slight drop in p-value when the major node is removed from
the network. For example, the strongest association is of n_COX2
to Atherosclerosis (p-value=6.25E-28) followed by n_DNMT
to Cancer (p-value=3.88E-26). Using the other three ontologies
(PANTHER, KEGG, TopoGSA) also provided statistical evidence for
the clustering of the network; however the terms in these ontologies
were less focused on disease. For example, both PANTHER (Protein
ANalysis THrough Evolutionary Relationships: www.pantherdb.org)
and TopoGSA (Topology-based Gene Set Analysis) mapped the three
networks n_HDAC1, n_DNMT1 and n_HAT1 to the same biological
process: pyrimidine metabolism, nucleotide and nucleic acid
metabolic process (p-values = 1.16E-16, 6.09E-25, 6.97E-13). The
two networks n_MYL2 and n_MYH7 were also mapped to muscle
development and cardiomyopathy (p-values=3.28E-35, 2.06E-37
respectively). Altogether, the ontological mapping confirmed that coexpression centered on a single gene can be used to characterize the
disease relationship of correlated networks.
Table 1 FunDO statistics of the nine co-expression networks. Resulting
p-values are given for testing both with the seed gene node included (+ top
gene), and without the seed gene node (-top gene)

Network

FunDO term

p-value
(+ top gene)

p-value(-top gene)

n_HDAC1

Cancer

7.59E-09

7.09E-09

n_DNMT1

Cancer

3.88E-26

3.35E-26

n_HAT1

Cancer

0.002796

0.002738

n_TUBB3

Alzheimer's disease

1.37E-08

1.31E-08

n_PSEN2

Alzheimer's disease

1.45E-03

1.43E-03

n_APP

Alzheimer's disease

1.31E-03

6.98E-03

n_COX2

Atherosclerosis

6.25E-28

1.42E-26

n_MYL2

Myopathy

4.24E-14

4.06E-14

n_MYH7

Myopathy

1.20E-12

3.36E-11
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Discussion
We have shown how a new alignment-free methodology can be
used to infer relationships in language and DNA sequences. For each
ontological unit, an n-gram frequency vector was calculated and used
to compare sequence pools gathered by a non-sequence criterion.
The originality of our approach is to infer relationships between
sequences grouped by a functional criterion. Our study is structured
in three conceptual parts. First we investigated how one could infer
meronymic relationships in biomedical language. Second, we used
the same approach on two pilot sets of well-characterized families
of DNA sequences: kinase genes and Alu repeats. Third, we mapped
relationships between co-regulated networks and their core promoters.

Linguistic-like features of DNA
It has been previously proposed3,51,52 and commented on8,53 that
natural DNA sequences, and especially non-coding DNAs, appear
to have many statistical features in common with natural languages.
In the original paper Mantegna et al.,3 performed “linguistic tests”
on DNA sequences, which are related to Zipf’s distribution10 and
Shannon’s information theory.54 Their tests as well as our calculation
(Supplementary Figure S5, Shannon’s Capacity) seem to reveal
significant differences between coding (CDS) and non-coding regions
(UTR) of natural DNA sequences. Statistical differences of coding
and non-coding DNA have been reported from as early as 1981, and
are used even in routine methods for discrimination between the
two,55,56 in some cases forming the basis of these methods.57 Using
Shannon’s Capacity for comparison of coding (CDS) and non-coding
(UTR) DNA shows little difference for short ‘words’ (2-5mers) and
noticeable difference for longer ‘words’ (6-10mers) (Supplementary
Figure S5). This may lead to the premature conclusion that Shannon’s
Capacity for short ‘words’ is indiscriminative. However, when short
‘words’ (3-mers, or codons) were used to compare 28 different species,
remarkable evolutionary trend was observed, which could not simply
be attributed to a global GC% change (Supplementary Figure S6 &
S7). Using 3-mers (or codons), we also tested our alignment-free
approach in a pan-domain phylogeny for 44 species (grouped in five
statistical brackets of codon counts distribution: www.kazusa.or.jp/
codon) (Supplementary Figure S8 & S9). Our phylogeny relationships
were essentially the same as the results by Ciccarelli et al.,58 based
on a conventional sequence alignment. These observations, however,
have been strongly criticized by Konopka and Martindale.59 Most
of the observations made by Mantegna et al.3 were explained by
trivial consequences of uneven nucleotide frequencies. It was even
concluded that Zipf-Shannon “linguistic” tests do not reveal any
new biological information in either non-coding or coding DNA.60
Although these explanations remove any superficial evidence for this
hypothesis, they do not rule out the existence of hidden “language”
or lexical properties in DNA. Our results from using bigram vectors
representing biological language ontologies and trigram vectors
representing families of DNA sequences support the possibility of
common principles of lexicostatistics between language and DNA.
For example, the bigram vectors for cardiovascular drugs (statins)
appear to distinguish both the chemical differences and/or timeline
of development (Figure 2). This parallels to the idea of sequence
phylogeny clearly shown in the case of the pan-domain phylogeny
(Supplementary Figure S8 & S9) and the Alu repeats (Figure 4).
Thus, if hidden DNA “language” exists, it may be discernable through
multidimensional lexicostatistics and detectable through n-gram
clustering.

Biomedical language as validation
Previously, the alignment-free similarity approach has been applied
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to infer relationships among English books of different genres, time
period or authors.26 It was shown that the approach clustered books
that share the same author within the same genre. However, the nature
of the relationship between books is not phylogenetic. Their semantic
relationship is hyponymic, often referred as “is_a/type_of/kind_of”
relationship. In their study, Sims et al.,26 reasoned that the mapping of
hyponymic relationships could provide an intuitive validation for their
method in genomic comparisons. In contrast, we tested our alignmentfree similarity approach for mapping simultaneously hyponymic and
meronymic-causal relationships. The latter is often referred to as
“overall/part_of” relationships. For example, Avastin, Herceptin,
Fentanyl and Propofol are all kind_of drugs but the first two are part_
of the cell division system and target cancer, while the second two are
part_of the alkaloid receptor system and target neurons. NMF reveals
both types of relationships simultaneously, because of its ability to
represent non-hierarchical ontologies.

What do n-gram frequency distances measure?
The n-gram relative frequency distance measure among language
and genomic ontologies appears to detect meaningful relationships.
It has been suggested that the tri-gram relative frequency values
relate to DNA structures.25,57 Several factors that influence DNA
structures have been identified, e.g. dinucleotide stacking energies,
curvature, superhelicity, methylation and other short oligonucleotide
modifications, and DNA repair mechanisms.61,62 For example, TpA
is intrinsically less stable energetically than all other dinucleotides.61
Flexibility of the TpA step is commonly associated with substantial
DNA distortions. TpA models suggested that TpA sites could be
important as nucleation sites for untwisting the DNA double helix.
It appears that protein-DNA complexes can exploit the reduced
thermodynamic stability of the TpA base step. The TpA and ApT steps
are conformationally incompatible causing a strain in the helix when
juxtaposed, which can be relieved by unwinding the helix.62
DNA has at least two functions:
i. To provide special sequences for encoding gene products or
for regulating transcription and
ii. To provide for genome replication and segregation. While
the former requires some sequence specificity, the latter may
be mostly DNA structure specific. In this vein, the relative
frequency distances appear to assess and discriminate mostly
local structure specificity.

Limitations and future applications
There are several limitations to our study. First, the tri-gram
model may be too simplistic to capture domain-specific relatedness.
Thus, fixed and variable higher order Markov models may be
needed. Second, our approach depends on the availability of accurate
genomic annotation and known low-level ontological relationships
among genes. Third, we explored promoters with the same length,
which clearly is an over-simplification of gene regulation. Despite
these limitations, our study provides evidence that our n-gram group
statistics and clustering methods can potentially be used to study
relationships between functionally distinct pools of genome sequences.
As the n-gram distance can be calculated without sequence alignment
and its computation for even a large number of sequences takes only
seconds, n-gram distance can be extremely useful when we are faced
with a large number of related sequences and may essentially be the
only option in cases where there are sequences that are too diverged
to be reasonably aligned.

Copyright:
©2014 Gramatikoff et al.

20

Our approach is especially useful in two scenarios: where the sheer
number of sequences to be compared renders alignment impractical
or inefficient, and where the sequences to be compared are difficult
or impossible to align.63 With regard to the first scenario, recent
massive delivery of genomic data is rapidly exceeding the capabilities
of alignment methods and the problem will worsen within the next
few decades, as massive re-sequencing of whole genomes and their
active segments generates billions of closely related sequences.64,65
The second scenario arises in sequences that are evolutionarily less
constrained or where small-and large-scale sequence rearrangements
have occurred. Wong and colleagues quantify the alignment
uncertainty in genome-wide evolutionary analyses and reported that
a staggering 46.2% of the 1,502 genes examined exhibit variation
in the phylogeny produced that was dependent on the choice of
alignment method.15 But what about all the genes that are harder to
align? One popular approach has been to exclude areas of uncertain
alignment, and programs exist that do just that.66 Filtering however, is
unsuitable for studies where information from every site is potentially
informative, or for studies of selection where rapidly evolving sites
may be precisely those that are the most difficult to align.63,64 The
development of a new computational and statistical arsenal to account
for the uncertainty stemming from sequence alignments is a much
needed paradigm shift in the era of genome-scale analysis.65
We have demonstrated the main utility of the approach for
analyzing co-regulatory networks. This analysis could be expanded
to genome-wide classification of all possible co-regulatory networks
that are associated with specific biological phenomena or processes.
This could lead to building of large libraries of n-gram signatures
that characterize networks of the cellular metabolism, cell-cycle
progression, ageing and cell death. Combined with specific
experimental platforms and assays the n-gram signatures could be
validated and used for prediction at the organism level. We also limit
the scope of this study to real-life examples that provide obvious and
intuitive validation of the approach. A possible extension would be
to evaluate the limit parameters and optimum parameter ranges for
the methods. A previous study established limit parameters based on
Shannon’s entropy.26 In Shannon’s principles, however, the method
of encoding n-gram vectors is based on the presupposition that the
n-gram vectors are outcomes of a known random source -it is only
the characteristics of that random source that determine the encoding,
not the absolute characteristics of the n-gram vectors that are its
outcomes, which is the more appropriate paradigm to consider.67
However, a major difficulty with that approach is that the bounds
of the Kolmogorov Complexity cannot be computed. Despite the
problems with measurement, Kolmogorov Complexity and n-gram
vector information are related in many ways. Cryptography, for
example, attempts to take strings that have structure and make them
appear random. The quality of a cryptographic system is related to
the system’s ability to raise the apparent complexity of the string,
while keeping the actual complexity of the string relatively the same
(within the bounds of the encryption algorithm). In other words,
cryptography achieves its purpose by making a string appear to have
a high Kolmogorov Complexity through the use of a difficult or
impossible to guess algorithm or key. Thus, cryptoanalysis might be
helpful to make better use of available information by constructing
a composite model that incorporates n-gram frequency counts,
pattern of preselected DNA words and or DNA dictionaries. Such a
composite model might provide the statistical power of a high-order
Markov model in a more versatile and effective fashion. Although
much is known about statistical techniques for language recognition
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in theoretical Markov models, little is known about how well such
models and techniques work for real-world examples of language and
DNA.
A central aim of biology is to delineate the relationship between
structure and function. Sequence complexity is inadequate to describe
the phenomenon of function. Functions are like programming
instructions that have been encrypted throughout evolution. A time
has come to reconsider the dominant position of the sequence-based
research strategy. We foresee the implementation of n-gram models
over populations of functionally annotated sequences for mapping
relationships as a future genomic strategy.

Methods
Biomedical corpus design and title extraction
We used finding-associated concepts with text analysis (FACTA),
an online text search engine for MEDLINE abstracts that can quickly
compute the association strengths between a query and different types
of biomedical concepts based on their textual co-occurrence statistics.68
While other similar systems exist, such as XplorMed,69 MedlineR,70
LitMiner71 and Anni,72 FACTA was chosen because of its ability to preindex words and concepts, which results in fast, real-time responses.
Two sets of biomedical concepts, namely “drug” and “protein” were
examined and ranked through FACTA according to their frequencies
of appearing in MEDLINE abstracts. As a result, the top nine “drugs”
and “proteins” were grouped into three different disease categories: (i)
cancer, (ii) cardiovascular and (iii) neurological. We used these nine
drug names and nine protein names for text extraction of PubMed
titles. Using simple keywords, we capitalize on the capacity of
PubMed to automatically compare and map keywords from a user
query to lists of pre-indexed terms (e.g. Medical Subject Headings,
MeSH).73,74 That is, if our query can be mapped to one or more
MeSH concepts, PubMed will automatically add its MeSH term(s)
to our original query. As a result, in addition to retrieving documents
containing the query terms, PubMed also retrieves documents indexed
with those MeSH terms. This technique boosts recall and is especially
useful when the original keyword query has synonyms. In essence,
the MeSH indexing, accomplished by trained indexers, offers a useful
window into full text. We treat MeSH terms as high-quality hooks
used to select important text segments in the full document. This gave
us a general strategy for reducing biomedical documents to their core
portions – the titles. After the submission of each drug and protein
keyword query we took advantage of the “Send to function, which
creates a file with CSV” format containing the titles associated with
each individual keyword. The CSV files were imported to Microsoft
Excel and titles were parsed in separate columns for further bigram
calculation.

Extracting the corpus of kinase sequences
Sequence data for the 36,551 human RefSeq genes (GRCh37p3
assembly) were downloaded from the Ensembl database Genes62
(Wellcome Trust Sanger Institute, UK) using BioMart.75 From
BioMart, we obtained the complete gene coding sequences, together
with their associated gene names and description, filtered by RefSeq
protein specified with Entrez IDs only. Manning et al.42 identified
nine major classes of human kinases, plus an additional eight atypical
classes, altogether a total of 518 genes. Most of these genes occur in
single copy; however, nine have paralogs in the human genome. In
our analysis, only these nine genes were used, because the paralogs
effectively provide repeat measurements and thus statistically more
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robust estimates of n-gram frequencies. Note the nine genes do not
correspond to the nine major classes of kinases. The names of these
genes, with the number of paralogs for each, are shown in Figure 3.
The resulting data set consists of 63 protein-kinase genes taken from
the BioMart list. The trigram frequency vector for each paralog group
was calculated.

Extracting the corpus of Alu sequences
Genomic locations of Alu repeats were obtained from the
RepeatMasker track on the UCSC genome browser (www.genome.
ucsc.edu).76 Using the Table Browser service configured by “Variation
and repeats” group and family name “Alu” as filter value in the
“repFamily”, we extracted from the human genome draft hg19 a
total of 1,091,321 Alu repetitive elements with various lengths and
their corresponding genomic coordinates. This whole-genome set of
Alus was annotated by RepeatMasker (http://repeatmasker.genome.
washington.edu) for subfamily association. RepeatMasker identifies
31 Alu subfamilies, of which nine were selected for further analysis.
These nine were primarily selected for the large number of sequences
they contain, to ensure well-defined trigram frequencies. However,
they were also selected to include more than one subfamily from each
of the three major classes (J, S, Y), and for their frequent usage in
other analyses.45 The four major S subfamilies and the only two known
J subfamilies were selected, along with the two mayor Y subfamilies
(Ya and Yb). The Yc subfamily was also included because it contains
a reasonably large number of sequences and is indisputably younger
than Ya and Yb, thus providing an interesting test of the methods
ability to discriminate closely related subfamilies. Each of the nine
subfamilies contained sequences that varied widely in length due to
variable spacer lengths between dimers and variable tail lengths. Such
wide variation introduces noise into the n-gram frequency vector, so
for each subfamily a subset of sequences with relatively homogenous
lengths was selected as follows. Sequence lengths in each subfamily
were exported to Statistica 7 (Statsoft Inc., Tulsa, OK, USA) and a
histogram of lengths was constructed, in each case producing a bimodal
length distribution (a known characteristic of Alu subfamilies). The
bin width for the histogram was 5bp, and only the sequences in the
most populated bin were used for subsequent analyses. For example,
of the 50,317 sequences in the AluSq2 subfamily, only the 10,245
sequences of length 295-300bp were selected. The result was a set of
58,122 Alu repeats organized into nine sub-families, which were then
submitted to the Galaxy server (http://usegalaxy.org) for extraction of
the full nucleotide sequences.77

Extracting the corpus of promoter sequences
We identified co-expression networks using the gene ontologies
examined in our language study (Figure 2). In that study, 9 proteins
were grouped into the three diseases Cancer, Neuro and Cardio.
The genes encoding those proteins, i.e. HDAC1, HAT1, DNMT1,
PSEN2, APP, TUBB3, COX2, MYL2, and MYH7, were used as
“seeds” to identify highly correlated promoters in nine co-expression
networks. This was accomplished by submitting the gene names
to COXPRESdb,78 which for each seed gene returned the top 300
co-expressed genes. Since co-expression of genes implies shared
regulation, the promoter locations (0 to 200 nucleotides upstream
from the first exon) of the 300 co-expressed genes for each of the
nine networks were obtained from the UCSC genome browser (www.
genome.ucsc.edu). The corresponding sets of nucleotide sequences
were obtained using the “Fetch Sequences” function of the Galaxy
server (http://usegalaxy.org), followed by calculation of the trigram
frequency for each promoter network.
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n-gram model and frequency vectors
The formal definition of an n-gram is:
Given a sequence of n words S = S1S2...Sn over the vocabulary
A, and n a positive integer, an n-gram of the sequence S is any
subsequence si...si+n-1 of n consecutive words.79 There are N-n+1
such (not necessarily unique) n-grams in S. For a vocabulary A
with |A| distinct words, there are |A|n possible unique n-grams. In a
biological context, n-grams can be sequences of n amino acids or
nucleotides. For instance, the nucleotide sequence “GGGATC” has
two counts of the bigram GG, and one count each of the bigrams
GA, AT and TC. To count the n-gram frequencies embedded in each
language or nucleotide ontology member, a sliding window of length
n is run through the sequence from position 1 to n -n +1. The counts
are tabulated in the vector Cn for all possible features of length n.
Cn = < cn,1, . . . , cn,K > where K, the number of all possible
features, is 26nor 4n and 26 or 4 is the alphabet size, for natural
language and DNA sequences respectively. The raw frequency counts
are normalized by percent to form a probability distribution vector
giving the relative abundance of each n-gram. An example of a trigram vector is shown in Figure 1. For biological text we used n=2
(bi-grams) and for nucleotides n=3 (tri-grams). Note that the bi-grams
in the biological text are counted after all non-alphabetic characters
(numbers, spaces and punctuation) are removed.

Construction of n-gram-vectors
The simplest probabilistic models to describe strings like language
texts or genomes are low-order Markov models.80 A zero-order
Markov model simply describes the frequencies of each nucleotide
(when we consider both strands of genomic DNA, the frequencies
of A, T are equal, and so are those of C, G) and the underlying
model is a Bernoulli sequence. A first-order Markov model describes
the frequencies of individual nucleotides given the nucleotide
immediately preceding it; a second-order Markov model describes
the frequencies of individual nucleotides given the pair of nucleotides
immediately preceding it, and so on. Markov models generate strings
that are a poor match to the original genomes, whereas first-order and
second-order models do surprisingly well, qualitatively describing
the modalities observed in the empirical n-gram spectra.81 It has been
previously underappreciated that simple Markov models can generate
complex multimodal n-gram spectra, probably due to the focus of
theoretical research on the distribution of individual n-gram counts.
Choosing the Markov order of the model is an important decision.
The higher the order, the more accurate the model, up to a point.
For example, for English, a second-order model (tri-grams) is more
accurate than a first-order (bi-grams) model, which is more accurate
than the zero-order (uni-gram) model. But little, if anything, would be
gained by using, say, a twentieth-order model rather than a fifteenthorder model. Although much is known about statistical techniques for
language recognition in theoretical Markov models, little is known
about how well such models and techniques work for real language.
Furthermore, higher-order models are more cumbersome than lowerorder models, and the space required for vector representations grows
exponentially with order.29,82 For simplicity, we chose the first-order
(bi-grams) model of biomedical language, which results in a vector
representation of 676 positions. Some readers may wonder: why
not simply recognize English by checking if the candidate plain
text contains words from an English vocabulary? Indeed, dictionary
methods are powerful, when they can be carried out. We chose to not
pursue this approach because we are primarily interested in general-
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purpose statistical methods and because dictionary methods can be
analyzed in the context of high-order Markov models. Moreover, it
is not possible to use dictionary-based methods with DNA, since a
complete DNA dictionary is not available.
In a DNA sequence of four letters, there are 64 possible tri-grams
(subsequences of length 3) that can occur, starting from AAA, AAT,
AAG, AAC, ATA, ATT, ATG, ATC, AGA, AGT, AGG, AGC, ACA,
ACT, ACG, ACC, etc. For the purpose of constructing trigram vectors
from DNA we introduce a 4 x 4 x 4 cubic matrix with 64 entries,
which denote the frequencies of occurrence of all the 64 tri-grams in
a DNA sequence. Different n-gram distributions (for n=3 to 11) were
examined using three different types of DNA corpora (coding (CDS),
non-coding (UTR) and randomly generated (RND); Supplementary
Figure S5). Zipf-like characteristics of each n-gram distribution were
examined (data not shown). Tri-grams were chosen to minimize the
Mandelbrot fractal effect in the non-Zipfian regimes of frequency
population,83 which in the case of DNA leads to long frequency tails,81
amplification of nullmers84 and selection against CpG-containing trigrams.85

Hierarchical cluster analysis
To investigate the degree of dissimilarity (relative distance) in
drug/protein, kinase or Alu ontologies, the bi-/tri-gram frequency
counts were converted to normalized vectors/matrices (by percent)
in respect to the total count for all n-grams. Hierarchical clustering
was performed using the R package pvclust,86 which assigns statistical
significances to clusters using methods developed by Shimodaira31,32
Various options for distance metric between vectors are provided by
pvclust. Here we investigated the two most-used options: Euclidean
distance and correlation. Hierarchical clustering is implemented
through updating a stored matrix of distances between clusters as
each pair of clusters is merged. The distance between clusters can be
assessed in various ways, and pvclust includes several options. The
two options investigated in this study were complete linkage, which
defines the distance between clusters to be the maximum distance
between component vectors, and average linkage, which defines the
distance between clusters to be the distance between their centroids.87
The steps in a hierarchical clustering solution that shows the clusters
being combined and the values of the distance coefficients at each
step are shown by dendrograms. The lengths of the branches in the
dendrograms represent distances, and the significance of each cluster
is shown on the branches. The package also provides a facility to draw
a rectangle around clusters significant at a given threshold, usually
0.95.

Nonnegative matrix factorization (NMF)
The previous step left us with a collection of nw-dimensional
frequency-vectors representing the n ontology members in the input
list query. The w dimensions represent the w selected n-grams. For the
26 letters in the English alphabet used in biological language w=676
bigrams, for nucleotides w = 64 trigrams. These vectors are arranged
as columns of a matrix M of dimensions w x n. We use NMF to factor
the M matrix into two non-negative lower rank (f) matrices:
M = WH
Where f is the number of factors or ontological features, W is a w x
f projection matrix and H is the coefficient matrix of dimension f x n.
The column vectors of the W projection matrix are called ontological
features, due to the fact that they are collections of related n-grams.
The columns of H project the original n-gram vectors in this new low
rank space spanned by the W matrix. To perform the NMF calculations
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we used the bioNMF web-server application reported in.88 We used
the cophenetic correlation coefficient (ρ, Rho) as well as a clustering
heat-map to assess the stability of the factorizations at different ranks
(f).89 The cophenetic correlation coefficient is used as a measure of
the robustness of the method in producing stable clusters for a given
number of factors (f). Usually the value of f is selected at the point
where the magnitude of the cophenetic correlation coefficient shows a
significant peak (ρmax). In general, higher values of f will reveal more
localized and specific semantic features in the domain. In our case we
look for the value f at which the cophenetic correlation coefficient
is closest to one (ρmax) because it represents the optimum number of
recognized stable features.

11. Gamow G, Ycas M. Statistical correlation of protein and ribonucleic
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