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Abstract—Despite increasing work for describing gene func-
tions using controlled vocabulary, natural language style gene
functional annotations are most easily available and are most
widely used by biologists. And intelligent analysis of these data
in large scale is of great importance in the post-genome era.
While the vector space model (VSM) based TF*IDF feature
representation is widely adopted for text document analysis, it
has significant limitations when applied to these data, primarily
due to the high conciseness and high noisiness of the functional
annotations. To improve TF*IDF feature representation, this
paper proposes two automatic term expansion (ATE) methods
based on query expansion (QE) in information retrieval (IR)
theory. The effectiveness of ATE was examined through its
application to the measurement of pattern proximity of gene
functional annotations. Our comparative results show that
ATE is effective in retrieving functionally correlated genes
corresponding to a random query gene on this particular
data type, and has the capability to produce more accurate
measurement of the pattern similarity, with reference to genes’
biological functions.

I. INTRODUCTION

GENE function is one of the central topics in biology and
bioinformatics [1]. In the literature, a large number of

computational methods exist for predicting and validating
gene functions based on evidences from various aspects
such as sequence similarity, phylogenetic profiles, gene co-
regulation patterns, protein-protein interactions, and protein
complexes [2]. Regardless of the approach used to determine
the functions of genes, informatics researchers eventually
face the question of how to describe gene functions in a
way so that they can be easily accessible and understandable
by both human and machine.

Presently, biologists commonly annotate gene functions
using concise terms in natural language. Particularly, almost
every protein in the NCBI non-redundant protein database
(NR) is associated with this type of functional description.
Natural language however is well known to be challenging
to machine understanding. With an attempt to improve this
situation, some ongoing work such as the Gene Ontology
(GO) [3] and the KEGG Orthology (KO) [4] promote the
use of controlled vocabulary to facilitate computational anal-
ysis, and are gaining increasing popularity. However, it is
laborious and time consuming to establish a comprehensive
ontology dictionary. So far, no ontology system claims to
have a full coverage of biological concepts. In addition, map-
ping confirmed biological functions to the ontology space

This work was supported by the Samuel Roberts Noble Foundation base
fund.

Ji He is with the Bioinformatics Core Facility, Samuel Roberts Noble
Foundation, Ardmore, OK 73401, USA (phone: 580-224-6727; fax: 580-
224-6692; email: jhe@noble.org).

is shown to be tedious [5], despite some existing methods
for automatic assignment of ontology terms based on either
biological [6][7] or text literature data [5]. These two factors
primarily limit the coverage of ontology-based functional
annotations. As a comparison, presently, the well-known
ontology-annotated GO sequence database contains about
190,000 reference sequences, which is considerably smaller
than the natural language-annotated NCBI NR database that
has more than 6,000,000 reference sequences. In numerous
laboratories, it is still a de facto standard for biologists to
carry out BLAST searches [8] of their first-hand sequence
data against the NCBI NR database, and consequently anno-
tate them in natural language. Not surprisingly, one may fore-
see that for a considerable period of time, natural language
functional annotations will remain most easily available to
biologists.

This situation however poses a significant challenge to
the analysis of gene functions. For example, given a new
sequence library, very often it is desired to identify all genes
that are associated with some particular biological functions,
or to quickly survey its distribution according to predefined
categories. Manual keyword search and organization of these
data have shown to be tedious and inefficient, especially in
view of the data explosion in the post-genome era. As such,
it is desired to have an automatic system for more intelligent
analysis of these data.

It well known that the measurement of pattern proximity
plays a crucial role in computational intelligence research,
especially in fields like information retrieval, pattern recogni-
tion, clustering analysis, and reasoning [9][10]. Particularly,
in our application, the evaluation of the correlation between
two biological terms and further two functional annotations
primarily affects the performance of automatic gene selection
and categorization processes. As such, this paper focuses on
the measurement of pattern proximity for natural language
functional annotations as the start point.

The rest of this paper is organized as follows: Section II
briefly reviews a typical paradigm for measuring text proxim-
ity based on term frequency - inverse document frequency
(TF*IDF) feature representation in the vector space model
(VSM), analyzes its limitation on gene functional annotation
data, and proposes our improvements using automatic term
expansion (ATE). Section III evaluates the efficacy of the
proposed methods through comparative experiments. And
lastly, Section IV summarizes our findings and proposes
future work.
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II. METHODS

We started our work on the foundation of the well-
established information retrieval (IR) theory. Intuitively, one
may treat the functional description of each gene as a short
text document and hence consider our study as a content-
based text mining application. As a typical approach, by
extracting the contents of the text documents and embed
them as data points into a vector space, we may further
apply an appropriate numeric function to evaluate the prox-
imity between two arbitrary vectors. This approach is briefly
reviewed below.

A. Vector Space-based Text Feature Representation and Pat-
tern Proximity: A Brief Review

The construction of a vector space starts with the selection
of a set of feature terms (text tokens or words) according
to statistical and/or heuristical criteria (a particular approach
used in our study is summarized in Section III-A). This
selected feature set, denoted as T = {t1, t2, . . . , tM}, essen-
tially serves as the bases of the M-dimensional vector space
so that the content of each document may be represented as
a weighted histogram in reference to the feature set. Given
a text document X , one of the most widely adapted practice
to abstract its content into a vector format (referred to as
the document’s feature vector) is the TF*IDF representation
[11], formulated as

X = (x1, x2, . . . , xM )
= (tf1 · idf1, tf2 · idf2, . . . , tfM · idfM ), (1)

where tfi is the term frequency (TF) (i.e. the occurrence)
of feature term ti in document X , and idfi is the inverse
document frequency (IDF) of ti in reference to the whole
dataset, defined as

idfi = −log
dfi

N
, (2)

in which dfi is the document frequency (DF) of ti, i.e.
the number of documents that contain ti, and N is the
total number of documents in the dataset. In addition, in
many studies that involve pattern proximity, it is desired that
the feature vectors be appropriately normalized in order to
prevent category proliferation [12]. Among the most widely
used normalization methods are the first-level ratio-scaling
normalization given by

x′
i =

xi

max{xi, i = 1, . . . , M} (3)

and the second-level Euclidean normalization given by

x′
i =

xi√∑M
i=1 x2

i

. (4)

Once the contents of text documents are represented as
data points in the vector space, one may evaluate the proxim-
ity among two arbitrary vectors X and Y using a meaningful

similarity or dissimilarity/distance measure. Among the most
widely used measures are the Euclidean distance defined as

D(X, Y ) =

√√√√ M∑
i=1

(xi − yi)2, (5)

and the cosine similarity (also know as the correlation around
zero) given by

cos(X, Y ) =
∑M

i=1 (xi · yi)√∑M
i=1 x2

i ·
√∑M

i=1 y2
i

. (6)

TF*IDF feature representation and VSM-based pattern
proximity measures have solid theoretical foundation and
have shown good performance in numerous real-life appli-
cations, such as large-scale text document clustering and
classification [13][14]. However, they did not produce sat-
isfactory results in our earlier studies on gene functional
annotations. Our further investigation identified two charac-
teristics of gene functional annotations that mainly caused
this performance degradation, namely: 1) Annotations are
considerably short and concise. In many cases, the actual
function of a gene is inferred with just a few number of
terms with low term frequencies. When converted into the
vector space, they do not stand out to actually represent
the feature of the text. In other words, there is a high
level of noisiness in the TF*IDF feature vectors. 2) Many
gene functions appear rather subjectively annotated. The
usage of synonyms and polysemes in these annotations is
very common. In addition, there are a large number of
terms referring slight variations of same concept (e.g. “beta-
glucosidase” and “glycoside”) and terms referring different
aspects of same or closely related biological processes (e.g.
“transmembrane” and “transporter”). These terms cannot be
collated together with a typical stemming procedure (the
stemming algorithm we used is reported in Section III-A),
and are consequently treated independently in the vector
space. As a result, in our studies, the TF*IDF feature vectors
were often high-dimensional, sparse and noisy. Very often,
the annotation of a gene showed zero similarity to those of
a large number of genes according to Equation 6, because
they did not have terms exactly in common, although they
appeared highly correlated through human inspection. This
in turn affected the performance of down-stream analysis.

Our studies aim to solve these problems respectively
through two aspects: Firstly, we investigate techniques as
improvements over the conventional TF*IDF feature rep-
resentation and particularly the IDF-based term weighting
method, so that terms which better reflect genes’ biological
functions would receive relatively higher weights, and hence
the noisiness caused by irrelevant terms would be corre-
spondingly suppressed. And secondly, instead of assuming
a complete independence among the feature terms, we study
their inherit correlations, and take these information into
account for a more accurate estimation of pattern proximity.
The following section reports our proposed approaches in
detail.
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B. Automatic Term Expansion for Text Feature Representa-
tion

Our idea of automatic term expansion (ATE) origins from
the well studied query expansion (QE) theory in IR. Given
a user query and a number of initial retrieval results, QE
refers to the process of interactively and/or automatically
reformulating user’s search query to improve retrieval per-
formance in terms of either precision, recall, or both [15].
To apply the concept of QE to our application, we consider
every gene functional description as an individual query and
its retrieval results in reference to a full dataset are ranked
according to a pattern proximity measure (e.g. given by either
Equation 5 or Equation 6). Then by applying an appropriate
automatic QE algorithm, one may polish the query through
modifying its feature vector and identify other genes with
more relevant biological functions – in other words, improve
the pattern proximity measurement. Following this concept,
we proposed two automatic term expansion methods based
on literal and conceptual term co-occurrence, respectively
introduced below.

1) ATE using literal term co-occurrence statistics: This
method is derived from the idea of Mitra et. al. [15]
which assumes that two closely correlated terms will occur
together in many documents. On the other hand, if two
terms refer to different concepts, their co-occurrence will
not be strongly correlated. In Mitra et. al.’s work, terms with
high correlations to those in existing retrieval results were
down-weighed in order to maximize the variety of future
results. As a different approach, our study aim to expand the
correlated term set in order to reduce the sparseness of the
vector space, and to up-weigh them in order to improve the
representation of the original query. Specifically, the term-
to-term correlation between ti and tj based on their literal
co-occurrence in the whole dataset S, notated as Cor(ti, tj)
is calculated by

Cor(ti, tj) = min{P (ti|tj), P (tj |ti)}, (7)

where the posterior probability P (ti|tj) is estimated as

P (ti|tj) =
# of documents in S containing both ti and tj

# of documents in S containing tj
.

(8)
Then given a gene’s feature vector in Equation 1 in respect
to the feature term set T = {t1, t2, . . . , tM}, each attribute
value xi is reformulated as

x′
i =

∑M
j=1 U(ti, tj) · Cor(ti, tj) · xj

=
∑M

j=1 U(ti, tj) · Cor(ti, tj) · tfj · idfj ,
(9)

where U(ti, tj) is a utilization switch in response to the term-
to-term correlation between ti and tj , defined as

U(ti, tj) = { 1 if Cor(ti, tj) ≥ α
0 otherwise,

(10)

where α ∈ [0, 1] is a positive threshold value.
Since Cor(ti, ti) = 1.0, Equation 9 essentially up-weighs

all terms. The degree of an up-weight depends on the number
of terms that are highly correlated to it and the levels

of their term-to-term correlations. Understandably, general
terms have low correlations to all other terms according
to Equation 8, due to their high TF. On the other hand,
specialized terms (which usually infer particular biological
functions in our application) that frequently co-occur in same
functional annotations will be highly up-weighed. Hence, this
process practically boosts “featured” terms and reduces the
noisiness caused by general terms during feature representa-
tion.

Readers may note that the concept of ATE is particularly
reflected on those terms with zero attribute values in the
original TF vector, i.e. that do not appear in the original
document. Given a term ti with its original attribute value
xi = 0, if there exist at least one other term tj that satisfies
xj �= 0 and Cor(ti, tj) ≥ α, then in the reformulated feature
vector, x′

i �= 0 according to Equation 9. In other words,
the “bag of words” originally collected from the document
is expanded. Understandably, the degree of ATE is primarily
controlled by the parameter α, as only terms whose pair-wise
correlations are above the threshold are used for ATE.

Lastly, it is also understandable that the reformulated fea-
ture vector also requires necessary normalization (e.g. using
Equation 3 or Equation 4) to reduce category proliferation.

2) ATE using conceptual term co-occurrence statistics
based on GO annotations: As a natural extension to our
proposed literal co-occurrence-based ATE approach, we also
consider the possibility of utilizing other sources of gene
functional annotations to assist our analysis of the natural
language annotations. Understandably, if there is a reliable
grouping of genes according to their actual biological func-
tions, one may infer the correlations of the terms in their
functional annotations also based on their co-occurrence in
reference to this grouping, and further apply them to ATE.
We refer to this type of statistics as conceptual co-occurrence
in comparison to the literal co-occurrence mentioned above,
as two terms are considered co-occurred as long as they
appear in the same conceptually functional group.

The particular paradigm we reported here utilizes the
data from gene ontology (GO) [3], being one of the major
approaches for gene functional annotation in the concep-
tual space. Presently, GO represents over 24,000 controlled
vocabulary (GO terms) in a directed acyclic graph (DAG)
covering three orthogonal taxonomies, namely molecular
function, biological process, and cellular component. Our
studies primarily focus on the biological process taxonomy
as it is most comprehensive among the three for the time
being and is widely considered to be most related to genes’
biological functions. The hierarchical organization of the
taxonomy allows us to estimate the correlations between
two GO terms using well-established graph- and/or IR-based
models.

Given a set of genes S, each member X being associated
(annotated) with a set of GO terms G(X) and a set of natural
language terms T (X), whose unions over the full gene set are
T and G correspondingly, we say a GO term g is associated
with a natural language term t if ∃X, g ∈ G(X) and t ∈
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T (X) – in plain words, there exist at least one genes which
are annotated with both g and t. An intuitive way to estimate
the conceptual co-occurrence of two natural language terms
ti and tj could be to apply the same method in Equation 7,
with a straight-forward modification on the estimation of
posterior probability P (ti|tj) so that,

P (ti|tj) =
# of GO terms associated with both ti and tj

# of GO terms associated with tj
.

(11)
This function however contains a significant drawback by

treating all GO terms equally. Given the hierarchical orga-
nization of GO, one would naturally understand that genes
grouped under a relatively specialized GO term would show
higher correlation than those grouped under a more general
GO term. With this consideration, we introduce a custom
weighing to all GO terms in Equation 11 corresponding to
their levels of specialization, more specifically, based on the
widely adopted information content (IC) measurement [16].

Briefly saying, the information content of a lexical con-
cept/class c is quantified as the negated log of its likelihood
p(c) in the corpus, formalized as

I(c) ≡ −log(p(c)) = −log(
f(c)
N

), (12)

where f(c) is the frequency of the instances of concept c
and N is the corpus size1. To apply IC measurement to GO,
we treat each GO term as a conceptual class that subsumes
the term itself as well as all its descendent (children) terms.
Hence the likelihood on a GO term g is calculated according
to

p(g) =
size of{C(g)}

size of{C(root)} , (13)

where C(g) is the set of terms being subsumed by g, and
root is the most top level (root) term. With this definition, the
more specialized a GO term g is, the lower the likelihood
p(g) is, and hence the higher information content I(g) it
has. Particularly, the information content of the root term
has the lowest IC value 0.0. With this weighing, we further
reformulate Equation 11 into

P (ti|tj) =

∑
gk∈G(i,j) I(gk)∑
gk∈G(j) I(gk)

, (14)

where G(i, j) refers to the set of GO terms that are associated
with both ti and tj , whereas G(j) associated with tj . By
replacing Equation 8 with Equation 14 and applying it
back into Equation 7 and Equation 9, we complete the
formalization of the ATE process based on conceptual co-
occurrence.

III. COMPARATIVE EXPERIMENTS AND RESULTS

Our experiments examined the effectiveness of the pro-
posed ATE methods on a real-life dataset, the Affymetrix 22k
ATH1 Arabidopsis genechip, by comparing them against the
conventional TF*IDF feature representation method without

1Readers may also note that the definition of IDF in Equation 2 is a
particular application of IC.

ATE, with reference to pattern proximity estimation on the
GO conceptual space. Our comparative paradigm and results
are reported below.

A. Dataset and Preprocessing

The Affymetrix 22k ATH1 Arabidopsis genechip is a
widely-used microarray genechip for genome-wide tran-
scriptone study of the model plant Arabidopsis thaliana.
It contains 22,500 probe-sets representing approximately
24,000 genes. The full annotations of all probe-sets were
downloaded through the NASCArrays web server2. Since our
interests were in the gene-level annotations in both natural
language style and in GO, we firstly removed all control
probe-sets, cross-hybridization probe-sets (each of which
present multiple genes) and probe-sets with no confirmed
gene-mapping from the dataset. This process generated a
dataset with one-to-one mapping between probe-sets and
genes. Further, we manually inspected all gene annotations
and removed those probe-sets annotated with unknown gene
functions as they did not provide valuable information in
our validation. In addition, in our experiments, we used only
the biological process taxonomy of GO. And thus, genes
with no confirmed biological process GO annotation were
also removed. Lastly, the natural language style functional
annotations of all remaining genes were abstracted into
vector format following the preprocess described following:

The preprocess started with the selection of text features
in order to construct the vector space. In the literature, N-
grams [17] and bag of words (BOW) [18] are two typical
approaches for this task. N-gram extracts all possible N-
length substrings of a text string, whereas BOW collects
naturally delimited words disregarding grammar and order
information. Our study adopted the BOW approach as it
retains the readability of the words. A large number of
statistical and heuristic methods have been studied in the
history for keyword selection (examples including document
frequency, CHI-square statistics, information gain [19] and
evolutionary search [20]). Since in our study there is no
pre-defined categories for reference and considering the fact
that most gene functional annotations are notably short, we
adopted a relatively straight-forward document frequency-
based filtering approach for feature selection. This filtering
process is summarized below:

1) Removing custom patterns: We maintain a small
list of custom “stop-patterns” such as species names
in “[...]” format (e.g. ”[Arabidopsis thaliana]”), gene
and protein family IDs (e.g. ”InterPro:xxxxx”) that we
do not feel necessary to include into the feature set.
Text that match these custom patterns based on regular
expressional searches are firstly removed.

2) Tokeninzing text: Words are extracted from text based
on natural delimiters (white space, comma, full stop,
etc.).

2NASCArrays is available at http://affymetrix.arabidopsis.info/narrays/
experimentbrowse.pl.
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3) Stemming: The root forms of all words are iden-
tified based on the Porter stemming algorithm [21].
Thus words with the same morphological origins (such
as ”transport”, ”transporting” and ”transporter”) are
equally treated.

4) Removing stopwords: Words that appear in a main-
tained stoplist are then removed. A stoplist is dictionary
of highly common words (stopwords) in reference to
generic corpora (e.g. ”I”, ”is”, ”very”) that are widely
considered insignificant in typical content-based IR
studies.

5) Removing too general and too rare words: This
filters words based on their document frequency (DF)
with two thresholds Fmin and Fmax. Too general
words (with df > Fmax) and too rare words (with
df < Fmin) are thought insignificant in our study and
are removed. Practically, we decide the DF thresholds
based on human inspection and in reference to the total
number of texts in the dataset.

In practice, our experiments used 32 stop-patterns, 617
stopwords and thresholds of Fmin = 12 and Fmax = 1, 200,
which in the end generated a list of 1,492 keywords.

Based on the selected keyword feature set, the natural
language style gene annotations were converted into vector
format according to Equation 1 and null vectors with all-zero
attribute values were further removed, leaving a final dataset
of 14,197 genes for our experiments 3.

B. Experimental Design and Evaluation Measures

Our experiments were designed to compare our proposed
two ATE techniques, based on literal term co-occurrence
as proposed in Section II-B1 (ATE-L for ease of notation)
and conceptual term co-occurrence in Section II-B2 (ATE-C)
respectively, over the conventional BOW-based TF*IDF fea-
ture representation. Our comparisons were two-fold. Firstly,
we investigate if these ATE techniques may help to identify
larger number of genes that are functionally correlated to
a random query gene from the sparse dataset. Secondly, we
evaluate if the measurement of the pattern proximity between
two genes could be improved to better infer the correlation
of their biological functions through ATE.

A challenge to our study is the lack of a “golden standard”
for evaluating the degree of similarity (correlation) between
two genes’ biological functions. Presently there is no dis-
criminative training and/or testing dataset that quantitatively
notates how two genes’ functions are correlated. It is also
not practicable for us to manually verify the pair-wise
correlations of all genes’ functions in a genome-wide scale.
As our work-around, we use similarity scores based on GO
as the reference measurement, as the GO annotations for
most Arabidopsis genes had been well curated and validated
by human. Our evaluation of GO similarity was based on
Resnik’s information content (IC) approach [22] which has
been reported to outperform some other measures in the
literature [23]. The measurement is summarized as following:

3The dataset and all processing programs are available upon email request.

Given two gene products GX and GY annotated with
P and Q GO terms respectively, notated as GX =
{gx1, gx2, · · · , gxP} and GY = {gy1, gy2, · · · , gyQ}, we
first calculate the all pair-wise similarities between two
GO terms gxi and gyj based on the IC of their minimal
subsumer. A so-called minimal subsumer of two terms gxi

and gyj , denoted as ∇(gxi, gyj), is their subsumer that has the
minimal likelihood p (and hence maximal IC). To formalize:

Sim(gxi, gyj) ≡ I(∇(gxi,gyj))
max{I(gxi),I(gyj)}

= −log(min{p(g)|g∈S(gxi,gyj)})
−log(max{p(gxi),p(gyj)}) ,

(15)

where I(.) is given by Equation 12, p(.) is given by
Equation 13, and S(gxi, gyj) is the subsumer set of term
gxi and gyj , essentially being all their common ancestor
terms. Understandably, there are P · Q pair-wise term-to-
term similarities based on all GO annotation terms for gene
products GX and GY . And in order to evaluate the overall
similarity between these two gene products Sim(GX , GY ),
we followed a straight-forward yet most common ordered
weighted average (OWA) approach [24] by taking their
arithmetic average:

Sim(GX , GY ) =

∑P
i=1

∑Q
j=1 Sim(gxi, gyj)
P · Q . (16)

Understandably, Sim(GX , GY ) ∈ [0, 1], with a higher value
indicating a higher similarity level between the biological
functions of two gene products. Readers may note our
Equation 16 consists of a normalization of Resnik’s definition
for the ease of comparison in the same scale.

Reaching this point, our experimental design is distinctly
outlined: given a set of N genes S = {X1, X2, · · · , XN},
each with both natural language annotation and GO annota-
tion, for any gene Xi, we first calculate its pattern similarity
to all other genes Xj , j �= i based on their GO annotations,
this will produce a vector of N − 1 similarity values,
denoted as

−−→
Sim0 = (Sim0(Xi, X1), · · · , Sim0(Xi, Xj), j �=

i, · · · , Sim0(Xi, XN)) to serve as the “golden standard”.
Then we calculate the same set of pair-wise similarities
using the feature vectors generated by each feature rep-
resentation method based on natural language annotations,
denoted as

−−→
Sim = (Sim(Xi, X1), · · · , Sim(Xi, Xj), j �=

i, · · · , Sim(Xi, XN)). Understandably, the number of non-
zero values

−−→
Sim indicate the number of genes being identified

to be with functional correlation to the query gene, which
is recorded in our experiment and used for comparison. To
evaluate the goodness of the correlation calculation, natu-
rally, one may understand that a higher correlation between−−→
Sim and

−−→
Sim0 suggests a better performance. Specifically,

we used the Pearson correlation coefficient to obtain a
quantitative evaluation of this correlation. Without loosing
generalization, the Pearson correlation coefficient r between
two K-dimensional vectors X and Y is defined as

r =
∑K

i=1((xi − X) · (yi − Y ))√∑K
i=1(xi − X)2 ·

√∑K
i=1(yi − Y )2

, (17)
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where X is the mean of X given by X = (
∑k

i=1 xi)/K .
Clearly, r ∈ [−1, 1], with a higher value suggesting a
higher correlation, and hence a better performance in our
experiment.

C. Results and Discussions

We applied the cosine similarities of genes’ functional
annotations in natural language, based on earlier-mentioned
three different feature representation methods, namely naive
TF*IDF, ATE-L and ATE-C, and evaluated their performance
based on twenty-fold test 4. With twenty-fold test, the ATH1
dataset was randomly and evenly divided into 20 subsets (in
practice, 17 subsets each with 710 data and 3 subsets each
with 709 data). Each time, our program used nineteen subsets
as the training set for inferring both literal and conceptual
term-to-term correlations, then applied these statistics for
ATE on an unique testing set. The separation of training
set and testing set ensures that our evaluation based on GO
annotation does not lead to biased results due to the use of
GO for inferring conceptual co-occurrence statistics.

In each unique twenty-fold test, different term-to-term
correlation threshold α in Equation 10 that ranged from 0.1 to
0.9 were tested. With each ATE method using each threshold
on each gene as the query, the number of genes that had
non-zero pattern similarity to the query gene and the cor-
relation score defined in Equation refeq:pearson-correlation
were recorded. The same evaluation was performed over
TF*IDF without ATE on each testing set. Results from all
twenty subsets were finally aggregated to form an overall
comparison.

As shown in Figure 1 and Figure 2, for a random query
gene, TF*IDF without ATE returned an average of 36.34
genes with non-zero pattern similarity, out of the testing
subset in average size of 709.85. The average correlation
between two random genes’ pattern similarities calculated by
TF*IDF and their biological functional correlations inferred
with GO was 0.245. When the term-to-term correlation
threshold α was relatively low, especially when α ≤ 0.3, the
performance of both ATE-L and ATE-C are greatly affected
by α. However, with relatively high α thresholds (α ≥ 0.5),
both two methods become less sensitive to this parameter.
In generally, a lower α value leads to a larger number
of returned genes with non-zero pattern similarities to an
random query gene, whereas the similarity calculation by
both ATE-L and ATE-C tend to be less accurate (as indicated
by smaller correlation scores compared to that of TF*IDF).
This suggests that, in practice, using a too low α setting
may lead to query over-expansion and in turn degrade the
performance of ATE. On the other hand, and satisfactorily,
with a reasonably medium-to-high α value range (particu-
larly α ≥ 0.4 in our experiments), the pattern similarities
generated by ATE-L are stably in the same level of those by
TF*IDF, while the number of correlated genes discovered

4Our experiment used twenty-fold test instead of more traditional ten-
fold test due to the high computational cost on pair-wise pattern proximity
calculation with varying threshold values.
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Fig. 1. The average numbers of genes with non-zero pattern similarity to a
random query gene returned by ATE-L and ATE-C in response to different
term-to-term correlation thresholds, compared to those returned by TF*IDF
without ATE, with reference to the testing subsets with an average size of
709.85.
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Fig. 2. The average correlations between the correlation of two random
genes’ biological functions inferred with GO and the pattern similarity
calculated by ATE-L and ATE-C in response to different term-to-term
correlation thresholds, compared to those of TF*IDF without ATE.

by ATE-L is constantly higher than that by TF*IDF. In other
words, with a proper control of the degree of expansion,
ATE based on literal co-occurrence could generally help to
identify more genes of user interests based on a random
search query. Furthermore, using the same α threshold in
this range, ATE-C’s performance appeared to be marginally
better than ATE-L. More significantly, with a relatively high
threshold α ≥ 0.6, ATE-C outperformed both ATE-L and
TF*IDF in both evaluation aspects. This indicates that with
an appropriate mapping between text terms and biological
concepts, it is possible to better infer the correlations among
text terms and further apply this knowledge to improve the
analytical results over natural language text data.

IV. CONCLUDING REMARKS AND FUTURE WORK

In this paper, we analyzed the challenges of representing
the feature of a common biological data type, gene functional
annotations in natural language. We showed that the conven-
tional content-based feature representation method in the IR
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field had limited power on this particular problem, mainly
due to the typically short and concise descriptions and high
diversity and ambiguity of biological terms in the primary
data. Based on the well-established query expansion (QE)
theory, we proposed two automatic term expansion (ATE)
methods based on literal and conceptual term co-occurrence
statistics respectively. In our controlled comparative exper-
iments on the Affymetrix 22k ATH1 Arabidopsis genechip
dataset, both ATE methods have yield performance gains in
varying degrees over the conventional feature representation
method TF*IDF, through their applications to measuring
the pattern similarities among genes, in reference to genes’
biological functions. Our studies hence conclude that ATE is
a powerful technique for improving the feature representation
of natural language style gene functional annotations.

While we obtained satisfactory results in our controlled
experiments, naturally, there are a number of questions to be
answered in our future work. Firstly, it deserves to further
study the possibility of incorporating both literature and
conceptual co-occurrence statistics into a single framework
that is more effective than ATE using either aspect of data.
Secondly, it would be interesting to further evaluate if the
performance of ATE could be further improved using knowl-
edge from other data sources such as biological literature and
WordNet lexical database [25]. Lastly but most importantly,
not limited to the natural language gene functional annotation
data, it would be most valuable to carry out research on
knowledge integration from heterogenous domains to better
understand gene functions in a more intelligent manner.
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