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Abstract

Gene Ontology (GO) annotation and gene expression profilinghave been
two major approaches for system-wide analysis of gene functions. Cur-
rent high-throughput sequence alignment and microarray technologies
produce large volumes of noisy data. In the literature, numerous cluster-
ing methods have been studied for discovery of gene functional group-
ing based on either approach. But there is a lack of algorithmthat
intelligently mines gene patterns across these two problemdomains.
This paper presents a mixture model associative artificial neural network
that integrates these heterogeneous domain knowledge for discovery of
genome-wide functional patterns. The algorithm inherits the theoretical
foundation of Adaptive Resonance Associative Map (ARAM), with es-
sential redefinition of pattern similarity measures and learning functions.
The algorithm’s efficacy was evaluated on theSaccharomyces cerevisiae
(yeast) genome. Our controlled experiments showed that association of
these domain knowledge reduces analytical noises and produces a more
meaningful functional grouping.

Keywords: Associative clustering, Artificial neural network, Mixture
Model Adaptive Resonance Associative Map, Gene Ontology, Gene ex-
pression.
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1 Introduction

Gene function is one of the central topics of functional genomics and com-
parative genomics. Understanding how genes of particular interest function
and interact to each other is critical to numerous biomedical studies such as
disease control and prevention. The advance of various high-throughput ex-
perimental technologies (such as retrotransposon-induced mutation, genome-
wide sequencing and microarray transcription profiling) has lead biology into
a post-genome era, in which researchers’ vision is no longerlimited to a few
genes, but rather large volume of genes in a more systematic fashion. These
high-throughput experiments usually generate large-scale, yet often noisy, het-
erogenesis data, allowing biologists to investigate the characteristics of numer-
ous genes in different angles. Yet how to intelligently and effectively integrate
these data for accurate gene functional analysis remains a challenge to compu-
tational science researchers.

Sequence data is the primary source, and essential information for under-
standing gene functions. Given a collection of sequences with unknown func-
tions, biologists often predict their functions through various approaches based
on sequence alignment. Programs such as BLAST [1] and HMMER [10] have
been thede factostandards routinely used in numerous laboratories. It is a
common practice to infer and annotate the function of an unknown sequence
based on one or multiple significantly homolog sequences with known func-
tions. However, in the past, gene functions are usually annotated with free text,
which is often subjective, lacks formalization, and is difficult to understand and
further process without expert knowledge in the particulardomain. Continuous
efforts are being done to regularize the functional annotationusing controlled
vocabulary for the ease of comparison and categorization. The Gene Ontology
(GO, at http://www.geneontology.org) [36] is one of the protocols being widely
adopted for this purpose. GO provides a set of well defined annotation terms
organized by means of a directed acyclic graph (DAG). Studies have shown
that GO annotation generally conforms with other sequence homology based
annotation paradigms such as TIGR’s [21, 23]. Annotating gene functions in
the ontology space greatly facilitates data manipulation and makes it possible
to analyze large gene set in a quantitative manner. Methods for functional cat-
egorization based on GO have been extensively documented inthe literature
[21, 22, 23, 24, 30]. They usually involve an unsupervised learning approach
to group genes according to a pre-defined similarity (or contrarily, dissimilar-
ity/distance) function. Various similarity functions with different theoretical
bases exist in the literature, one of which will be briefly reviewed in Section
2.2.
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The assumption behind homology-based sequence annotationis that, genes
with common structure due to shared ancestry usually perform the same func-
tion. However, it is challenging to programmatically detect gene homology
based on limited sequence information. In practice, two genes with high
sequence-level similarity, as indicated by an alignment program, are assumed
as homolog genes. This is however not necessarily true. As a matter of fact, in
many cases, a single nucleotide mutation of a gene may silent(deactivate), or
potentially alters its function. Therefore, algorithms based on sequence align-
ment, while practically providing a quick survey on the potential functions of
a candidate gene, often introduces a high noise level to functional annotation.

Normally, a gene participates a particular biological process in form of the
corresponding functional protein. Gene expression profiling, as a quantitative
measurement on the intensity of the process of a gene’s DNA sequences being
converted into proteins under different conditions (in different organisms, at
different time courses, or under different treatments, etc.) is widely adopted to
investigate and verify gene functions in a more biological fashion. The spread
of genome-wide microarray technologies [8, 38] has made it possible to obtain
large scale gene expression data in a short time frame. A variety of cluster-
ing methods have been applied to analysis of large scale geneexpression data
[2, 9, 11, 13, 20, 31]. By grouping genes with similar expressions together,
clustering-based software provide an overview of the wholegenome’s tran-
scription profile, and reduce human labor in investigating individual genes’
expressions.

Experiments have shown that genes with same or closely related functions
may have highly correlated expression patterns. It is however not true in the
reverse direction. In other words, genes with highly correlated expression pat-
terns are not necessarily with similar functions. For example, genes that carry
out different functions in a same pathway may show highly correlatedexpres-
sions. In addition, transcription factors, a particular category of genes that
regulate the transcription of other genes (their target genes), will have similar
expression patterns as those of their target genes; but theyare not necessarily
performing the same function. Therefore, the practice of inferring functions
from expression patterns always suffers from noises, and often requires human
inspection and verification using other domain knowledge.

Understanding the noises in these data, researchers tend tocombine the
analytical results from both sequence alignment and microarray experiments
for a better understanding of gene function. In reality, it has been a routine
practice to investigate the major functional categories enriched by the genes
of interest reflected in a microarray experiment, and further investigate the
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functional annotation of individual genes in each category; or to limit the study
to a set of genes annotated with functions of interest, and study their expression
patterns for further confirmation. However, either way has proven to be human
labor intensive, and rather critically, difficult to navigate genome-wide data in a
systematic manner. Therefore, an intelligent system that automatically identify
gene functional patterns based on knowledge across these data domains is of
high demand in real-life studies.

Much to our surprise, while extensive research have been done on pat-
tern analysis individually from either GO or gene expression data, few stud-
ies are reported to fully integrates knowledge from both fields. Hvidsten et
al. [17] applied rough set theory to mine the association rules between mi-
croarray data and GO annotation on biology process. Association rules how-
ever are known to represent only very significant patterns and lacks the cov-
erage of the full genome. The FUNC software by Prufer et al. [26] also
detects significant associations between gene expressionsand GO terms. Its
implementation is based on statistical evaluation of multiple trial cluster mem-
bership assignments, which does not involve much machine intelligence and
could be time consuming on large input set. Recent updates ofsome com-
mercial software (such as GeneSpring (http://www.agilent.com) and Spotfire
(http://www.spotfire.com)) improve human analytical efficiency by displaying
the pie-chart of GO term distribution, according to a list ofselected genes and
pre-defined GO categories. Yet, they are greatly dependent to human judge-
ment and lack the functionality to intelligently discover genome-wide gene
patterns.

To fill this gap, this paper presents a novel mixture model artificial neural
network (ANN) for discovery of gene patterns based on heterogenesis knowl-
edge from both sequence alignment and gene expression profiling experiments.
The proposed algorithm associatively clusters input genesin terms of similar-
ities in both GO annotation and gene expression domains. We evaluated the
algorithm’s efficacy on the publicSaccharomyces cerevisiae(yeast) genome
and found the proposed algorithm’s output clusters significantly represented
gene functional groupings.

The rest of this paper is organized as follows. Section 2 introduces our
proposed algorithm in detail. Section 3 reports our experiment on the yeast
genome. Section 4 summarizes our conclusion and proposes future work.
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2 Method

Clustering refers to the task of partitioning unlabeled data into meaningful
groups (clusters), in the sense that data samples in each group are more similar
and/or more closely related to each other than to samples in othergroups [18].
Numerous clustering algorithms represent the input samples in a vector format,
and quantitatively measure the meaningfulness of the clustering process with a
(dis)similarity function. With the vector representation, each input is mapped
into a data point in a multi-dimensional, orthogonal space.That is, the features
used to quantize input samples are from the same domain and are assumed to
be independent to each other. However, GO annotation and gene expression
data are provided in the nature that, they represent the measurements of the
genes fromtwo heterogenesis domains, the earlier being descriptive while the
latter being quantitative. It is theoretically challenging to represent them into a
singlefeature space as most clustering methods require. To handlethese input
data, our study focuses on an modular artificial neural network architecture
that is capable of handling inputs from different knowledge domains, briefly
reviewed below.

2.1 Adaptive Resonance Associative Map (ARAM)

The Adaptive Resonance Associative Map (ARAM) [32] belongsto the
family of Adaptive Resonance Theory (ART) self-organizingneural networks
[4]. Like another member of the family, ART-MAP [7], ARAM is capable
of incrementally learning recognition categories (pattern classes) and multi-
dimensional maps of patterns. Compared to ART-MAP, ARAM contains a
simplified pattern matching and learning process. The architecture of ARAM
(Figure 1) can be understood as an overlap of two ART networks. An ARAM
network has two individual short term memory (STM) layersFa

1 andFb
1, re-

sponding to input signalsIa andIb from its independent input layersFa
0 andFb

0
respectively, and a shared long term memory (LTM) layerF2 that encodes the
associated knowledge from the two feature fields. The learning of the network
is guided by an orienting subsystem with two logical gates, defined with two
vigilance parameters (ρa andρb respectively). The logical gates conditionally
switch and reset the network state according to predefined rules, and hence
affect knowledge encoding in the LTM.

ARAM acquires its domain knowledge through an online, hard competitive
learning process. In summary, the recognition neurons compete in response to
each incrementally presented (online) input stimulation,with only one neuron
that wins the competition and gains knowledge from the input(hard learning).
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Figure 1. The architecture of Adaptive Resonance Associative Map (ARAM) neural
network.

The ARAM learning paradigm has been comprehensively documented in the
literature [32] and is summarized below for a better understanding of this pa-
per.

Inputs and Recognition Categories:ARAM requires inputsIa andIb rep-
resented in vector format. There is a built-in normalization link between the
input layerF0 and the STM layerF1, denoted asxa = ℜ(Ia) andxb = ℜ(Ib).
The definition of the normalization link varies depending onthe application.
Each LTM recognition categoryj in F2 layer is associated with two adaptive
weight templates, i.e.w j = (wa

j |w
b
j ), wa

j andwb
j being same dimensional asxa

andxb respectively. Initially, theF2 recognition field contains a null set (zero
category). Upon incremental presentation of input signals, it is adaptively ex-
panded to encode new knowledge.

Category Competition:In response to the normalized input signalx =
(xa|xb), the similarity between the input and each LTM recognitioncategoryj
is evaluated according to

T(x,w j) = γ · T
a(xa,wa

j ) + (1− γ) · Tb(xb,wb
j ), (1)

whereγ ∈ [0, 1] is an associative contributionparameter,Ta(.) (or Tb(.))
is a predefined similarity function, referred to as thechoice functionin do-
main spaceA (or B). Their linear combinationT(.) is referred to as the net-
work’s choice function. The categoryJ that receives the highest choice score1

T(x,wJ) = max{T(x,w j)} is marked as thewinnerof the competition.

1With an assumption that a higher choice score indicates a higher pattern similarity. Other-
wise the lowest if choice functions are dissimilarity/distance-based.
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Resonance or Reset:If the competition generates a winner categoryJ, its
similarity to the inputx is further confirmed in domain spacesA andB indi-
vidually, using another set ofmatch functions, i.e. Ma(xa,wa

J) andMb(xb,wb
J).

The network is said to reachresonanceif both match scores are over2 the cor-
respondingvigilancethresholdsρa andρb, denoted as

{
Ma(xa,wa

J) ≥ ρa and
Mb(xb,wb

J) ≥ ρb,
(2)

during which network learning ensures, as defined in the nextstep.
Mismatch resethappens when either of the match score does not reach the

vigilance value. During mismatch reset, the network redo the winner selection
and resonance check iterations with mismatched categoriesexcluded, until a
selected winner causes network resonance, or all LTM categories are reset.

Network Learning:Once the search ends and network resonance is achieved,
the weight vectorwJ was updated to incorporate the input knowledge corre-
spondingly from fieldA andB, according to twolearning functions:

{
w
′a
J = La(xa,wa

J), and
w
′b
J = Lb(xb,wa

J).
(3)

In case all LTM categories are reset but the network fails to reach a res-
onance state (or whenF2 is null upon the presentation of the first input), the
network switches tofast commitmentlearning mode, which essentially expand
the F2 recognition field by creating a direct copy of the input as a new LTM
category. That is,w

′a
new= xa andw

′b
new= xb.

It deserves to review a few unique features of the ARAM architecture.
Firstly, like ART, ARAM uses two functions (choice and match) to evaluate
the similarity between the input and recognition category.These two functions
may or may not have same definition, optionally providing a different view to
conform the degree of pattern matching. Secondly, the use ofvigilance thresh-
olds ensures only significantly similar patterns may be grouped together. On
the other hand, the vigilance parameters primarily affect the clustering process.
Lower vigilance thresholds generally lead to fewer recognition categories, and
hence rougher clustering result. Lastly while most importantly, ARAM pro-
vides an effective infrastructure for learning of associative knowledge from two
different domains. Depending on the input signals, ARAM may be applied to
different learning tasks. Examples include text and document classification
[14, 33], clustering and personalized knowledge management [34], and asso-
ciation rule mining [35].

2With an assumption that a higher match score indicates a higher pattern similarity.
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Variations of ARAM models exist in the literature, according to the def-
inition of normalization, choice, match and learning functions. For example,
ARAM-2A consists of two ART-2A models [5] using second levelnormaliza-
tion and cosine similarities, while fuzzy ARAM consists of two fuzzy ART
models [6] using complemental normalization and similarity functions derived
from fuzzy set theory. However, after close investigation of existing ARAM
models, we find that there is not an out-of-box solution that is capable of han-
dling GO annotation and gene expression data. This is because most reported
work used same sets of similarity measures with the same theoretical origin,
as they assumed the inputs from pattern fieldsA and B are isogenous. They
however do not fit in our application.

Based on this understanding, we borrowed ARAM’s architecture and learn-
ing process which have well established theoretical foundation, and redefined
the similarity measures and learning functions that suite the nature of our het-
erogeneous data. We name our modified networkMixture Model ARAMto
differ our practice to existing work, highlighting the fact thatin our variation,
fields A and B work on different data models. The details of the proposed
network is given below.

2.2 Mixture Model ARAM for GO Annotation and Gene Expres-
sion Data

Our application of the Mixture Model ARAM is straightforward: for each
gene product, we use ARAM’s pattern fieldA to encode its expression profile
andB to encode its GO annotation. Following common practices, the expres-
sion profile is presented in vector format, and the GO annotation is presented
as a set of descriptive GO terms, denoted asx = (xa|xb) = (−−→exp|{go terms}).
Understandably, each of the LTM recognition category encodes an associative
patternw = (wa|wb), wherewa and wb respectively are the expression pat-
tern and GO annotation term(s) representative to the inputsthat form the cor-
responding category. The Mixture Model ARAM’s learning activity in each
pattern field is defined in the rest of this subsection.

2.2.1 Pattern Field for Gene Expression

Appropriate normalization of gene expression data prevents category pro-
liferation without compromising their biological representation. Variations of
normalization techniques are adopted in different experiments and are under
continuous review. Thus the Mixture Model ARAM network doesnot contain
a fixed normalization link to alter the original input gene expression. Instead,
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we assume all input expressions are properly pre-normalized, and define the
link betweenFa

0 andFb
1 as a simple feed forward copy operation, i.e.xa = Ia.

Like the ART-2A [5] model, we used symmetric choice and matchfunc-
tions to evaluate gene expression similarity. That is, bothchoice and match
functions are defined with thePearson correlation coefficientbetween two ex-
pressions, denoted as:

Ta(xa,wa) = Ma(xa,wa) =
(xa − E(xa)) · (wa − E(wa))
||xa − E(xa)|| · ||wa − E(wa)||

(4)

where E(.) and ||.|| are the mean (expectation) and norm (length) of a vector
respectively. Our use of Pearson correlation coefficient measure follows the
majority of reported work. Particularly, if the expressionis normalized with
standard distribution (with 0.0 mean and 1.0 norm), our definition is equivalent
to that of ART-2A, essentially being the cosine similarity of two vectors.

As to network learning, we adopted the commonadaptive learning rule,
given as:

w
′a = La(xa,wa) = wa + η · (xa − wa) (5)

where the parameterη ∈ [0, 1] is commonly referred to as thelearning rate.
With this learning process, the recognition pattern adaptively correct its weights
to reduce the error between the recognition pattern and the input, so that when
the network is stabilized, the recognition pattern will reflect the cluster cen-
troid.

2.2.2 Pattern Field for GO Annotation

Given GO annotations in format of descriptive terms, it is not necessary
to further normalize these terms. One of the focuses of our work is on the
measurement of GO similarity. Since the establishment of GOgenerally fol-
lows the same paradigm on other lexical taxonomies such as the WordNet
(http://wordnet.princeton.edu), a variety of similarity measurements in lexi-
cal taxonomy study have been applied to GO. Resnik [27] compared different
semantic similarity measures against human judgements. Hereported that in
the controlled taxonomy, Information Content [28] based measurement outper-
formed two other measures, namely Edge Counting and Probability. Sevilla et
al.’s study [29] further showed that Resnik’s semantic similarity based on In-
formation Contents produced relatively more consistent correlation to the gene
expression similarity over two other authors’. Therefore,we adopted Resnik’s
Information Content based similarity measure in our studies. The measure is
reviewed as below.
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Information Content:Originated from probability studies, the concept of
Information Content has existed for multiple decades [28].Briefly, the infor-
mation content of a lexical concept/classc 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

), (6)

where f (c) is the frequency of the instances of conceptc andN is the corpus
size.

In order to apply Information Content 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 termt is calculated according
to

p(t) =
size_of{C(t)}

size_of{C(root)}
, (7)

whereC(t) is the set of terms being subsumed byt, androot is the most top
level (root) term. The more specific a GO termt is, the lower the likelihood
p(t) is, and hence the higher information contenti(t) it has. Particularly, the
information content of the root term has the lowest value 0.0.

Similarity between two GO Terms:Based on the definition above, Resnik
[27] proposed the measurement of the similarity between twoGO terms as the
information content of theirminimal subsumer. A so-called minimal subsumer
of two termsti andt j, denoted as∇(ti , t j), is the subsumer that has the minimal
likelihood (and hence maximal information content). To formalize:

sim(ti , t j) ≡ ℑ(∇(ti , t j))
= −log(min{p(t)|t ∈ S(ti , t j)}),

(8)

whereS(ti , t j) is the subsumer set of termti and t j , essentially being their
common ancestor terms.

Similarity between GO Annotations of Two Genes:While Equation 8 mea-
sures the semantic similarity between two GO terms, it is common that a gene
product may be annotated with multiple GO terms, which will lead to multiple
term-to-term similarities between two genes. We adopted a simple yet com-
monly applied approach [19, 30], to induce the maximal term-to-term similar-
ity as the similarity between the GO annotations of two genes. To formalize,
suppose the multiple GO annotations of two genes productsgi andg j are de-
noted asAi = {ti1, ti2, . . . , tiP} and A j = {t j1, t j2, . . . , t jQ} respectively, their
similarity is then calculated as:

sim(Ai ,A j) = max{sim(tix, t jy)|x ∈ [1,P], y ∈ [1,Q]}. (9)
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By applying the maximal term-to-term similarity as the similarity between to
GO annotations, we essentially identify their subsumer that has the maximal
information content, i.e. the maximal common factor.

Choice, Match and Learning Functions on GO Annotations:Although
Equation 9 effectively evaluates the maximal common factor of two genes’
GO annotations, this equation is not normalized, in the sense that the similarity
value may range from zero to infinity. It is inappropriate to apply this definition
directly to the Mixture Model ARAM, because the calculationof Equation 1
may be dominated by the score produced from Equation 9, giventhat Equa-
tion 4 outputs a score in [−1, 1] range. Inspired by the work of Jiang and
Conrath [19] as well as the fuzzy ART paradigm [6], we calculate the choice
and match scores by applying different aspects of normalization to Equation 8.
That is,

Tb(xb,wb) =
sim(xb,wb)

α + ℑ(t̄(wb))
, (10)

and

Mb(xb,wb) =
sim(xb,wb)

α + ℑ(t̄(xb))
, (11)

where sim(.) is given by Equation 9,̄t(wb) andt̄(xb) are the corresponding GO
terms selected fromwb andxb which have the highest term-to-term similarity
for the calculation of sim(.), ℑ(.) is given by Equation 6, andα is a small
positive constant to prevent zero division. These definitions re-scale the choice
and match scores to [0, 1] as the information content of a term’s subsumer is
always less than or equal to the term’s.

With respect to the learning of GO annotation, we understandthis process
as the representation of the maximal common factor among allinputs being
grouped into the same category. This idea harmonizes the definition of the
minimal subsumer. Thus, we have a straight forward definition of the learning
function:

w
′b = Lb(xb,wb) = ∇(xb,wb), (12)

where the identification of the minimal subsumer ms(.) is given by Equation 8.
Equations 4 through 12 complete our definition of the MixtureModel

ARAM network.

2.2.3 Summary of Network Parameters

This section briefly summarizes the parameters in the proposed algorithm.
In general, the network’s learning is controlled with the associative contribu-
tion parameterγ ∈ [0, 1] (Equation 1), the vigilance thresholdsρa ∈ [−1, 1]
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andρb ∈ [0, 1] (Equation 2), and the learning rateη ∈ [0, 1] (Equation 5). As
to the parameterα in Equations 10 and 11, it may be built in with a fixed small
positive value.
γ decides the weights of the pattern fields during evaluation of overall pat-

tern similarities. Particularly,γ = 0.5 gives equal weights to expression and
GO annotation.ρa and ρb mainly affect the group size as well as the total
number of groups over all inputs. Higher vigilance thresholds lead to a larger
number of smaller groups. Readers should note that whileρa ∈ [−1, 1] accord-
ing to the range of the Pearson correlation coefficient (Equation 4), in practice,
we use a positiveρa threshold as we want our recognition categories contain
positively correlated expression patterns only. The learning rateη controls how
fast the recognition pattern adapts itself towards the new input knowledge. It
should be noted that, as studied by Bottou et al.[3, 12], a constantly too high
learning rate may cause network oscillation on densely distributed input data.
It has been a common practice to initialize the learning withrelatively small
value (such as 0.1) and to gradually reduce it while the learning proceeds.

3 Experiment

We applied the proposed Mixture Model ARAM neural network tothe
analysis of the budding yeast (Saccharomyces cerevisiae) genome. The relative
small size of the yeast genome enabled us to validate the algorithm’s efficacy
through human inspection. The details of our experiment arereported below.

3.1 The Yeast Genome Dataset

Our experiment adopted the yeast gene expression data provided by Eisen
et al. (http://rana.lbl.gov/EisenData.htm) [11], which had been extensively
studied in the literature. The public dataset contains genome-wide microarray
expression profiles of 6221 genes labeled with the corresponding open frame
reading (ORF) IDs. Each expression profile, maximally eighty-dimensional,
consists of an aggregation of data from multiple experiments including time
courses of the mitotic cell division cycle, sporulation, the diauxic shift and re-
sponses to different shocks etc., with a major purpose of studying yeast cell
cycle [11].

To facilitate our validation of gene functional groups, ourexperiment used
a subset of 3225 ORFs which are annotated with confirmed gene names and
corresponding functional descriptions in free-text. To avoid category prolif-
eration, we followed a common practice to normalize each gene’s expression
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profile with the standard distribution normalization (alsoknow as z-score nor-
malization) [31], that is,

I
′

=
I − E(I)
σ(I)

, (13)

where E(.) andσ(.) is the mean and standard deviation of the input. Read-
ers should have noted this normalization is not part of the proposed Mixture
Model ARAM network, but rather a data preprocessing before the microarray
expressions were accepted by the network.

We downloaded these 3225 genes’ GO annotations according totheir gene
names from theSaccharomycesgenome database (SGD, http://www.yeastgenome.org).
In view of the three independent, non-intersecting categories of ontologies in
the same GO infrastructure, namelyBiological Process, Cellular Component
andMolecular Function, and the understanding that the Biological Process on-
tology is mostly related to functional categorization, we limited our study in
this category only. In addition, noting that there are two major types of rela-
tions between GO terms, i.e.is-aandpart-of, for the simplicity of analysis, we
followed Lord et al.’s practice [24] to treat them equivalent to each other and
consolidated GO into a uniformis-a taxonomy. Among the 3225 gene names,
3085 are annotated with at least one GO terms and 3080 are annotated with at
least one Biological Process terms as of March 05, 2007.

This process generated a dataset of 3080 genes with corresponding gene
name, functional description, microarray expression and GO annotation that
was used in our experiment.

3.2 Parameter Settings

We applied the proposed algorithm on the above-mentioned dataset. All
inputs were randomly shuffled in presentation order and sent to the Mixture
Model ARAM for batch training. In each learning iteration the input-category
mapping was tracked and compared to that of last iteration tocalculate the pre-
diction (i.e. category assignment) error rate. Learning ofthe network stopped
when the prediction error rate was below 1%, or after 50 learning iterations,
whichever was sooner. We adopted the defaultγ = 0.5 parameter for pattern
association. The learning rateη was initialized with 0.1 and was linearly de-
creased by 10% in each new learning iteration once the prediction error rate
was below 20%. By fine-tuning theρa andρb vigilance thresholds, we were
able to obtain different gene groupings over the yeast genome.

The network converged at relatively fast speed regardless of the parameter
tuning. The number of iterations ranged from 7 to 14 in our trials with differ-
ent vigilance thresholds. This could be due to the inheritedfast commitment
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Figure 2. The recognition error rate of the Mixture Model ARAM after each learning
iteration, withρa = 0.3 andρb = 0.2 on the yeast genome dataset. The error rate
after the first iteration was considered as 1.0 because therewas no previous cluster
assignment information for comparison.

capacity of the ART-network which had been reported in priorstudies [15].
Particularly, with settings ofρa = 0.3 andρb = 0.2, the network smoothly
stabilized after 9 learning iterations (Figure 2), and generated 292 recognition
categories. Analysis and evaluation of the results based onthis set of parameter
settings are reported below.

3.3 Results and Discussions

3.3.1 Coverage of Genome-wide Functional Categories

Small Number of Clusters Covered Majority of Full Genome:Table 1 de-
picts the distribution of the output categories according to cluster size and the
corresponding genome coverage. A first look at Mixture ModelARAM’s clus-
tering result revealed that the size of the categories varied drastically . Among
the 292 output categories, 190 were very small, in the sense that each of them
grouped less than 10 genes. This is however not surprising tous, considering
the facts that: 1) there are inherited noises in both the GO annotation and mi-
croarray expression data, 2) there is a high diversity of gene functions across
the whole genome, and 3) some biological processes actuallyinvolves only
few genes. Despite this, the remaining 102 categories had grouped a total of
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2501 genes, which covered 81.20% of the whole genome dataset. We consider
this a very good genome-wide representation, as it enables abiologist to re-
view the majority of the genome data by looking into a manageable number of
output categories (Figure 3).

Table 1. The distribution of Mixture Model ARAM’s output clusters and correspond-
ing genome coverage on the yeast genome.

Cluster Size Range # Clusters # Genes Genome Coverage (%)
≥ 100 1 107 3.47

90 – 99 - - -
80 – 89 1 84 2.73
70 – 79 - - -
60 – 69 1 69 2.24
50 – 59 1 55 1.79
40 – 49 11 470 15.26
30 – 39 15 520 16.88
20 – 29 20 457 14.84
10 – 19 52 739 23.99
0 – 9 190 579 18.80

Large Clusters Revealed Major Gene Functions:For ease of analysis,
we further focused our validation and evaluation on the 30 largest categories.
These categories grouped no less than 30 genes in each, and 1305 genes in
total, which covered 42.37% of the whole genome. Table 2 depicts the distri-
bution of these clusters according to the subsumer GO term learnt and encoded
in the category pattern. Interestingly, all of these GO annotations reflected the
major biological processes involved in yeast cell cycle. This is due to the fact
that the microarray experiments by Eisen et al. [11] were particularly designed
to stress or shock cell cycle related genes, making them response in a systemat-
ically observable fashion. We further compared these GO terms with the major
gene functions reported by Eisen et al. [11], and found thesetwo sets of func-
tional categories were highly correlated. This shows that the proposed Mixture
Model ARAM network is capable of representing major gene functional cate-
gories based on the aggregation of GO annotation and gene expression data.

3.3.2 Quantitative Evaluation of Algorithm’s Efficacy for Gene Func-
tional Categorization

Numerous cluster validity measures in the literature generally fall into
three major categories, namely internal criteria, external criteria and relative
criteria [37]. Internal criteria measure the capacity of a clustering algorithm

15



0

10

20

30

40

50

60

70

80

90

100

0 50 100 150 200 250 300

Total # Largest Clusters

To
ta

l G
en

om
e 

C
o

ve
ra

g
e 

(%
)

 

Figure 3. The coverage of the yeast genome according to different numbers of largest
clusters to be reviewed. From here, one may see that the 30 largest clusters (10.27%
of total number of clusters) covers 1035 genes (42.37% of thegenome), and 102
(34.93%) covers 2501 (81.20%).

Table 2. The distribution of the 30 largest categories and their member genes accord-
ing to GO annotation.

GO Term GO Name # Clusters # Genes
GO:0051179 localization 2 74
GO:0044260 cellular macromolecule metabolic

process
1 42

GO:0043283 biopolymer metabolic process 3 115
GO:0006139 nucleobase, nucleoside, nucleotide

and nucleic acid metabolic process
5 212

GO:0043170 macromolecule metabolic process 5 179
GO:0016043 cell organization and biogenesis 10 470
GO:0009058 biosynthetic process 3 172
GO:0007049 cell cycle 1 41

Sum: 30 1305
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in optimizing the predefined, internally used fitness function; external criteria
measure the meaningfulness of an algorithm’s output by comparing them to
some external standard; and relative criteria evaluate thevalidity of a clustering
algorithm with different parameter settings, with reference to itself. A variety
of cluster validity measures based on internal criteria have been widely adopted
to evaluate the efficacy of gene expression clustering algorithms [16, 25]. Al-
though these measures quantitatively evaluate how well thegrouping of the
input data fit the preset (dis)similarity criteria (such as low intra-cluster vari-
ance and high inter-cluster separation), they do not necessarily reflect the al-
gorithm’s capacity of deducing gene functions from the clustering result. With
this consideration, we adopted abiological function blind test(BFBT), which
involve external expert knowledge on genes’ biological functions, to evaluate
the efficacy of our proposed algorithm.

The BFBT test was proceeded as follows: For each output category, we
first provided only the list of its membership genes to expertbiologists, and
asked them to investigate the functions of these genes. The experts may access
any data, such as functional annotations in free-text, GO annotations, expres-
sions in any experiments and any available literature for the understanding of
each gene’s function (denoted asfi). The experts were then asked to annotate
the “common factor” function of the category (denoted asf c), which was en-
riched by the majority of its membership genes. Furthermore, the experts were
asked to estimate the correlation between each individual gene’s function fi
and the category functionf c with a relevance score si ∈ [−1, 1], with a posi-
tive score indicating “related gene functions”, and negative score, “un-related
gene functions”. Lastly, the GO annotation (denoted asgc) of the category
which was learnt by the proposed algorithm was revealed to the experts. And
the experts were asked if these category functional annotations (namely f c
decided by the experts andgc learnt by the algorithm) agreed to each other,
quantized asβ ∈ {−1,+1}, +1 being “agreement” and−1 being “disagree-
ment”. The validity of the category, termed asexpert knowledge fitness score,
was then formalized as

s=

∑K
i=1 β · si

K
, (14)

whereK is the number of membership genes in the category. Understandably,
s∈ [−1,+1] represents how a category’s function discovered by the algorithm
matches that deducted by the human with external expert knowledge,+1 indi-
cating a perfect match and−1 indicating a perfect mismatch.

To facilitate the experts’ evaluation, in our practice, we further break the
evaluation ofsi into five levels, namely "certainly un-related", "somewhatun-
related", "uncertain", "somewhat related" and "certainlyrelated", correspond-
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ing to scores of -1.0, -0.5, 0.0, 0.5 and 1.0 respectively.

Table 3. The cluster validity of the 30 largest categories, evaluated usingexpert knowl-
edge fitness score. Categories are organized according to predicted GO functional
annotation term. Refer to Table 2 for corresponding GO names.

Category ID # of Genes GO Term Fitness Score
3 42

GO:0051179
0.6667

62 32 0.7968
174 42 GO:0044260 0.9524
82 44

GO:0043283
0.6250

146 32 0.6563
233 39 0.7564
69 55

GO:0006139

0.8727
185 41 0.8415
200 40 0.8125
202 38 0.9079
266 38 0.8421
23 33

GO:0043170

0.8333
43 37 0.7703
78 38 0.7895
87 33 0.7273
117 38 0.8289
7 84

GO:0016043

0.5417
15 45 0.7889
21 69 0.8043
26 44 0.7045
30 45 0.7111
31 43 0.7326
38 35 0.8000
54 30 0.7000
64 43 0.6744
156 32 0.7969
2 107

GO:0009058
0.9112

74 34 0.9118
150 31 0.9032
56 41 GO:0007049 0.9268

Total: 1305 Average: 0.7862±0.0988

Table 3 reports the expert knowledge fitness scores of the 30 largest cat-
egories evaluated with the above schema. Notably, the GO functional anno-
tations of all these categories predicted by our proposed algorithm matched
those deducted by the expert. In addition, no gene received arelevance score
(si) of -1.0 (certainly un-related) through the blind test. Interestingly, out of
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the six categories that had the highest fitness scores, five categories signifi-
cantly enriched three functions, namely GO:0044260 (cellular macromolecule
metabolic process), GO:0009058 (biosynthetic process) and GO:0007049 (cell
cycle) which harmonized with discoveries of Eisen et al. [11]. Compared to
the majority, a few categories (e.g. C7 and C82) received relatively low fitness
scores. However, a closer investigation into the individual genes’ relevance
scores revealed that this was mainly because that a relatively large number
of member genes in these categories were ranked in the "uncertain" category
(with si = 0) due to the lack of external information the experts obtained for
determining their function. Overall, we archived an average of 0.7862 fitness
score in our controlled experiment, suggesting a significantly high correlation
between the knowledge discovered by the proposed Mixture Model ARAM
network and the external expert knowledge.

3.3.3 New Perspectives Raised from Inter-Cluster Comparative Analysis

As already shown in Table 2, the 30 largest categories enriched 6 major
biological process functions, whose membership genes’ actual functions were
further validated in our blind test and reported in Table 3. An intuitive question
raised to us was why some functions were represented with multiple categories
instead of single ones. Since each output category of Mixture Model ARAM
was expressed with both a representative gene expression pattern and a sub-
sumer GO annotation term, we manually compared the 30 largest categories
based on these information and had some interesting findings.

Sub-figures a-1 through a-3 in Figure 4 depict the expressionprofiles of
the output clusters that were annotated with subsumer GO terms GO:0051179
(localization), GO:0043283 (biopolymer metabolic process) and GO:0009058
(biosynthetic process) respectively. It is interesting that although these gene
categories in each sub-figure involve in the same biologicalprocess, they showed
different expression patterns in the microarray experiments. Most representa-
tively, in sub-figure a-1, 42 genes in category C3 were significantly down-
regulated during cell division cycle (CDC) and with response to diauxic shift
stresses (DIA), while 32 genes in category C62, involving inthe same localiza-
tion biological process, responded in a completely opposite manner, i.e., were
significantly down-regulated under these conditions. Thisis however not sur-
prising to us, considering these two groups of genes could participate in two
or multiple competitive localization-related biologicalprocesses, in which the
activation of a process suppresses the other. In general, our analysis of all cat-
egories subsumed under same GO terms showed that their expression patterns
distinguished to each other in varying manners, which provided interesting in-
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formation for further biological studies.
Similarly, as shown in sub-figures b-1 through b-3 in Figure 4, genes with

highly correlated expression patterns may involve in different biological pro-
cesses. Most notable, in sub-figure b-2, categories C26 and C202 grouped
genes that were regulated in nearly the identical pattern under all experimental
conditions but were subsumed under different GO terms, GO:0016043 (cell
organization and biogenesis) and GO:0006139 (nucleobase,nucleoside, nu-
cleotide and nucleic acid metabolic process) respectively. Our explanation to
this is three-fold: Firstly, the GO terms used to annotate a gene’s function
are not exclusive, in the sense that many GO terms are inter-associated and
the same function may be categorized under multiple GO terms, which lead
to multiple Mixture Model ARAM output clusters with certaincorrelation to
each other. Secondly, it is common that a gene may participate in multiple bi-
ological processes, which may not be fully annotated with GOterms, causing
different Mixture Model ARAM output clusters referring to the same set of
genes with similarly multiple functions. And thirdly, it isnatural that multi-
ple biological processes are functioned in parallel under different conditions.
With such, some of Mixture Model ARAM’s output clusters may actually re-
flect such parallel processes. While a deeper analysis of these data requires
more intensive expert knowledge and could be time consuming, the output of
the proposed algorithm could greatly facilitate such study.

Due to the nature of this paper in methodology research, extended bio-
logical analysis of the output clusters is not reported here. However, without
losing generalization, Mixture Model ARAM presented an integrative means
of investigating gene functional groups from both predicted GO functions and
transcription profiles, which leaded to some new perspectives in genome-wide
data analysis that were not raised by most other clustering algorithms based on
either aspect.

4 Conclusion and Future Work

In this paper, we documented our understanding on the noisesin sequence
alignment based functional annotation data and gene expression data, and their
challenges to gene functional studies based either aspect of knowledge. In or-
der to systematically and intelligently discover gene groups that better repre-
sent common gene functions, we adopted an approach to integrate gene ontol-
ogy (GO) annotation and gene expression profile for clustering genes. We pro-
posed a novel artificial neural network named Mixture Model Adaptive Res-
onance Associative Map (ARAM) for this purpose. The proposed algorithm
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Figure 4. Some representative gene categories that showed typical inconsistence
between expression pattern correlation and functional correlation. Sub-figures a-1
through a-3 are categories that have similar functions but notably varying expression
patterns. Sub-figures b-1 through b-3 are categories that have highly correlated gene
expression patterns but different functions. Labels on X-axis identify multiple con-
ditions in different experiments, including cell-cycle alpha-factor (AF), cell division
cycle (CDC), cell-cycle elutriation (EL), cell-cycle CLN3and CLB5 induction (CL),
sporulation (SP), sporulation ndt80 (ND) and diauxic shiftstress (DIA).
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is based on the well-studied theoretical foundation of the ARAM architecture,
with essential redefinition of pattern similarity measuresand learning functions
to particularly accommodate GO annotation and gene expression data. Our re-
view of the literature revealed that our proposed algorithmis one of the few,
if not the first, intelligent approaches for discovery of genome-wide functional
categories through incorporating these two heterogenesisknowledge domains
in a single infrastructure.

We studied the proposed algorithm’s efficiency and efficacy on the budding
yeast (Saccharomyces cerevisiae) genome through both human inspection and
quantitative evaluation. Our controlled experiment showed that:

1. Mixture Model ARAM is efficient in analyzing whole genome data, in
the sense that it converges in relatively few number of learning iterations
using varying parameter settings.

2. The output clusters are representative to the major functional categories
over the whole genome.

3. The membership genes in the same cluster significantly represent the
same or highly correlated gene functions, which in turn satisfactorily
match the results through human inspection with expert knowledge.

4. The inter-cluster comparison of the output categories provided useful
information for the biological study of the associations between expres-
sion profile and gene function.

In summary, the Mixture Model ARAM provides an integrative infrastruc-
ture to associatively mine the GO annotation and gene expression data. This
approach generally reduces analytical noises from either knowledge domain, in
the sense that the output clusters significantly reflect major categories of gene
functions. Most importantly, the integration of these heterogenesis knowledge
domains during clustering generates interesting gene categories which are dif-
ficult to be achieved with other clustering methods based on knowledge from
either domain, and provides new perspectives to genome-wide functional anal-
ysis. Although our reported work was focused on GO annotation and gene ex-
pression data, similar idea could be borrowed to integrate other heterogenesis
domain knowledge for a deeper analysis of gene functions.

While the Mixture Model ARAM neural network has demonstrated satis-
factory performance in our controlled experiment, a few points remain to be
addressed in our future work. Firstly, like most other clustering algorithms,
the proposed algorithm follows a typical unsupervised datamining paradigm
to identify major functional patterns that are commonly enriched by significant
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amount of gene samples, with reference to predefined similarity measures. In
reality, biologists may be rather interested in some rare biological processes
that involve only a few number of genes, or on the other hand, afew number
of genes that only express in some particular biological conditions (such as
under certain extreme stress). How to differ these genes of particular research
interests from outlier/noisy data samples and discover such functional groups
with minority of member genes poses challenge to data miningresearch based
on unsupervised learning paradigms. Secondly, since the purpose of clustering
genes is to deduct their functions, and the verification of these functions com-
monly involve intensively biological experiments, how to quantitative evaluate
the efficacy of a clustering algorithm based on limited external knowledge re-
mains an open question. In our studies, we adopted abiological function blind
test (BFBT) which is essentially based on human inspection. Thistest how-
ever is labor intensive and could be subjective to the evaluators. With no doubt,
there is a space for further improvement of our evaluation schema. Lastly but
not least importantly, since Mixture Model ARAM generally falls into the cat-
egory of multi-layer perception neural networks, it is widely understandable
that gene expression pattern – gene function rules may be extracted based on
the network’s recognition categories. The topic of automatic association rule
extraction is yet to be covered in future studies.
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