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Abstract

Gene Ontology (GO) annotation and gene expression profing been
two major approaches for system-wide analysis of gene iumst Cur-
rent high-throughput sequence alignment and microarraynigogies
produce large volumes of noisy data. In the literature, monnecluster-
ing methods have been studied for discovery of gene furatigroup-
ing based on either approach. But there is a lack of algoritan
intelligently mines gene patterns across these two proldemains.
This paper presents a mixture model associative artifieiafal network
that integrates these heterogeneous domain knowledgéstamvery of
genome-wide functional patterns. The algorithm inhehtstheoretical
foundation of Adaptive Resonance Associative Map (ARAMithves-
sential redefinition of pattern similarity measures andlesy functions.
The algorithm’s éicacy was evaluated on tiaccharomyces cerevisiae
(yeast) genome. Our controlled experiments showed thatid®n of
these domain knowledge reduces analytical noises and pesdumore
meaningful functional grouping.

Keywords: Associative clustering, Artificial neural network, Mixt
Model Adaptive Resonance Associative Map, Gene OntologneGex-
pression.
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1 Introduction

Gene function is one of the central topics of functional geits and com-
parative genomics. Understanding how genes of particalarast function
and interact to each other is critical to numerous bioméditalies such as
disease control and prevention. The advance of variousthiglughput ex-
perimental technologies (such as retrotransposon-imtougation, genome-
wide sequencing and microarray transcription profilingd lead biology into
a post-genome era, in which researchers’ vision is no lolgéed to a few
genes, but rather large volume of genes in a more systenastitoh. These
high-throughput experiments usually generate largeesgak often noisy, het-
erogenesis data, allowing biologists to investigate ttagatteristics of numer-
ous genes in dlierent angles. Yet how to intelligently anffectively integrate
these data for accurate gene functional analysis remaihnaligicge to compu-
tational science researchers.

Sequence data is the primary source, and essential infomfar under-
standing gene functions. Given a collection of sequenc#suwmiknown func-
tions, biologists often predict their functions throughisas approaches based
on sequence alignment. Programs such as BLAST [1] and HMMBERHave
been thede factostandards routinely used in numerous laboratories. It is a
common practice to infer and annotate the function of an awknsequence
based on one or multiple significantly homolog sequencels kvibwn func-
tions. However, in the past, gene functions are usually &ted with free text,
which is often subjective, lacks formalization, and ifidult to understand and
further process without expert knowledge in the particd@nain. Continuous
efforts are being done to regularize the functional annotat&ing controlled
vocabulary for the ease of comparison and categorizatibe.@ene Ontology
(GO, at http//www.geneontology.org) [36] is one of the protocols beindaly
adopted for this purpose. GO provides a set of well definedtation terms
organized by means of a directed acyclic graph (DAG). Stutieve shown
that GO annotation generally conforms with other sequeredfogy based
annotation paradigms such as TIGR's [21, 23]. Annotatingedenctions in
the ontology space greatly facilitates data manipulatioth makes it possible
to analyze large gene set in a quantitative manner. Mettwdsffictional cat-
egorization based on GO have been extensively documentiba iliterature
[21, 22, 23, 24, 30]. They usually involve an unsupervisetrgg approach
to group genes according to a pre-defined similarity (orrewity, dissimilar-
ity/distance) function. Various similarity functions withfidirent theoretical
bases exist in the literature, one of which will be brieflyiesved in Section
2.2.



The assumption behind homology-based sequence anndtatii@t, genes
with common structure due to shared ancestry usually partbe same func-
tion. However, it is challenging to programmatically detgene homology
based on limited sequence information. In practice, twoegewith high
sequence-level similarity, as indicated by an alignmeagm@am, are assumed
as homolog genes. This is however not necessarily true. Aatenof fact, in
many cases, a single nucleotide mutation of a gene may ¢ileattivate), or
potentially alters its function. Therefore, algorithmséd on sequence align-
ment, while practically providing a quick survey on the pdi@ functions of
a candidate gene, often introduces a high noise level tdiumad annotation.

Normally, a gene participates a particular biological pxcin form of the
corresponding functional protein. Gene expression pngfilas a quantitative
measurement on the intensity of the process of a gene’s Diesees being
converted into proteins underfliirent conditions (in dierent organisms, at
different time courses, or undelfffdirent treatments, etc.) is widely adopted to
investigate and verify gene functions in a more biologieahion. The spread
of genome-wide microarray technologies [8, 38] has madessible to obtain
large scale gene expression data in a short time frame. Atyaof cluster-
ing methods have been applied to analysis of large scalea@gmession data
[2, 9, 11, 13, 20, 31]. By grouping genes with similar expi@ss together,
clustering-based software provide an overview of the wiygleome’s tran-
scription profile, and reduce human labor in investigatindiiidual genes’
expressions.

Experiments have shown that genes with same or closelydefahctions
may have highly correlated expression patterns. It is hewawet true in the
reverse direction. In other words, genes with highly ceed expression pat-
terns are not necessarily with similar functions. For examgenes that carry
out different functions in a same pathway may show highly correlexgpdes-
sions. In addition, transcription factors, a particulategary of genes that
regulate the transcription of other genes (their targeeggrwill have similar
expression patterns as those of their target genes; buttleayot necessarily
performing the same function. Therefore, the practice fe#rimg functions
from expression patterns alwaysfaus from noises, and often requires human
inspection and verification using other domain knowledge.

Understanding the noises in these data, researchers teammioine the
analytical results from both sequence alignment and micagaexperiments
for a better understanding of gene function. In reality,at lbeen a routine
practice to investigate the major functional categoriedcbad by the genes
of interest reflected in a microarray experiment, and furiheestigate the
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functional annotation of individual genes in each categoryo limit the study
to a set of genes annotated with functions of interest, artysheir expression
patterns for further confirmation. However, either way hasven to be human
labor intensive, and rather critically,fcult to navigate genome-wide data in a
systematic manner. Therefore, an intelligent system thtanaatically identify
gene functional patterns based on knowledge across théesealmains is of
high demand in real-life studies.

Much to our surprise, while extensive research have beer donpat-
tern analysis individually from either GO or gene expressiata, few stud-
ies are reported to fully integrates knowledge from botrdfiel Hvidsten et
al. [17] applied rough set theory to mine the associatiorsidetween mi-
croarray data and GO annotation on biology process. Adsmtieules how-
ever are known to represent only very significant pattermslacks the cov-
erage of the full genome. The FUNC software by Prufer et alb] Elso
detects significant associations between gene expressmh&0 terms. Its
implementation is based on statistical evaluation of midttrial cluster mem-
bership assignments, which does not involve much machiedligence and
could be time consuming on large input set. Recent updatesraé com-
mercial software (such as GeneSpring (Httpyw.agilent.com) and Spotfire
(httpy/www.spotfire.com)) improve human analyticdlieiency by displaying
the pie-chart of GO term distribution, according to a liseefected genes and
pre-defined GO categories. Yet, they are greatly dependemirhan judge-
ment and lack the functionality to intelligently discoveerpme-wide gene
patterns.

To fill this gap, this paper presents a novel mixture moddficietl neural
network (ANN) for discovery of gene patterns based on hegtmesis knowl-
edge from both sequence alignment and gene expressionngeiiperiments.

The proposed algorithm associatively clusters input genterms of similar-

ities in both GO annotation and gene expression domains. We evaluated the
algorithm’s dficacy on the publicSaccharomyces cerevisifigeast) genome

and found the proposed algorithm’s output clusters sigamtly represented
gene functional groupings.

The rest of this paper is organized as follows. Section 2dhices our
proposed algorithm in detail. Section 3 reports our expeninon the yeast
genome. Section 4 summarizes our conclusion and proposes fmork.
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2 Method

Clustering refers to the task of partitioning unlabeledadato meaningful
groups (clusters), in the sense that data samples in eagh gre more similar
andor more closely related to each other than to samples in gtioeips [18].
Numerous clustering algorithms represent the input sasmpla vector format,
and quantitatively measure the meaningfulness of thearinsgt process with a
(dis)similarity function. With the vector representati@ach input is mapped
into a data point in a multi-dimensional, orthogonal spadwt is, the features
used to quantize input samples are from the same domain arassumed to
be independent to each other. However, GO annotation anel eyqression
data are provided in the nature that, they represent theureasnts of the
genes fromwo heterogenesis domains, the earlier being descriptivesvti
latter being quantitative. It is theoretically challengjito represent them into a
singlefeature space as most clustering methods require. To hdretle input
data, our study focuses on an modular artificial neural netwaochitecture
that is capable of handling inputs fromfidirent knowledge domains, briefly
reviewed below.

2.1 Adaptive Resonance Associative Map (ARAM)

The Adaptive Resonance Associative Map (ARAM) [32] belotgshe
family of Adaptive Resonance Theory (ART) self-organizimgural networks
[4]. Like another member of the family, ART-MAP [7], ARAM isapable
of incrementally learning recognition categories (pattelasses) and multi-
dimensional maps of patterns. Compared to ART-MAP, ARAMtaors a
simplified pattern matching and learning process. The tactire of ARAM
(Figure 1) can be understood as an overlap of two ART netw@ksARAM
network has two individual short term memory (STM) layésand F*l’, re-
sponding to input signal€ and!® from its independent input layeFs anng
respectively, and a shared long term memory (LTM) ldygthat encodes the
associated knowledge from the two feature fields. The legrof the network
is guided by an orienting subsystem with two logical gatefingéd with two
vigilance parameterg{ andp® respectively). The logical gates conditionally
switch and reset the network state according to predefinked,rand hence
affect knowledge encoding in the LTM.

ARAM acquires its domain knowledge through an online, ham petitive
learning process. In summary, the recognition neurons etgrip response to
each incrementally presented (online) input stimulatigithh only one neuron
that wins the competition and gains knowledge from the irjpatd learning).
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Figure 1. The architecture of Adaptive Resonance Associative MapAKRneural
network.

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

Inputs and Recognition CategorieARAM requires inputd @ and|® rep-
resented in vector format. There is a built-in normalizatiok between the
input layerFg and the STM layeF1, denoted ag?® = R(1%) andx? = R(1°).
The definition of the normalization link varies dependingtba application.
Each LTM recognition categoryin F» layer is associated with two adaptive
weight templates, i.ewj = (W?|W*J?), w? andw*j’ being same dimensional a3
andxP respectively. Initially, theé=, recognition field contains a null set (zero
category). Upon incremental presentation of input sigrials adaptively ex-
panded to encode new knowledge.

Category Competition:In response to the normalized input sigmak=
(x?xP), the similarity between the input and each LTM recognitiategoryj
is evaluated according to

TOCw)) =y - T2AW) + (1-7) - TOOC, wh), (1)

wherey € [0,1] is an associative contributiorparameter,T3(.) (or T?(.))

is a predefined similarity function, referred to as ttimice functionin do-
main spaceA (or B). Their linear combinatio (.) is referred to as the net-
work’s choice function. The categodythat receives the highest choice score
T(x,wy) = maxT(x,w;)} is marked as thevinner of the competition.

lwith an assumption that a higher choice score indicatestehigattern similarity. Other-
wise the lowest if choice functions are dissimilafitigtance-based.



Resonance or Resdf.the competition generates a winner categadyyts
similarity to the inputx is further confirmed in domain spacésand B indi-
vidually, using another set afatch functionsi.e. M3(x2, w3) andMP(x®, wh).
The network is said to reagsonancef both match scores are ovehe cor-
respondingvigilancethresholds? andp®, denoted as

M3(x3,wg) > p* and
2
UMD, w) > b, @

during which network learning ensures, as defined in the stext

Mismatch resehappens when either of the match score does not reach the
vigilance value. During mismatch reset, the network re@ostinner selection
and resonance check iterations with mismatched categexmaded, until a
selected winner causes network resonance, or all LTM cesgare reset.

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

wi=L%(x%wj), and

{ WP = LP(x0, W), 3)

In case all LTM categories are reset but the network failseich a res-
onance state (or whef, is null upon the presentation of the first input), the
network switches téast commitmentarning mode, which essentially expand
the F, recognition field by creating a direct copy of the input as & h&M
category. That isy 2, = x2 andw 2, = x°.

It deserves to review a few unique features of the ARAM aethitre.
Firstly, like ART, ARAM uses two functions (choice and matth evaluate
the similarity between the input and recognition categ®hese two functions
may or may not have same definition, optionally providingféedént view to
conform the degree of pattern matching. Secondly, the ugigitdnce thresh-
olds ensures only significantly similar patterns may be geoutogether. On
the other hand, the vigilance parameters primalfilget the clustering process.
Lower vigilance thresholds generally lead to fewer recignicategories, and
hence rougher clustering result. Lastly while most imputtya ARAM pro-
vides an #ective infrastructure for learning of associative knovgedrom two
different domains. Depending on the input signals, ARAM may lpdiegh to
different learning tasks. Examples include text and documaessification
[14, 33], clustering and personalized knowledge managefBdh and asso-
ciation rule mining [35].

2With an assumption that a higher match score indicates a&hjggttern similarity.



Variations of ARAM models exist in the literature, accomlito the def-
inition of normalization, choice, match and learning fuoes. For example,
ARAM-2A consists of two ART-2A models [5] using second lewelrmaliza-
tion and cosine similarities, while fuzzy ARAM consists ofa fuzzy ART
models [6] using complemental normalization and simidfiinctions derived
from fuzzy set theory. However, after close investigatidrexisting ARAM
models, we find that there is not an out-of-box solution thatapable of han-
dling GO annotation and gene expression data. This is becaost reported
work used same sets of similarity measures with the sameetieal origin,
as they assumed the inputs from pattern figddsnd B are isogenous. They
however do not fit in our application.

Based on this understanding, we borrowed ARAM’s architecéund learn-
ing process which have well established theoretical fotiodaand redefined
the similarity measures and learning functions that shigenature of our het-
erogeneous data. We name our modified netwdikture Model ARAMto
differ our practice to existing work, highlighting the fact timbur variation,
fields A and B work on diferent 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 straightforwgirfor each
gene product, we use ARAM'’s pattern fieddto encode its expression profile
andB to encode its GO annotation. Following common practices ettpres-
sion profile is presented in vector format, and the GO aniuntas presented
as a set of descriptive GO terms, denotec as (x3xP) = (expl{go terms).
Understandably, each of the LTM recognition category easah associative
patternw = (W3wP), wherew? andwP respectively are the expression pat-
tern and GO annotation term(s) representative to the irthatsform the cor-
responding category. The Mixture Model ARAM’s learningieity in each
pattern field is defined in the rest of this subsection.

221 Pattern Field for Gene Expression

Appropriate normalization of gene expression data preveategory pro-
liferation without compromising their biological represation. Variations of
normalization techniques are adopted iffaefient experiments and are under
continuous review. Thus the Mixture Model ARAM network does contain
a fixed normalization link to alter the original input gengoeession. Instead,
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we assume all input expressions are properly pre-norntilized define the
link betweenF§ and F*l’ as a simple feed forward copy operation, k&= 12,

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

(x* - E(xY) - (W* — EW?))
X2 — B3I - llwa — Ewa)l

T3(x®, w?) = M3(x®, w?) = | 4)
where E() and||.|| are the mean (expectation) and norm (length) of a vector
respectively. Our use of Pearson correlationfiéoent measure follows the
majority of reported work. Particularly, if the expressisnnormalized with
standard distribution (with 0.0 mean and 1.0 norm), our dedimis equivalent
to that of ART-2A, essentially being the cosine similarifytwo vectors.

As to network learning, we adopted the comnamraptive learning rulg
given as:

w2 = L2 wW?) = w2 + - (2 — wd) (5)

where the parameter € [0, 1] is commonly referred to as tHearning rate
With this learning process, the recognition pattern adefgticorrect its weights
to reduce the error between the recognition pattern andfhd,iso that when
the network is stabilized, the recognition pattern will eefl the cluster cen-
troid.

2.2.2 Pattern Fied for GO Annotation

Given GO annotations in format of descriptive terms, it i$ necessary
to further normalize these terms. One of the focuses of ouk\goon the
measurement of GO similarity. Since the establishment ofgéerally fol-
lows the same paradigm on other lexical taxonomies suchead\itrdNet
(httpy/wordnet.princeton.edu), a variety of similarity measueets in lexi-
cal taxonomy study have been applied to GO. Resnik [27] coadpdiferent
semantic similarity measures against human judgementgeptated that in
the controlled taxonomy, Information Content [28] base@sueement outper-
formed two other measures, namely Edge Counting and PiakaBevilla et
al.’s study [29] further showed that Resnik’s semantic ity based on In-
formation Contents produced relatively more consisteretation to the gene
expression similarity over two other authors’. Therefave,adopted Resnik’s
Information Content based similarity measure in our stadiEhe measure is
reviewed as below.



Information Content:Originated from probability studies, the concept of
Information Content has existed for multiple decades [B3]efly, the infor-
mation content of a lexical concégptassc is quantified as the negated log of
its likelihood p(c) in the corpus, formalized as

f(c)
T s
where f(c) is the frequency of the instances of conceindN is the corpus
size.

In order to apply Information Content to GO, we treat each &ntas
a conceptual class that subsumes the term itself as well @s dbescendent
(children) terms. Hence the likelihood on a GO teris calculated according
to

3(c) = —log(p(c)) = —log( (6)

o(t) = IS|ze_otC(t)} ’ %
size_ofC(root)}

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

Similarity between two GO Term8ased on the definition above, Resnik
[27] proposed the measurement of the similarity between®@@aerms as the
information content of theiminimal subsumerA so-called minimal subsumer
of two termst; andt;, denoted a¥(t;, tj), is the subsumer that has the minimal
likelihood (and hence maximal information content). Tanatize:

sim(ti,tj) s‘(V(ti’tj))

—log(min{p(t)It € S(t;, t))}),

where S(t;, tj) is the subsumer set of tertnandt;, essentially being their
common ancestor terms.

Similarity between GO Annotations of Two Gené#ile Equation 8 mea-
sures the semantic similarity between two GO terms, it isnomthat a gene
product may be annotated with multiple GO terms, which witid to multiple
term-to-term similarities between two genes. We adopteidnals yet com-
monly applied approach [19, 30], to induce the maximal téwrerm similar-
ity as the similarity between the GO annotations of two geflesformalize,
suppose the multiple GO annotations of two genes produ@adg; are de-
noted asAi = {tis,tio,....tip} @and Aj = {tji,tjo,...,tjq} respectively, their
similarity is then calculated as:

(8)

sim(A;, Aj) = max{sim(tix, tjy)Ix € [1,P],y € [1, Q]}. 9)
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By applying the maximal term-to-term similarity as the darity between to
GO annotations, we essentially identify their subsumer ltlaa the maximal
information content, i.e. the maximal common factor.

Choice, Match and Learning Functions on GO Annotatioddthough
Equation 9 fectively evaluates the maximal common factor of two genes
GO annotations, this equation is not normalized, in theesdret the similarity
value may range from zero to infinity. It is inappropriate ppky this definition
directly to the Mixture Model ARAM, because the calculatiohEquation 1
may be dominated by the score produced from Equation 9, gha&nEqua-
tion 4 outputs a score in-fl, 1] range. Inspired by the work of Jiang and
Conrath [19] as well as the fuzzy ART paradigm [6], we caltalde choice
and match scores by applyingi@irent aspects of normalization to Equation 8.
That is,

brob by SIME?, WP)
T°(x°, w°) = @+ IAWD)’ (10)
and 6. wh)
brob by SIMKP, W
MP(xP, wP) = o1 S0 (11)

where sim() is given by Equation ¥(wP) andt(x?) are the corresponding GO
terms selected from® andx? which have the highest term-to-term similarity
for the calculation of simj, J(.) is given by Equation 6, and is a small
positive constant to prevent zero division. These defingtice-scale the choice
and match scores to [0, 1] as the information content of a'sesabsumer is
always less than or equal to the term’s.

With respect to the learning of GO annotation, we understhisdporocess
as the representation of the maximal common factor amonigits being
grouped into the same category. This idea harmonizes theitdefi of the
minimal subsumer. Thus, we have a straight forward defimitibthe learning
function:

wP = LP(xP, wP) = v(x°, wP), (12)

where the identification of the minimal subsumer mis(given by Equation 8.
Equations 4 through 12 complete our definition of the Mixtiiedel
ARAM network.

2.2.3 Summary of Network Parameters

This section briefly summarizes the parameters in the pempakgorithm.
In general, the network’s learning is controlled with theagative contribu-
tion parameter € [0, 1] (Equation 1), the vigilance threshol@8 € [-1, 1]
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andpP € [0, 1] (Equation 2), and the learning rajes [0, 1] (Equation 5). As
to the parameter in Equations 10 and 11, it may be built in with a fixed small
positive value.

v decides the weights of the pattern fields during evaluati@mverall pat-
tern similarities. Particularlyy = 0.5 gives equal weights to expression and
GO annotation. p® and p° mainly afect the group size as well as the total
number of groups over all inputs. Higher vigilance thrededead to a larger
number of smaller groups. Readers should note that white[-1, 1] accord-
ing to the range of the Pearson correlationfiorent (Equation 4), in practice,
we use a positive? threshold as we want our recognition categories contain
positively correlated expression patterns only. The liegrmaten controls how
fast the recognition pattern adapts itself towards the mgwuti knowledge. It
should be noted that, as studied by Bottou et al.[3, 12], ateotly too high
learning rate may cause network oscillation on denselyibiged input data.

It has been a common practice to initialize the learning wéflatively small
value (such as 0.1) and to gradually reduce it while the Iegrproceeds.

3 Experiment

We applied the proposed Mixture Model ARAM neural networkilie
analysis of the budding yeaS#&ccharomyces cerevisjaggenome. The relative
small size of the yeast genome enabled us to validate theithlgés eficacy
through human inspection. The details of our experimenteperted below.

3.1 The Yeast Genome Dataset

Our experiment adopted the yeast gene expression datalpdovy Eisen
et al. (http//rana.lbl.goyEisenData.htm) [11], which had been extensively
studied in the literature. The public dataset contains genwide microarray
expression profiles of 6221 genes labeled with the correipgropen frame
reading (ORF) IDs. Each expression profile, maximally sighitnensional,
consists of an aggregation of data from multiple experimémtiuding time
courses of the mitotic cell division cycle, sporulatiore tiauxic shift and re-
sponses to dlierent shocks etc., with a major purpose of studying yeast cel
cycle [11].

To facilitate our validation of gene functional groups, edperiment used
a subset of 3225 ORFs which are annotated with confirmed gemesand
corresponding functional descriptions in free-text. Toidwategory prolif-
eration, we followed a common practice to normalize eaclelgegxpression
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profile with the standard distribution normalization (aksww as z-score nor-
malization) [31], that is,
+ 1 =E()
o)
where E() ando(.) is the mean and standard deviation of the input. Read-
ers should have noted this normalization is not part of tlepesed Mixture
Model ARAM network, but rather a data preprocessing befbeenicroarray
expressions were accepted by the network.
We downloaded these 3225 genes’ GO annotations accordihgit@ene
names from th&accharomycegenome database (SGD, hitpww.yeastgenome.org).
In view of the three independent, non-intersecting cafegasf ontologies in
the same GO infrastructure, namdological ProcessCellular Component
andMolecular Function and the understanding that the Biological Process on-
tology is mostly related to functional categorization, wailed our study in
this category only. In addition, noting that there are twganéypes of rela-
tions between GO terms, i.s-aandpart-of, for the simplicity of analysis, we
followed Lord et al.’s practice [24] to treat them equivdlém each other and
consolidated GO into a uniforis-ataxonomy. Among the 3225 gene names,
3085 are annotated with at least one GO terms and 3080 ar&assthavith at
least one Biological Process terms as of March 05, 2007.
This process generated a dataset of 3080 genes with cangésgogene
name, functional description, microarray expression afganotation that
was used in our experiment.

(13)

3.2 Parameter Settings

We applied the proposed algorithm on the above-mention&aseta All
inputs were randomly sffiled in presentation order and sent to the Mixture
Model ARAM for batch training. In each learning iteratioretimput-category
mapping was tracked and compared to that of last iteraticaltulate the pre-
diction (i.e. category assignment) error rate. Learninthefnetwork stopped
when the prediction error rate was below 1%, or after 50 iegriierations,
whichever was sooner. We adopted the defauit 0.5 parameter for pattern
association. The learning ratewas initialized with 0.1 and was linearly de-
creased by 10% in each new learning iteration once the pgi@dierror rate
was below 20%. By fine-tuning the, andpy, vigilance thresholds, we were
able to obtain dferent gene groupings over the yeast genome.

The network converged at relatively fast speed regardietbeparameter
tuning. The number of iterations ranged from 7 to 14 in owldrivith difer-
ent vigilance thresholds. This could be due to the inheffiéest commitment
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Figure 2. The recognition error rate of the Mixture Model ARAM aftercbdearning
iteration, withp? = 0.3 andp® = 0.2 on the yeast genome dataset. The error rate
after the first iteration was considered as 1.0 because th@seno previous cluster
assignment information for comparison.

capacity of the ART-network which had been reported in psimdies [15].
Particularly, with settings 0 = 0.3 andp® = 0.2, the network smoothly
stabilized after 9 learning iterations (Figure 2), and gatesl 292 recognition
categories. Analysis and evaluation of the results baséi®ret of parameter
settings are reported below.

3.3 Resultsand Discussions
3.3.1 Coverage of Genome-wide Functional Categories

Small Number of Clusters Covered Majority of Full Genoriable 1 de-
picts the distribution of the output categories accordmgluister size and the
corresponding genome coverage. A first look at Mixture M@dReAM'’s clus-
tering result revealed that the size of the categories dahiastically . Among
the 292 output categories, 190 were very small, in the séragesich of them
grouped less than 10 genes. This is however not surprising,toonsidering
the facts that: 1) there are inherited noises in both the G@tation and mi-
croarray expression data, 2) there is a high diversity okdanctions across
the whole genome, and 3) some biological processes actinathves only
few genes. Despite this, the remaining 102 categories hagbgd a total of
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2501 genes, which covered 81.20% of the whole genome datsatonsider
this a very good genome-wide representation, as it enabési@gist to re-
view the majority of the genome data by looking into a manhbgeaumber of
output categories (Figure 3).

Table 1. The distribution of Mixture Model ARAM's output clusters @orrespond-
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 FunctiorfSor ease of analysis,
we further focused our validation and evaluation on the 8§elst categories.
These categories grouped no less than 30 genes in each, @bdydBes in
total, which covered 42.37% of the whole genome. Table 2atephe distri-
bution of these clusters according to the subsumer GO teamtland encoded
in the category pattern. Interestingly, all of these GO &amimns reflected the
major biological processes involved in yeast cell cycleisTs due to the fact
that the microarray experiments by Eisen et al. [11] wer&qdarly designed
to stress or shock cell cycle related genes, making thenonesyin a systemat-
ically observable fashion. We further compared these G@gevith the major
gene functions reported by Eisen et al. [11], and found theeesets of func-
tional categories were highly correlated. This shows tiaproposed Mixture
Model ARAM network is capable of representing major genecfiomal cate-
gories based on the aggregation of GO annotation and genessign data.

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

Numerous cluster validity measures in the literature gahefall into
three major categories, namely internal criteria, exfecrigeria and relative
criteria [37]. Internal criteria measure the capacity ofiestering algorithm
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Figure 3. The coverage of the yeast genome accordingfterdint numbers of largest
clusters to be reviewed. From here, one may see that the @stalusters (10.27%
of total number of clusters) covers 1035 genes (42.37% ofgdrome), and 102
(34.93%) covers 2501 (81.20%).

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

GO Term GO Name # Clusters | # Genes
G0:0051179| localization 2 74
G0:0044260| cellular macromolecule metabolic 1 42

process
G0:0043283| biopolymer metabolic process 3 115
G0:0006139| nucleobase, nucleoside, nucleotide 5 212
and nucleic acid metabolic process
G0:0043170[ macromolecule metabolic process$ 5 179
G0:0016043| cell organization and biogenesis 10 470
G0:0009058| biosynthetic process 3 172
GO0:0007049| cell cycle 1 41
Sum: 30 1305
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in optimizing the predefined, internally used fitness fumttiexternal criteria
measure the meaningfulness of an algorithm’s output by eoimgp them to
some external standard; and relative criteria evaluatedlidity of a clustering
algorithm with diferent parameter settings, with reference to itself. A tgrie
of cluster validity measures based on internal criterigelmaen widely adopted
to evaluate theficacy of gene expression clustering algorithms [16, 25]. Al-
though these measures quantitatively evaluate how welgtbeping of the
input data fit the preset (dis)similarity criteria (such e intra-cluster vari-
ance and high inter-cluster separation), they do not naagsseflect the al-
gorithm’s capacity of deducing gene functions from theteting result. With
this consideration, we adoptedmlogical function blind tes{BFBT), which
involve external expert knowledge on genes’ biologicalctions, to evaluate
the dficacy of our proposed algorithm.

The BFBT test was proceeded as follows: For each output aatege
first provided only the list of its membership genes to exparstogists, and
asked them to investigate the functions of these genes. X{iegte may access
any data, such as functional annotations in free-text, G@tations, expres-
sions in any experiments and any available literature feruhderstanding of
each gene’s function (denoted fis The experts were then asked to annotate
the “common factor” function of the category (denotedfays which was en-
riched by the majority of its membership genes. Furtherptbeexperts were
asked to estimate the correlation between each individeiaé’g functionf;
and the category functiofic with a relevance score; < [-1, 1], with a posi-
tive score indicating “related gene functions”, and negasicore, “un-related
gene functions”. Lastly, the GO annotation (denotedygsof the category
which was learnt by the proposed algorithm was revealede@xiperts. And
the experts were asked if these category functional ariansa{namelyfc
decided by the experts amt learnt by the algorithm) agreed to each other,
quantized a® € {-1,+1}, +1 being “agreement” and1 being “disagree-
ment”. The validity of the category, termed espert knowledge fitness scpre
was then formalized as
_ Z|K=1,8 S
==
whereK is the number of membership genes in the category. Undelisén
se [-1, +1] represents how a category’s function discovered by thertthm
matches that deducted by the human with external expert leage,+1 indi-
cating a perfect match anel indicating a perfect mismatch.

To facilitate the experts’ evaluation, in our practice, wetlier break the

non

evaluation ofg into five levels, namely "certainly un-related”, "somewhat

related”, "uncertain”, "somewhat related" and "certangljated"”, correspond-

S (14)
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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, evaliagngexpert knowl-
edge fithess scoreCategories are organized according to predicted GO fomati
annotation term. Refer to Table 2 for corresponding GO names

Category ID | #of Genes | GO Term Fitness Score
3 42 0.6667
62 32 G0:0051179 0.7968
174 42 G0:0044260| 0.9524
82 44 0.6250
146 32 G0:0043283| 0.6563
233 39 0.7564
69 55 0.8727
185 41 0.8415
200 40 G0:0006139| 0.8125
202 38 0.9079
266 38 0.8421
23 33 0.8333
43 37 0.7703
78 38 G0:0043170| 0.7895
87 33 0.7273
117 38 0.8289
7 84 0.5417
15 45 0.7889
21 69 0.8043
26 44 0.7045
30 45 0.7111
31 43 G0:0016043 0.7326
38 35 0.8000
54 30 0.7000
64 43 0.6744
156 32 0.7969
2 107 0.9112
74 34 G0:0009058| 0.9118
150 31 0.9032
56 41 G0:0007049| 0.9268

Total: 1305 Average: | 0.7862-0.0988

Table 3 reports the expert knowledge fitness scores of tharg@dt cat-
egories evaluated with the above schema. Notably, the G&ifumal anno-
tations of all these categories predicted by our proposgdrithm matched
those deducted by the expert. In addition, no gene receivetb@ance score
(s) of -1.0 (certainly un-related) through the blind test. ehatstingly, out of
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the six categories that had the highest fitness scores, flegarées signifi-
cantly enriched three functions, namely GO:0044260 (tlilonacromolecule
metabolic process), GO:0009058 (biosynthetic process=m:0007049 (cell
cycle) which harmonized with discoveries of Eisen et al.][Idompared to
the majority, a few categories (e.g. C7 and C82) receivetively low fitness
scores. However, a closer investigation into the individgenes’ relevance
scores revealed that this was mainly because that a réjyatarge number
of member genes in these categories were ranked in the tamtecategory
(with s = 0) due to the lack of external information the experts oladifor
determining their function. Overall, we archived an averafj0.7862 fitness
score in our controlled experiment, suggesting a signifigdrigh correlation
between the knowledge discovered by the proposed MixturddARAM
network and the external expert knowledge.

3.3.3 New Perspectives Raised from I nter-Cluster Compar ative Analysis

As already shown in Table 2, the 30 largest categories ezttiéhmajor
biological process functions, whose membership genesahfiinctions were
further validated in our blind test and reported in Table &.iAtuitive question
raised to us was why some functions were represented wittipheutategories
instead of single ones. Since each output category of Mbliodel ARAM
was expressed with both a representative gene expresdi@nnpand a sub-
sumer GO annotation term, we manually compared the 30 kaogésgories
based on these information and had some interesting findings

Sub-figures a-1 through a-3 in Figure 4 depict the expregsiofiles of
the output clusters that were annotated with subsumer Gast&0:0051179
(localization), GO:0043283 (biopolymer metabolic prajeend GO:0009058
(biosynthetic process) respectively. It is interestingtthithough these gene
categories in each sub-figure involve in the same biologicatess, they showed
different expression patterns in the microarray experimentsst k&presenta-
tively, in sub-figure a-1, 42 genes in category C3 were sicgnifily down-
regulated during cell division cycle (CDC) and with respoig diauxic shift
stresses (DIA), while 32 genes in category C62, involvinthansame localiza-
tion biological process, responded in a completely oppaosénner, i.e., were
significantly down-regulated under these conditions. Thisowever not sur-
prising to us, considering these two groups of genes coulitjmate in two
or multiple competitive localization-related biologigatocesses, in which the
activation of a process suppresses the other. In generanalysis of all cat-
egories subsumed under same GO terms showed that theissixpr@atterns
distinguished to each other in varying manners, which jpiediinteresting in-
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formation for further biological studies.

Similarly, as shown in sub-figures b-1 through b-3 in Figurgehes with
highly correlated expression patterns may involve fifiediént biological pro-
cesses. Most notable, in sub-figure b-2, categories C26 &0@ Grouped
genes that were regulated in nearly the identical patteteuall experimental
conditions but were subsumed undeffelient GO terms, GO:0016043 (cell
organization and biogenesis) and G0O:0006139 (nucleolaszeoside, nu-
cleotide and nucleic acid metabolic process) respectiv@lyr explanation to
this is three-fold: Firstly, the GO terms used to annotateee function
are not exclusive, in the sense that many GO terms are isseice@ated and
the same function may be categorized under multiple GO tewhgh lead
to multiple Mixture Model ARAM output clusters with certagorrelation to
each other. Secondly, it is common that a gene may participanultiple bi-
ological processes, which may not be fully annotated witht&@ns, causing
different Mixture Model ARAM output clusters referring to tharsaset of
genes with similarly multiple functions. And thirdly, it gatural that multi-
ple biological processes are functioned in parallel undfermnt conditions.
With such, some of Mixture Model ARAM’s output clusters magtually re-
flect such parallel processes. While a deeper analysis sétHata requires
more intensive expert knowledge and could be time consuntiiregoutput of
the proposed algorithm could greatly facilitate such study

Due to the nature of this paper in methodology research ndgté bio-
logical analysis of the output clusters is not reported hetewever, without
losing generalization, Mixture Model ARAM presented aregrative means
of investigating gene functional groups from both preaid®0O functions and
transcription profiles, which leaded to some new perspesiiv genome-wide
data analysis that were not raised by most other clustelyggithms based on
either aspect.

4 Conclusion and Future Work

In this paper, we documented our understanding on the nioisesjuence
alignment based functional annotation data and gene esipredata, and their
challenges to gene functional studies based either aspkobwledge. In or-
der to systematically and intelligently discover gene gsothat better repre-
sent common gene functions, we adopted an approach toatdaggne ontol-
ogy (GO) annotation and gene expression profile for clugjegenes. We pro-
posed a novel artificial neural network named Mixture Moddbgtive Res-
onance Associative Map (ARAM) for this purpose. The proploakgorithm

20



G0:0051179 (localization)

[-=-C3 (42 members) —C62 (32 members)|

—=-C7 (GO:0016043, cell organization and biogenesis)
—+-C56 (G0:0007049, cell cycle)
C117 (G0:0043170,

metabolic process)

15 25
M
2 A
I\
N
15 Iy 1T
Fil ]
1 !
s s 1 |
2 g I A
14 g f ‘L
g & A IR
: { PR
L% :/ L [ 4
N
-1
5 AF cnc EL CL  SP ND DA L5 AF D CL 'SP ND DIA
Condition Condition
(a-1) (b-1)

G0:0043283 (biopolymer metabolic process)

= C82 (44 members) —— C146 (32 members) - C233 (39 members) |

—=- C26 (G0:0016043, cell organization and biogenesis)

——C202 (GO:0006139, nucleobase, nucleoside, nucleotide and nucleic acid metabolic

process)
15
25
1 2 N
L5 N ‘
05 |
H <t f
2 2 It
AR T ; 2 os TR
§ O, g 1N
I} v 3 | WA .
g 9 oA i
TR R R s T
05 \
1
1
L8 AR coc EL CL sP  ND DA s AF coc EL CL SP ND DA
Condition Condition
@2 (©-2)
60:0009058 (biosynthetic process) = C64 (GO:0016043, cell organization and biogenesis)
—— €233 (G0:0043283, biopolymer metabolic process)
[-==C2 (107 members) ~+C74 (34 members) - C150 (31 members)]
15
1
1
05 (‘ 05
o Fennly : , Il HIER™. 1 1
< T R ‘Mw A K d‘ N
205 ' ] ba o § 0 i
ﬁ | s " ; 2 Iy
5 1 | ¢ \
3 | 8 os !
15 1 { \
2 ’ A
25 k‘
s AF coc EL CL 'SP ND DA L8 AF [
Condition Condition
@3) (©-3)

Figure 4. Some representative gene categories that showed typimahsistence
between expression pattern correlation and functionaktation. Sub-figures a-1
through a-3 are categories that have similar functions btabiy varying expression
patterns. Sub-figures b-1 through b-3 are categories thatliighly correlated gene
expression patterns butfBirent functions. Labels on X-axis identify multiple con-
ditions in diferent experiments, including cell-cycle alpha-factor YAdell division
cycle (CDC), cell-cycle elutriation (EL), cell-cycle CLNghd CLB5 induction (CL),
sporulation (SP), sporulation ndt80 (ND) and diauxic séiifess (DIA).
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is based on the well-studied theoretical foundation of tReAM architecture,
with essential redefinition of pattern similarity measuwaed learning functions
to particularly accommodate GO annotation and gene expredata. Our re-
view of the literature revealed that our proposed algoriterane of the few,
if not the first, intelligent approaches for discovery of gare-wide functional
categories through incorporating these two heterogehesizledge domains
in a single infrastructure.

We studied the proposed algorithmigieiency and &icacy on the budding
yeast Saccharomyces cerevis)agenome through both human inspection and
guantitative evaluation. Our controlled experiment shabwet:

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

2. The output clusters are representative to the majorifuradtcategories
over the whole genome.

3. The membership genes in the same cluster significantiesept the
same or highly correlated gene functions, which in turnsgattorily
match the results through human inspection with expert kedge.

4. The inter-cluster comparison of the output categoriesiged useful
information for the biological study of the associationsamen expres-
sion profile and gene function.

In summary, the Mixture Model ARAM provides an integrativérastruc-
ture to associatively mine the GO annotation and gene esipreglata. This
approach generally reduces analytical noises from eith@wvledge domain, in
the sense that the output clusters significantly reflect negtegories of gene
functions. Most importantly, the integration of these hegenesis knowledge
domains during clustering generates interesting gengaags which are dif-
ficult to be achieved with other clustering methods basednowiedge from
either domain, and provides new perspectives to genome-fwitttional anal-
ysis. Although our reported work was focused on GO annotaia gene ex-
pression data, similar idea could be borrowed to integrtiierdheterogenesis
domain knowledge for a deeper analysis of gene functions.

While the Mixture Model ARAM neural network has demonstdagatis-
factory performance in our controlled experiment, a fewnporemain to be
addressed in our future work. Firstly, like most other ausig algorithms,
the proposed algorithm follows a typical unsupervised daitiing paradigm
to identify major functional patterns that are commonlyigmed by significant
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amount of gene samples, with reference to predefined sitpilaeasures. In
reality, biologists may be rather interested in some raodobical processes
that involve only a few number of genes, or on the other harfdwanumber

of genes that only express in some particular biologicaddmms (such as
under certain extreme stress). How tffeli these genes of particular research
interests from outlignoisy data samples and discover such functional groups
with minority of member genes poses challenge to data mirdagarch based
on unsupervised learning paradigms. Secondly, since tip@pe of clustering
genes is to deduct their functions, and the verification e$éfunctions com-
monly involve intensively biological experiments, how taetitative evaluate
the dficacy of a clustering algorithm based on limited externavkiedge re-
mains an open question. In our studies, we adoptgidlagical function blind
test(BFBT) which is essentially based on human inspection. Téss how-
ever is labor intensive and could be subjective to the etaisaWith no doubt,
there is a space for further improvement of our evaluatidres@. Lastly but
not least importantly, since Mixture Model ARAM generalbll§ into the cat-
egory of multi-layer perception neural networks, it is widanderstandable
that gene expression pattern — gene function rules may bectedl based on
the network’s recognition categories. The topic of autamassociation rule
extraction is yet to be covered in future studies.
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