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Abstract— A novel method, MUTIC (Model Utilization-
based Clustering), is described for identifying complex
interactions between genes or gene-categories based on gene
expression data. The method deals with binary categorical
data, which consists of a set of gene expression profiles divided
into two biologically meaningful categories. It does not require
data from multiple time points. Gene expression profiles are
represented by feature vectors whose component features are
either gene expression values, or averaged expression values
corresponding to GO or PIR categories. A supervised learning
algorithm (genetic programming) is used to learn an ensemble
of classification models distinguishing the two categories based
on the feature vectors corresponding to their members. Each
feature is associated with a “model utilization vector,” which
has an entry for each high-quality classification model found,
indicating whether or not the feature was used in that model.
These utilization vectors are then clustered using a variant of
hierarchical clustering called Omniclust. The result is a set of
model-utilization-based clusters, in which features are gathered
together if they are often considered together by classification
models — which may be because they’re co-expressed, or may
be for subtler reasons involving multi-gene interactions. The
MUTIC method is illustrated via applying it to a dataset
regarding gene expression in human brains of various ages.
Compared to traditional expression-based clustering, MUTIC
yields clusters that have higher mathematical quality (in the
sense of homogeneity and separation) and also yield novel
insights into the underlying biological processes.

|I. INTRODUCTION

variety of methodologies for analyzing gene expression

data have arisen in recent years, including but not
limited to: identifying which genes are maximally
differentiated between two categories; clustering genes
based on coexpression across multiple samples or multiple
experiments [1]-[8]; using supervised categorization
algorithms to learn rules distinguishing two or more
categories of gene expression profiles from each other [9]-
[13]; and inference of genetic interaction networks from
gene expression time series data [14]-[18]. These
methodologies serve various purposes, such as induction of
diagnostic models, qualitative understanding of the
biological phenomena underlying a dataset, and
identification of specific actors (e.g. genes, proteins) that
may be involved in a certain biological phenomenon. In this
paper we present a novel methodology for gene expression
data analysis, whose goal is to identify those interactions
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between genes, proteins, and biological processes that are
most relevant to the phenotypic distinction underlying a
given binary categorization of gene expression profiles.

Clustering is the most common tool for interaction
identification. By determining which genes or gene-
categories have expression-value profiles that cluster
together across multiple samples or multiple experiments,
one gets a picture of which genes are “associated” with each
other. These associations do not usually have a clear
interpretation, however, as co-expression can occur for a
variety of reasons. Furthermore, many types of interactions
are in principle not identifiable via directly clustering gene
expression values. For instance, one won’t recognize
ternary interactions wherein, say, C is only highly expressed
when both A and B are highly expressed together.

The technique we describe here, MUTIC (Model
Utilization-based Clustering), is oriented toward capturing
interactions that ordinary expression-based clustering
misses. The end result of MUTIC looks superficially similar
to that of traditional gene expression clustering: one obtains
a set of clusters (of genes or gene-categories), where the
elements of a cluster are hypothesized to have a significant
interrelationship. What is novel is that these clusters are not
determined based on co-expression but via a more involved
analysis. The semantics of the clusters is different: MUTIC
clusters represent genes or gene-categories that are usefully
considered in combination when formulating classification
rules distinguishing one category of gene expression profiles
from another. The elements of such a cluster may or may
not be coexpressed across the set of gene expression profiles
under analysis.

Here we describe the MUTIC method and then briefly
discuss its application to a dataset regarding gene expression
in human brain cells, collected in a study of the
neurogenetics of aging [19]. In the context of this dataset,
we review a number of potentially interesting biological
interactions that the new method finds but traditional
expression-based clustering misses. We also analyze
homogeneity and separation properties of MUTIC clusters,
coming to the conclusion that they possess significantly
greater cluster quality than clusters found via traditional
gene expression clustering.

Il. THE MUTIC ALGORITHM

A. Data Requirements and Pre-processing

MUTIC deals with data which is categorical: i.e. one must
start with a set of gene expression profiles belonging to one



category, and a set belonging to another category. Also, the
MUTIC algorithm assumes that the data supplied to it has
already been pre-processed and normalized using standard

algorithms  (e.g. log transformation and z-score
normalization).
As a preparation for MUTIC analysis, each gene

expression profile in the dataset under analysis is associated
with a numerical “feature vector.” The entries of this vector
are either (normalized, transformed) gene expression values,
or else values derived from these, each one corresponding to
the average gene expression across a certain Gene Ontology
or Protein Information Resource category [20]-[21]. We call
these “enhanced feature vectors” [22]. These enhanced
feature vectors are the inputs to the MUTIC process.

B. Supervised Classification of Gene Expression Data

Given a set of gene expression profiles divided into two
categories, the MUTIC algorithm begins by learning an
ensemble of classification models, each of which
distinguishes the two categories using some learned rule.
This classification-rule-learning step may be carried out
using any of a variety of supervised categorization
algorithms. Reference [11] provides a review and
comparison of multiple learning techniques in several
microarray datasets. Lately, support vector machines and
ensemble methods, especially boosting, seem to be the most
prevalent ones for microarray data categorization. In our
work with MUTIC so far, we have used the genetic
programming algorithm [23].

What is required in general is that the classification model
learning algorithm has two properties:

--The ability to learn a variety of models of reasonably
high classification accuracy.

--The ability to produce models in which it’s possible to
state which of the features of the input vector (which genes;
or in the case of enhanced feature vectors, which gene
categories) are important for the model.

In the case of genetic programming, the classification
portion of the algorithm is carried out by performing
multiple independent learning runs, and picking the most
accurate models from each run. The merit of GP from the
perspective of MUTIC is that it tends to produce a number
of qualitatively-different yet accurate models, which use
different feature sets.

C. Ensemble-Based Classification Utility

Given an ensemble of classification models corresponding
to a given dataset, we may then mine the model ensemble
for information about the usefulness of each feature. In the
MUTIC algorithm as currently implemented, we simply
assume that all features in a given GP-learned model are
equally important to that model. Based on experimentation
on a number of datasets, we have found that sophisticated
approaches don’t provide significant improvements over this
simple technique, at least not for reasonably large model
ensembles.

We then tabulate, for each feature, the percentage of the

classification models in which it is rated as important. This
gives us a list of the features that are most useful for
distinguishing the two categories — since they are frequently
used as tools for building accurate classification models.
The ordered list of most useful features may be subjected to
qualitative biological relevance analysis.

We then construct a data structure called a Utility Profile.
This is essentially an inversion of the list of classification
utilities calculated for an ensemble of classification models.
Suppose one has executed n categorization tasks over the
same dataset D, thereby producing a set E of n classification
models. E lets one calculate L, a set of n lists of important
features, one for each model in E. Let F be the set of all
important features present in any of the lists in L, i.e., F is
the union of all lists in L. Now, for each element f in F a
feature vector is constructed where feature corresponds to a
model e in E. This is called the utilization vector associated
with f.  The entry of f’s utilization vector corresponding to
the model e contains the classification utility value of fin e.

Note that this technique implicitly assumes probabilistic
independence between any two given models in the
ensemble, an assumption that is unlikely to be accurate. As
a consequence, our estimates of feature usefulness will tend
to over-weight usefulness relative to models that cluster
together in model-space. While there are solutions to this
issue, they are very computationally expensive, and we have
found that for reasonably large model ensembles the models
seem to be relatively uniformly spread across the model
ensemble, meaning that no strong biases tend to be
introduced.

D. Omniclust

Once utilization vectors have been constructed for all the
relevant features, the next and final step in the MUTIC
methodology is to cluster the utilization vectors. One may
use essentially any clustering algorithm here; after
experimenting with a number of alternatives, we settled on a
technique of our own construction called Omniclust, which
is a simple variation on standard hierarchical clustering.

Generally we feel that hierarchical rather than partitioning
based clustering is more appropriate in a MUTIC context,
because one is principally looking for small sets of features
that have strong interactions. Standard hierarchical
clustering [2] does produce small clusters but at its lowest
levels it can be prone to artifacts due to the arbitrary nature
of the binary groupings it performs. For instance, if there is
a natural grouping of three genes, standard binary
hierarchical clustering won’t necessarily find it, but may
instead either divide it among two or even three groupings of
two; at best it will merge it into a grouping of four, together
with another gene that isn’t as closely related to the other
three. Omniclust follows the basic logic of hierarchical
clustering but isn’t based on an arbitrary binarization. Other
researchers have recently proposed alternative hierarchical
clustering algorithms that also deviate from binary
hierarchical modeling as well [24]-[25].

We now describe the Omniclust algorithm in a general



mathematical setting; the application to clustering utilization
vectors will be apparent. Let G=(V,E) be a non-directed,
weighted graph where nodes in V are elements to be
clustered and the edges in E are weighted by the similarity
measurement between the nodes connected by them. That is,
for any a,b in VV and e={a,b} in E, weight(e)=similarity(a,b).
Then, the basic Omniclust step is:

Omniclust(G)
1) S—{} (Initialize as empty the set of edges to be
preserved.)
2) For each vin V do
a) Let edges(v) be the set of all edges connecting v to
other vertices.
b) Let s be the heaviest edge in edges(v)
¢) S«—S+{s}
3) E—S (Deletes all edges that were not selected for
preservation by any node inspection above. After this
step, G will typical be portioned in many subgraphs —
called “clustlets” - in tree and line topologies.)
4) Let C be the set of connected subgraphs of G. (Defines
the output set of all clustlets.)
5) Return C

The clustlets themselves can then be used as nodes in a
new graph that is then presented to Omniclust, and the
process can be repeated again and again until Omniclust
produces just one cluster, which will be the root of a
hierarchical clustering based on graph-partitioning in each
level. This process of successive clustering is described in
the algorithm below:

HierarchicalOmniclust(G)

1) V—Omniclust(G)

2) while |[V[>1 do
a) Let E’ be the set of weighted edges connecting all
possible pairs of distinct clusters a,b in V such that
each edge is weighted by an intercluster similarity
measurement s(a,b). It is also defined that
weight(a,b)=s(a,b).
b) G—(V,E’)
¢) V—Omniclust(G)

3) return V

Although Omniclust is hierarchical, its first level, which
contains the “clustlets,” offers a natural partition of the
entities into clusters, as the size of clustlets is not fixed and
is entirely defined by the similarity relations between the
clustered entities. For sake of simplifying the biological
interpretation of the results, all our analysis of clustering
quality has been done considering clustlets only.

E. Choice of Clustering Similarity Metric

Omniclust, like most clustering algorithms, relies on an
externally-defined similarity metric. For our work with
MUTIC, we have chosen the cosine similarity measure.
This choice was a consequence of the sparse nature of the

feature vectors in Utility Profiles produced by ensembles
composed by Genetic Programming-evolved classification
models. Any given model uses only a handful of features
and therefore even a whole ensemble uses only a small
subset of all available features in a dataset. In such a feature
utilization scenario, the utility of a given gene or gene family
for a given ensemble will be zero for most models, and
therefore the corresponding vectors in the Utility Profile will
be sparse. Cosine similarity is often used in other machine
learning domains involving sparse vectors (such as text
classification using word frequency vectors[26]) due to its
capacity to compute meaningful similarity values in the face
of severe sparseness.

Ill. RESULTS

A. Test Dataset

In this section we describe results obtained from applying
the MUTIC methodology to the dataset described in [19],
which reports microarray analysis of gene expression
changes in post-mortem brain samples of frontal cortex from
30 individuals ranging in age from 26 to 106 years.
Material acquisition and data preparation are described in
[19] and will not be repeated here.

In [19] this dataset is analyzed in a conventional way.
After looking for genes whose expression correlates
significantly with age, clusters of genes that are up and
down-regulated in aged and young individuals are identified.
In a large subset of genes, negative correlation is found
when comparing the gene expression from the group of
“Young” individuals (less than 43 years old) versus “Old”
ones (more than 74 years old). Many of these genes are
related to synaptic function, neuronal plasticity, signal
transduction, vesicular transport, protein metabolism, Ca+
homeostasis, microtubule cytoskeleton, amino acid
modification, hormones and immune response.

For our work here we have taken the subset of 21
individuals belonging to the categories “Young” or “Old,”
and interpreted this as a binary categorization problem. This
subset of the dataset given in [19] will be referred to as the
“Aging Brain” dataset in the remainder of this paper. The
goal of MUTIC, as applied to this dataset, is to determine
sets of genes or gene categories whose interrelationships are
important in the context of the aging of human brains.

B. Experimental and Analytical Setup

The Aging Brain dataset was used to produce Utility
Profiles, via running a large number of differently-
configured genetic programming based categorization
processes to create a diverse classification model ensemble.
The execution of the genetic programming algorithm was
done using the Biomind ArrayGenius Software’. In
particular, we used the metatasking capability of
ArrayGenius: the software, upon receiving the dataset as
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input, was instructed to run 1,000 GP processes with
parameters selected randomly within specified ranges.
Ranges used for parameter variation are detailed below
(parameters not mentioned were left at their ArrayGenius
default values):

--All combinations of use of direct and categorial features
(see section above on feature vector enhancement ) were
allowed.

--In terms of GP-specific parameters, fitness function was
varied across all available alternatives.

--The feature selection method used was Most
Differentiated Features ranging from 10 to 1000 selected
features in all tasks.

The Utility Profiles produced in this manner were then
used as inputs for Omniclust clustering. This produces a set
of feature clusters (where each feature can be a gene or a
gene-category, as described above). These clusters may
have a more general semantics than clusters formed from
gene expression vectors directly using standard methods. In
these utilization-based clusters, features are gathered
together if classification models habitually found it useful to
consider them together.

For sake of comparison, we also used Omniclust to
perform clustering of the Aging Brain dataset in the
traditional way, via simply clustering the feature vectors
associated with the gene expression profiles.

In the remainder of this section, we compare the
clustering results obtained by the two methods (MUTIC and
traditional gene expression clustering) both quantitatively
and qualitatively. The purpose of the quantitative
comparison is to show that the clusters obtained using
MUTIC are “better clusters” in a purely mathematical sense.
The purpose of the qualitative comparison is to show that the
clusters obtained using MUTIC yield novel biological
insights not implicit in their traditional counterparts. A
thorough qualitative exploration of the results on any one of
the test datasets would be well beyond the scope of this
paper. Here our focus is on the methodology and we will
therefore restrict ourselves to a few observations regarding
the unique qualitative insights provided by the MUTIC
method.

C. Quantitative Comparison

Clustering is a qualitative data analysis method; there are
no robust, commonly accepted, objective metrics for
comparing different clustering algorithms to each other. [2]
gives a comprehensive overview of contemporary clustering
methods and a review of methods for comparing them to
each other.

Choosing a variant of a standard technique, we have
measured the quality of a clustering as the product
homogeneity x separation. Homogeneity is calculated as
1/(1+A) where A is the average of the distances of all
members of the cluster to their nearest cluster-mates.
Separation is simply the minimum distance from any given
member of the cluster to elements outside the cluster. These
particular definitions of separation and homogeneity were

TABLE |
CLUSTERING QUALITIES

. Quality of Quality of

Clustering 1%cluster | 20™ cluster
Utilization-based clustering 0.4826 0.4516
Expression-based clustering 0.0045 0.0012
Expression-based clustering of top 0.0065 0.0013
3,913 most differentiated features
Expression-based clustering of top 0.138 0.054
3,913 most differentiated features using
Average sparseness policy
Expression-based clustering of top 0.097 0.083
3,913 most differentiated features using
Median sparseness policy
Expression-based clustering of top 0.176 0.004
3,913 most differentiated features using
Custom sparseness policy

Clustering qualities for the approaches described in the text. Ordinal
cluster numbers in the header refer to the clustering quality rank.

used in order to minimize the influence of the size of the
cluster on its quality. (As we have observed empirically,
using more traditional definitions of separation and
homogeneity, e.g defining homogeneity as the average of all
similarities between all members of a cluster, causes small
clusters to habitually display a better quality than larger
ones, which is an undesirable bias.)

If one straightforwardly compares MUTIC to plain
expression-based clustering, according to this cluster quality
metric, one finds that MUTIC produces dramatically clearer
clusters, with roughly 100 times greater quality. This
comparison however is somewhat unfair to the standard
method, because the separation values are bound to be larger
for MUTIC simply because it involves fewer features (only
the ones that have nonzero model usage). Thus, to make a
fairer comparison, we also tried standard expression-based
clustering using a smaller set of features: only the N most-
differentiated features, where differentiation was measured
using the same categories used for supervised categorization,
and N was chosen as the same number of features having
nontrivial Utility Profiles. The results of this comparison are
shown in Table 1. As we see, MUTIC still comes out far
ahead here, with roughly 100 times higher cluster quality.

Another possible source of unfair comparisons could be
the sparse nature of utility-based vectors as compared to
gene expression vectors. In order to detect a potential unfair
advantage based on sparseness, we applied three different
sparseness policies to the gene expression vectors:

-- Average Policy: all values in a given feature vector
below the average of those values were set to zero.

-- Median Policy: all values in a given feature vector
below the average of those values were set to zero.

-- Custom Policy: in a generalization of the Median
Policy, in this one all the lowest P % values in a given
feature vector are set to zero. P was chosen as the average
sparseness ratio (number of zero-ed dimensions over the
total number of dimensions) in the utility-based data.

Using any one of these three sparseness policies raises the
quality of the expression-based clustering to the same order



of magnitude as the utility-based clustering. Nevertheless,
even the highest quality value (achieved using the Custom
Policy) is roughly 1/3 of the quality obtained for utility-
based clustering. Also, the quality differences between the
1% and 20" ranked clusters indicate a sharper decline of
quality as rank increases when clustering sparsified
expression vectors as opposed to utility vectors. It appears,
therefore, that only part of the high quality of the utility
based clusters is explained by the sparseness of the utility
vectors. Even when this is accounted for, MUTIC provides
substantially crisper clusters than expression based
clustering.

We emphasize that our cluster quality assessment method
was in no way engineered to favor the utilization-based
clusters; and nor was the Omniclust method devised
specifically to showcase utilization-based clustering, in fact
it was devised for standard expression-based clustering and
is used for this purpose within the Biomind ArrayGenius
product. The essential result is that the clusters found via
utilization-based clustering are drastically more clear and
distinct than what traditional expression-based clustering
yields.

D. Qualitative Comparison

Next, we present a brief qualitative analysis of the results
obtained by applying MUTIC to the Aging Brain dataset.
We review each of the top 5 MUTIC clusters in detail,
commenting on the plausibility of each cluster as a nexus of
gene and gene-category interactions, according to the
knowledge contained in the current biological literature.

Cluster #1 is composed of the features:

--ankyrin repeat domain 12 (ANK)

--MAX interactor 1 (MXI1)

--Mesenchyme homeo box 2 (MEOX2)

--MADS box transcription enhancer factor 2 (MEF2)

--Homo sapiens mitogen-activated protein kinase 14
(MAPK14 or MXI2 or p38)

This cluster interrelates several proteins found in the
brain, with well-known brain-specific roles. MEF2, MXI1,
MAPK14 and MEOX2 are all related to cell development
and differentiation [27]-[31].

Interestingly all these features are either directly DNA-
binding proteins (MEF2, MEOX2) or they indirectly interact
with DNA-binding proteins: MXI1 and MAPK14/p38/MXI2
with MAX protein [32]; MAPK14/p38/MXI2 with MEF2
[33]; ANK with P160 cofactors/activators [34]. Therefore,
they are directly related to regulation of gene expression.
Furthermore, both MEF2 and MAPK14 have roles in
apoptosis and cell development [35]-[36]. Moreover, since
MAPK14 has a strong role in Alzheimer's Disease (AD)
[37], we might investigate whether any of the other genes
can also be related to this condition.

Next, Cluster #2 is composed of the features:

--KIAA0493 protein.

--Homo sapiens gamma-butyrobetaine hydroxylase 1
(BBOX1).

--34273 _at - Homo sapiens regulator of G-protein

signalling 4 (RGS4).

--Sterol carrier protein 2. (SCP-2)

--Leukocyte immunoglobulin-like receptor. (MHC)

--Homo sapiens 1,3-galactosyltransferase (B3GALTS3).

--NM_005613 - Regulator of G-protein signalling 4.
(RGS4)

--Hypothetical protein MGC35048.

--Homo sapiens histidine triad nucleotide binding protein
1 (HINTZ).

--Homo sapiens protein tyrosine phosphatase (PTPRO).

--Homo sapiens S-phase kinase-associated (SKP1A).

--Homo sapiens diacylglycerol kinase (DGKB).

--Homo sapiens syntrophin alpha 1 (SNTA1).

--Homo sapiens cyclin-dependent kinase 5 (CDK5).

--Phosphoserine phosphatase (PPHOS).

--KIAA1240 protein.

This is a large cluster, but apparently its genes are
associated with 3 major functions/characteristics: neuronal
development and plasticity: MHC, UDP-Gal, PTPRO,
SKP1A, DGKB, SNTA-1, CDK5, PPHOS [38]-[40]
SKP1A, DGKB, SNTA-1, CDK5, PPHOS - [39],[41]-
[45], brain/psychiatric disorders and diseases like AD,
schizophrenia, bipolar disorder and brain cancer: RGS4,
UDP-Gal, HINT1, DGKB, CDK5, PPHOS [46]-[49] DGKB,
CDK5, PPHOS - [49]-[51], and signal transduction
pathways molecules like ATPases, kinases, phosphatases
and G-protein regulation: RGS4, SCP-2, HINT1, PTPRO,
DGKB, CDKS5, PPHOS.

Another interesting feature present here is lipid and
ganglioside transport through membranes (BBOX1, SCP2,
UDP-Gal). Gangliosides (UDP-Gal) are related to neuronal
plasticity [52] and are possibly a substrate for SCP-2, as one
of their functions is to mediate the transport of gangliosides
through membranes.

Two identical features with same function, but different
IDs (34273_at and NM_005613, both related to RGS4),
were gathered together here (a case where MUTIC joins
together two features that would also be joined by traditional
clustering). RGS4 also inhibits the p38 (MAPK14 - a
feature from cluster 1) signal transduction pathway [53].
And, as this cluster contains predicted and hypothetical
proteins (KIAA0493, KIAA1240 and Hypothetical protein
MGC35048), it provides suggestions for potential wet lab
experiments concerning the role of these proteins.

Cluster #3 is composed of the features:

--Flap structure-specific endonuclease 1(RAD?2).

--CAP, adenylate cyclase-associated protein.

--Cell division cycle 2-like (CDC2L5).

--Jun D proto-oncogene (JUND).

--COP9 constitutive photomorphogenic homolog subunit

--Cut-like 2 (CUX2)

--Homo sapiens actin alpha 1 (ACTAL).

Five out of 7 features in this cluster have known, indirect
interrelationships (CDCL5, JUND, COP9, CUX2 and
ACTAL). Of these, 3 have been related to the cell cycle:



CDLC5, JUND and ACTALl [54]-[56]. COP9 is also
indirectly related to the cell cycle as it is known to be a part
of a complex that regulates JUND [57]. Furthermore, COP9,
CDLCS5 and JUND have similar molecular functions as they
all have protein kinase functions. CUX2 is a DNA-binding
molecule (transcription factor) like JUND and is related to
brain differentiation [58]-[59]. We may ask if these cell
cycle features are somehow connected to the Runtington
Disease by the RAD2 feature [60] and to cerebrovascular
injury by the CAP feature [61].

Cluster #4 is composed by the features:

--Mitogen-activated protein kinase kinase 1 (MAP2K1)

--MRPL28 - mitochondrial ribosomal protein L28

--Homo sapiens reticulon 4 (RTN4)

--Translocase of inner mitochondrial
(TIMM17A)

It has been postulated that the mitochondria have several
roles in ageing, specially in the brain and AD [62]. In this
cluster we find two features related to mitochondria:
MRPL28 and TIMM17A. The last is involved in
neurodegenaration [63] and the former has been related to
some kinds of cancer [64]. MAP2K1 is also related to AD
and has roles in neuronal plasticity and brain development
[65-67]. RTN4 is related to neuronal plasticity [68]-[69].

Finally, Cluster #5 is composed of the features:

--DnaJ (Hsp40) homolog (DNAJB4)

--Homo sapiens metallothionein 1B (MT1B).

--S-adenosylhomocysteine hydrolase-like 1 (AHCYL1)

--Homo sapiens EGF-containing fibulin-like extracellular
matrix protein 2 (EFEMP2).

--Iduronate 2-sulfatase (IDS)

--1Q motif and Sec7 domain 1 (IQSEC1).

--Homo sapiens adducin 3 (ADD3).

--Homo sapiens aldolase A (ALDOA).

This cluster has two closely related features with function
of neuroprotection in neurodegenerative diseases: DNAJB4
and MT1B [70-73] though no experimental report had linked
them before. Some features are related to diseases like the
Huntington Syndrome and epilepsy: IDS and AHCYLL1 [74]-
[75]. Perhaps a possible connection between the two
neuroprotective genes related to epilepsy and Huntington
Syndrome symptoms is worth exploring.
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IV. DISCUSSION

We have presented a novel analytical method, Model
Utilization-based Clustering or MUTIC, and explored its
behavior via discussing the results of its application to a
gene expression dataset pertinent to the neurogenetics of
human aging. The method has shown itself able to produce
clusters with high mathematical significance, and also to
identify interesting inter-gene and inter-process interactions
that were not identified via standard expression-based
clustering on the same dataset.

Like standard expression-based clustering, MUTIC is
ultimately a method of qualitative data analysis, and
therefore the evaluation of the method is not a simple thing.
The true test of the method will be whether, when applied

across a wide variety of datasets and interpreted by
researchers familiar with those datasets and their biological
contexts, the method is successful at directing researchers
toward useful and novel interpretations of their data.
However, there is also an objective component to the
advantage of the present approach over traditional
clustering, in that there are some types of interrelationship
that utilization-based clustering can capture which
traditional expression-based clustering is mathematically
unable to capture. And the results we have presented on
comparative clustering quality show that the MUTIC
clusters have more intrinsic mathematical validity than
clusters found via the traditional approach, at least on the
dataset considered here.

While we have dealt only with static gene expression data
in this work, the method can be applied to time series data,
when available, and we intend to do so in the future, along
with carrying out more extensive applications to other gene
expression datasets.

Finally, it should be noted that the MUTIC algorithm
itself is not restricted to gene expression data, but may be of
much more general value in a variety of different domains.
It is potentially applicable to any dataset that is meaningfully
treatable as categorical and that displays complex inter-
feature interactions.
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