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ABSTRACT
Independent subspace anlaysis (ISA) is a linear model-
based method which generalizes independent component
analysis (ICA) by incorporating the invariant feature sub-
space into multidimensional ICA. In this paper we apply
ISA to the problem of gene expression data analysis and
show the useful behavior of the independent subspaces of
gene expression data in the task of gene clustering and
gene-gene interaction analysis.
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1 Introduction

Genomic-scale gene expression data are provided by high-
throughput methods such as microarray. Gene expressions
measured at different time points represent biological func-
tional behavior of genes at different expression levels, so
that one can obtain new insights to regulatory networks.
Current microarray technologies have difficulties in pro-
ducing reliable repeated experiments, which might be a
cumbersome for accurate data analysis. Genes involved
in a cellular function, cooperate with each other and work
within a limited time interval. Several cellular functions
are involved simultaneously for cells to cope with external
or internal stimuli. Thus one is not sure that all genes ex-
pressed contemporaneously, are really functionally related
to each other. Moreover a single gene takes part in sev-
eral cellular functions, but it takes actions under specific
circumstances. Therefore, time series data measured under
different cells or tissue conditions, are required, in order to
identify entire gene functions.

To date, various methods have been applied to time
series data of gene expression. Theses include: (1)
Bayesian networks; (2) hierarchical clustering; (3) differ-
ential equations; (4) edge detection; (5) linear decomposi-
tion models such as PCA and ICA. These methods attempt
to investigate functional behavior of genes by clustering
or detecting gene-gene relations. Assuming that gene ex-
pression levels are continuous, Bayesian networks describe
gene-gene interactions in terms of conditional probabilities
[4, 1]. Hierarchical clustering methods carry out grouping
of genes using a similarity measure between gene expres-

sion profiles [3]. Differential equations and edge detection
methods are techniques which catch the difference between
expression levels of two or more points within a local area.
All these methods are concerned with the direct relation-
ship between pairs of genes. On the other hand, linear
model-based methods explicitly describe dominant func-
tions in terms of expression modes associated with effec-
tive genes. Singular value decomposition (SVD) or PCA
[6], ICA [8] are exemplary liner model-based methods.

In this paper we use a method of ISA [7] which is
still a linear model-based method, but which generalizes
ICA by incorporating invariant feature subspace into mul-
tidimensional ICA. In fact, ICA can be treated as a special
case of ISA if the feature subspace dimension becomes 1.
A major benefit of ISA, compared to ICA, is to allow some
dependence between basis vectors in the same group. As
will be shown in our experimental results, ISA is more use-
ful in gene clustering and gene-gene interaction analysis,
compared to ICA.

2 Independent Subspace Analysis

Linear decomposition models assume that the data matrix
X = [Xij ] (where the elementXij represents the ex-
pression level of genei associated with thejth sample,
i = 1, . . . ,m, j = 1, . . . , N ) is modelled as

X = SA, (1)

whereS ∈ R
m×n is a matrix consisting of latent variables

(or encoding variables) and the row vectors ofA ∈ R
n×N

are basis vectors corresponding tolinear modes in [8].
A pictorial illustration of generating gene expression data
through a DNA chip, is shown in Fig. 1

ICA searches for a linear decomposition (1) such that
statistical dependence between the columns ofS is mini-
mized. The statistical independence among latent variables
is a key assumption (as well as a limitation) in ICA. Multi-
dimensional ICA [2] generalized ICA by allowing the com-
ponents in aκ-tuple to be dependent but requiring differ-
entκ-tuples to be independent. ISA [7] embeds the invari-
ant feature subspaces in multidipmensional ICA by consid-
ering probability distributions of latent variables that are
spherically symmetric, i.e., depend only on their norm. In
contrast to ICA, ISA aims at finding a linear transforma-
tion W (which corresponds to the inverse system ofA)



 

Figure 1. mRNA are extracted from a test tissue and a reference, then are dyed by Cy-5 (red) Cy-3 (green), respectively.
Through a hybridization and a postprocessing, a scanned image leads to a matrix whose elements correspond the ratio of red to
green light intensity. This matrix data is converted to a vector by a column stacking, thus,m different experiments result in a
multivariate dataX ∈ R

N×m whereN is the number of genes.

such that feature subspaces become independent but com-
ponents in a feature subspace is allowed to be dependent.

We assume that the data matrixX is already
whitened. In other words, the row vectors ofA are con-
fined to be orthogonal each other and to be normalized to
have unit norm. Non-orthogonal factor is reflected in a
whitening transform. In order to avoid an abuse of nota-
tions, we use the notationX for the whitened data matrix.

Given a matrixX ∈ R
m×N , its row and column

vectors are denoted byxi, i = 1, . . . ,m and by ~xj ,
j = 1, . . . , N . Define a linear mappingW such that
W T = A−1. Then the estimate ofS, givenX is com-
puted byXW T . For a orthogonal matrixA, the row vec-
tors ofW coincide with the row vectors ofA. We consider
the case where latent variables are divided intoJ number
of κ-tuples (whereκ represents the dimension of subspace).
For the sake of simplicity, we assume identical dimension,
κ for every feature subspace. Thejth feature subspace is
denoted byFj . The valueEj(x) in Fj with data vectorx
is given by

Ej(x) =
∑

i∈Fj

〈wi,x〉
2
, (2)

where〈·, ·〉 represents the inner product. In factEj(x) is a
pooled energy.

With these notations, we can write the normalized

log-likelihoodL of the data given the model as

Lisa =
1

m

m
∑

t=1

J
∑

j=1

log p





∑

i∈Fj

〈wi,xt〉
2





+ log |det W | , (3)

wherep
(

∑

i∈Fj
s2

i

)

= pj(si, i ∈ Fj) andsi = 〈wi,x〉

represents the probability density inside thejth κ-tuple of
si.

ISA finds a linear transformW which maximizes the
log-likelihood (3). Learning independent feature subspaces
is carried out by a stochastic gradient ascent method, whose
updating rule has the form

∆wi ∝ x 〈wi,x〉ϕ





∑

r∈Fj(i)

〈wr,x〉
2



 , (4)

wherej(i) is the index of the feature subspace whichwi

belongs to andϕ is the score function, i.e.,ϕ = p′

p
and

p(·) is the hypothesized density which is usually assumed
to be heavy-tailed distributions. More details on ISA can
be found in [7].

Remarks

• In contrast to ISA, ICA searches for a parameter
matrix W which maximizes the normalized log-



likelihoodLica given by

Lica =
1

m

m
∑

t=1

n
∑

i=1

log p (〈wi,xt〉)

+ log |detW | . (5)

• If the dimension of each feature subspace is 1, i.e.,
κ = 1, then ISA becomes identical to ICA.

• In ICA, each row vector,wi is interpreted as a differ-
ent linear mode which is expected to be related with a
biological function. [8]. Gene expression profiles are
approximated by a linear combination of linear modes
with encoding variables representing contributions of
linear modes. Only a single linear mode is allowed
in each group since ICA does not exploit any depen-
dence structure. On the other hand, ISA allows several
linear modes that are statistically dependent in a group
so that some dependence structure is exploited

3 Results

We apply ICA and ISA (for comparison) to the yeast cell
cycle data [9], which contains the expression of 6178 open
read frames (ORFs) during the cell replication cycle in the
budding yeastSaccaromyces cerevisiae. This data set con-
tains 77 tissue samples in different experimental conditions
such asα factor pheromone, cdc15, cdc28, elucidation, and
so on. Many cell cycle-regulated genes are involved in pro-
cesses that occur only once per cell cycle. Each experiment
has a different cell cycle, such as elutriation data through
one cell cycle,α factor pheromone through two cycles or
cdc15 through three cycles.

The data matrixX contains 77 samples in its
columns. Each column vector inX was shifted such
that its mean value is zero. After centering the data ma-
trix, the data sphering (whitening) was performed such that
1

m
XT X = I whereI is the identity matrix. In addition,

gene profiles were filtered out if its profile variance was
less than 1 so that we only considered relatively significant
genes in our analysis. As a similarity measure, we used a
maximal time-delayed correlation value between two vec-
tors x ∈ R

N andy ∈ R
N . The similarity scoreρxy be-

tweenx andy is defined by

ρxy = max
l

|rxy(l)| , (6)

whererxy(l) is the cross-correlation with time-lagl, l =
0, 1, . . . , L − 1 andL ≪ N ,

rxy(l) =
1

N − l

N−l−1
∑

i=0

xiyi+l, (7)

wherexi denotes theith element of the vectorx.
Similarity scores are validated by their associatedp-

value with assuming an asymptotic Normal distribution. In
the task of gene clustering, if the similarity score between

a linear modeai and a gene expression profilexi is greater
than a threshold value (here we used 0.5) with10−7% sig-
nificant level (p-value), then the gene is assigned to a group
which the associated linear mode belongs to. In the gene-
gene interaction analysis, we also used the similarity score
in (6) for a possible set of pair of genes in the same group.
Taking the sign of maximal cross-correlation into account,
in the calculation of the similarity score, we divided three
different types of interactions: (a) concurrently expressed
pairs; (b) activators, or inhibitors; (c) activatee or reducer.
In order to analyze the potential for determining regula-
tory pairs from Spellman data, we categorize all genes by
phenotypes of mRNA regulated with the cell cycle and val-
idate the results based on SGD and Gene Ontology (GO)
database.

3.1 Gene Clustering

In applying ISA to the yeast cell cycle data, we consider
11 invariant feature subspaces (J = 11), each of which
is 7-dimensional space (κ = 7), which produce 11 differ-
ent groups with 7 linear modes for each group. For ICA,
76 independent components were extracted. Fig. 2 dis-
plays gene profiles which best match the linear modes com-
puted by ICA and ISA. When gene profiles which match
the ith-mode with positive correlation or negative correla-
tion are almost evenly separated, we further divide them
into i(pos)th- andi(neg)th-patterns.

Genes PRS* and RPL* are known to be involved with
protein synthesis. Those genes were found in the 6th-,
19th-, and 25(pos)th-modes in the case of ICA and they
were associated with the 29th- and 58(pos)th-modes in the
case of ISA. In the context of functional groups of genes,
gene profiles associated with the 25th-mode in ICA are
comparable to those associated with the 29th-mode in ISA.
On the other hand, gene profiles associated with the 6th-
and 19th-modes computed by ICA, are comparable to those
associated with the 58(pos)th-mode in ISA. As shown in
Fig.2, genes associated with the 6th- and 9th-modes were
assigned into different clusters by ICA, although they are
known to exhibit the same biological function. Mean-
while, those patterns appeared in the 58(pos)th-mode in
ISA, which means they were preserved in the same group
in the case of ISA. Another interesting example is involved
with histone groups which are related with the 5th-mode in
ICA and the 57th-mode in ISA. This result is summarized
in Tables 1 and 2.

We compared linear modes computed by ISA with
those found by ICA in [8]. We calculated the p-value by
incorporating with Gene Ontology (GO) annotation with
assuming hypergeometric distribution where the parame-
ters are: (1) the total population of genes; (2) the number
of items with the desired category in the population; (3)
the number of sample genes; (4) the number of particu-
lar genes in the category of GO among sampled genes. By
random selection, averagedp-values after eliminating max-
imum and minimum values, are6.23232 × 10−5 for ICA
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(a) Gene profile patterns in ICA.
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(b) Gene profile patterns in ISA.

Figure 2. Gene expression profile patterns for the case of ICA(above) and ISA (below). A gene profile is assigned to a
mode that produces the best similarity score (with considering positive or negative correlation). When gene profiles that best
match theith-mode with positive or negative correlations are almost evenly separated, then they further divided toi(pos)th- or
i(neg)th-mode. Gene profile patterns for the case of ICA and ISA are not much different. However, those in the case of ISA
tend to be ordered in a topographical fashion, which is desirable in the study of gene-gene interaction analysis.



and1.63403 × 10−5 for our method based on ISA. This
states that linear modes computed by ISA are more useful
to find informative and significant genes, compared to ICA.

3.2 Gene-Gene Interaction Analysis

Gene-gene interactions, given a linear mode, were investi-
gated using cross-correlations with setting the thresholdas
0.6 andp-value as10−7% in the case of ICA and ISA. As
an example of useful behavior of ISA in gene-gene interac-
tion analysis, we chose a group associated withchromatin
assembly/disassembly and DNA binding process. Genes in-
volving with such process, take a small portion in yeast
genome. In the SGD database, the number of those genes
is only 24 out of 7270 genes in total, approximately0.33%.
Those genes were associated with the5(pos)th-mode in
ICA and the57th-mode in ISA. Tables 1 and 2 show the
list of genes which are associated with those modes for the
case of ICA and ISA: (a) in the case of ICA, 8 out of 13
with p-value1.78 × 10−15%, were found in a set of genes
associated with the5(pos)th-mode; (b) in the case of ISA,
8 out of 9 withp-value1.26× 10−17%, were found in a set
of genes associated with the57th-mode.

These methods did a successful grouping, showing
that HHT2, HTA1 HTB2, HTA2 and HHT2 were linked
each other. This relation is confirmed by GO [5]. We also
constructed genetic networks for these groupings, using the
Osprey program that is available in the web1. These results
are shown in Fig. 3 where an edge represents an interaction
between genes and the nodes with the same color imply
that they belong to one biological category. In the context
of biological meaning, we confirmed edges and nodes by
GO. We put genes in the ’chromatin assembly/dissembly
and DNA binding’ process in a single map. The edges
were shown only if its biological evidences exist. For genes
in Table 1 (by ICA), 5 genes preserved their connections,
meanwhile outlier nodes, PDS1, PDE2 and WSC2 were in-
correctly connected (see Fig. 3 (a)). On the other hand,
genes listed in Table 2 (by ISA) did not show any outlier
nodes (see Fig. 3 (b)).

4 Discussion

We have introduced a new approach to the identification
of information from time series DNA microarray data.
To overcome previous limitations, we introduced a novel
method based on ISA. As mentioned earlier, phase and
shift invariant characteristics of ISA made it possible to
take time-delay and asymmetry between gene profiles into
account in the task of clustering using a linear model.
We demonstrated that ISA produced satisfactory cluster-
ing which exhibited more meaningful biological relations,
compared to ICA. A genetic network, in general, was con-
structed by gene-gene interactions, which we referred to as
a bottom-up approach. In contrast, we tackled this problem

1http://biodata.mshri.on.ca/osprey/servlet/Index

using a top-down method, analyzing gene-gene interaction,
given a linear mode. We did this analysis, based on ISA-
based clustering and cross-correlations and confirmed that
the genetic network using our method well matched the re-
sults which were already known in SGD database.
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Table 1. List of genes associated with the5(pos)th-mode in ICA, is shown. Interactive genes are selected, according to maximal
cross-correlation between gene profiles. PSA1, PDS1, RFA3,and WSC2 do not match chromatin structure, although they are
group together with HHF2, HTA1, HHT1, HTB1, HTB2, HTA2, HHT2.

SGD Peak Interactive gene Process Function
PSA1 G1 HHF2 mannose metabolism mannose-1-phosphate guanyltransferase
PDS1 G1 RFA3 cell cycle mannose-1-phosphate guanyltransferase
RFA3 G1 PDS1 DNA replication anaphase inhibitor (putative)
HHF2 S HHT2 chromatin structure replication factor A, 13 kD subunit
HTA1 S HTB1 chromatin structure histone H4
HHT1 S HTB1 chromatin structure histone H2A
HTB1 S HTA1 chromatin structure histone H3
HTB2 S HTA2 chromatin structure histone H2B
HTA2 S HTA1 chromatin structure histone H2A
HHT2 S HHF2 chromatin structure histone H3
WSC2 S HTB1 cell wall biogenesis alpha-1,4-glucan-glucosidase

Table 2. List of genes associated with the57th-mode in ISA, is shown. All of these genes correspond to chromatin structure.

SGD Peak Interactive gene Process Function
HHO1 S HTA1 chromatin structure histone H1
HTA2 S HTA1 chromatin structure histone H2A
HTB2 S HTA2 chromatin structure histone H2B
HHT2 S HHF2 chromatin structure histone H3
HTT1 S HTB1 chromatin structure histone H3
HHB1 S HTA1 chromatin structure histone H2B
HHF1 S HHF2 chromatin structure histone H4
HTA1 S HTB1 chromatin structure histone H2A
HHF2 S HHT2 chromatin structure histone H4

(a) (b)

Figure 3. Mutiple Interactions: The same colored circles represent that their characteristics is identical (based on GO and MIPS
database). Each edge shows interaction between two genes. Most genes work for chromatin assembly/disassembly and DNA
binding. Those exist only 24 among 7270 in total of yeast genes in SGD database. In (a), they were found 8 out of 13 with
significance level1.78−15% ; in (b), 8 out of 9 with1.26−17%.


