
Topographic Independent Component Analysis

of Gene Expression Time Series Data

Sookjeong Kim and Seungjin Choi

Department of Computer Science
Pohang University of Science and Technology

San 31 Hyoja-dong, Nam-gu
Pohang 790-784, Korea

{koko,seungjin}@postech.ac.kr

Abstract. Topographic independent component analysis (TICA) is an
interesting extension of the conventional ICA, which aims at finding a
linear decomposition into approximately independent components with
the dependence between two components is approximated by their prox-
imity in the topographic representation. In this paper we apply the topo-
graphic ICA to gene expression time series data and compare it with the
conventional ICA as well as the independent subspace analysis (ISA).
Empirical study with yeast cell cycle-related data and yeast sporulation
data, shows that TICA is more suitable for gene clustering.

1 Introduction

Microarray technology allows us to measure expression levels of thousands of
genes simultaneously, producing gene expression profiles that are useful in dis-
criminating cancer tissues from healthy ones or in revealing biological functions
of certain genes. Successive microarray experiments over time, produces gene
expression time series data. Main issues in these experiments (over time), are to
detect cellular processes underlying regulatory effects, to infer regulatory net-
works, and ultimately to match genes with associated biological functions.

Linear model-based methods explicitly describe expression levels of genes as
linear functions of common hidden variables which are expected to be related to
distinct biological causes of variations such as regulators of gene expression, cellu-
lar functions, or responses to experimental treatments. Such linear model-based
methods include principal component analysis (PCA) [1], factor analysis [2] in-
dependent component analysis (ICA) [3, 4], and independent subspace analysis
(ISA) [5, 6]. Standard clustering methods (such as k-means and hierarchical clus-
tering) assign a gene (involving various biological functions) to one of clusters,
however linear model-based methods allow the assignment of such a gene to null,
single, or multiple clusters.

In the context of bioinformatics, Liebermeister [4] showed that expression
modes and their influences, extracted by ICA, could be used to visualize the
samples and genes in lower-dimensional space and a projection to expression



modes could highlight particular biological functions. In addition, ICA was suc-
cessfully applied to gene clustering [7, 8]. ISA [9] is a generalization of ICA where
invariant feature subspace is incorporated with multidimensional ICA, allowing
components in the same subspace to be dependent but requiring independence
between feature subspace. It was shown in [5, 6] that ISA is more useful in gene
clustering and gene-gene interaction analysis, compared to ICA.

Topographic independent component analysis (TICA) is a further general-
ization of ISA, which aims at finding a linear decomposition into approximately
independent components with the dependence between two components is ap-
proximated by their proximity in the topographic representation [10]. In other
words, TICA incorporates some nonlinear dependency into a linear model, which
is more suitable for gene expression time series data where there might exist some
dependency between expression modes. In this paper we apply TICA to gene ex-
pression time series data and compare it with the conventional ICA as well as
the independent subspace analysis (ISA). Empirical study with yeast cell cycle-
related data and yeast sporulation data, shows that TICA is more suitable for
gene clustering.

2 Methods: ICA, ISA, TICA

2.1 ICA

ICA is a statistical method that decomposes a multivariate data into a linear
sum of non-orthogonal basis vectors with basis coefficients being statistically
independent. The simplest form of ICA consider the linear generative model
where the data matrix X = [Xij ] (where the element Xij represents the expres-
sion level of gene i associated with the jth sample, i = 1, . . . ,m, j = 1, . . . , N)
is assumed to be generated by

X = SA, (1)

where S ∈ R
m×n is a matrix consisting of latent variables (or encoding variables)

and the row vectors of A ∈ R
n×N are basis vectors corresponding to linear modes

in [4].
Given a matrix X ∈ R

m×N , its row and column vectors are denoted by xi,
i = 1, . . . ,m and by xj , j = 1, . . . , N . Throughout this paper, we assume that
the data matrix X is already whitened. In other words, the row vectors of A are
confined 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 notations, we use the notation X for the whitened data matrix and
n ≤ N represents an intrinsic dimension estimated by PCA.

ICA searches for a parameter matrix W ∈ R
n×n which maximizes the nor-

malized log-likelihood Lica given by

Lica =
1

m

m
∑

t=1

n
∑

i=1

log p (〈wi,xt〉) + log |det W | , (2)



where 〈·, ·〉 denotes the inner product between two arguments. The estimated
parameter matrix W leads us to calculate the latent variable matrix by S =
XW

T (W T = A
−1). For an orthogonal matrix A, the row vectors of W coincide

with the row vectors of A.

2.2 ISA

In contrast to ICA, multidimensional ICA [11] assumes that latent variables
si = 〈wi,x〉 are divided into J number of κ-tuples (where κ represents the di-
mension of subspace) and find a linear decomposition such that J κ-tuples are
independent with allowing the components in the same tuple to be dependent.
For the sake of simplicity, we assume identical dimension, κ for every feature
subspace. ISA [9] incorporates the invariant feature subspace into the multidi-
mensional ICA. To this end, the pooled energy Ej(x) for the jth feature subspace
Fj is defined by

Ej(x) =
∑

i∈Fj

〈wi,x〉
2
. (3)

With these definitions, the normalized log-likelihood Lisa of the data given
the ISA model, is given by

Lisa =
1

m

m
∑

t=1

J
∑

j=1

log p





∑

i∈Fj

〈wi,xt〉
2



+ log |det W | , (4)

where p
(

∑

i∈Fj
s2

i

)

= pj(si, i ∈ Fj) represents the probability density inside

the jth κ-tuple of si.
The parameter matrix W which maximizes the log-likelihood (4), finds a

linear decomposition such that pooled energies Ej(x) are independent but the
components si ∈ Fj are allowed to be dependent. Learning W can be carried
out by a gradient-ascent method. More details on ISA can be found in [9].

2.3 TICA

TICA is a further generalization of ISA, which aims at finding a linear de-
composition into approximately independent components with the dependence
between two components is approximated by their proximity in the topographic
representation [10].

The following normalized log-likelihood Ltica was considered for TICA,

Ltica =
1

m

m
∑

t=1

n
∑

j=1

Ψ

(

n
∑

i=1

h(i, j) 〈wi,xt〉
2

)

+ log |detW | , (5)

where Ψ(·) is a function of local energies that plays a similar role to the log-
density in the conventional ICA and h(i, j) is a neighborhood function. See [10]
for more details.



3 Experiments and Results

3.1 Datasets

Our experiments were conducted with publicly available yeast cell cycle datasets
[12, 13] and yeast sporulation dataset [14] (see Table 1).

Table 1. Four datasets used in our experiments, are summarized. First three datasets
are yeast cell cycle-related data that was also used in [12, 13] and the last dataset is
yeast sporulation data [14]. Experiments in yeast cell cycle-related data, are named by
the method used to synchronize yeast cells. The number of open read frames (ORFs)
is the number of time-series that have no missing values in them, time interval is the
interval between measurements, # time points is the number of measurements, and #
of eigenvectors indicated the number of eigenvectors chosen by PCA-L [15].

no experiment # of ORFs time interval # time points # of eigenvectors

1 alpha 4579 7 min 18 6
2 cdc15 5490 10-20 min 24 8
3 cdc28 3167 10 min 17 6
4 sporulation 6118 0.5-3 hr 7 4

3.2 Procedures

Procedures that we took from a preprocessing till statistical significance test,
are summarized below.

1) Preprocessing: The gene expression data matrix X was preprocessed such
that each element is associated with Xij = log Rij − log Gij where Rij and Gij

represent red and green light intensity, respectively. In practice, gene expression
data usually contain missing values. We removed genes whose profiles have miss-
ing values more than 10%. Then we applied the KNNimput method [16], in order
to fill in missing values. The data matrix was doubly centered such that each
row and each column have zero mean.

2) Data whitening: Given the gene expression data matrix X ∈ R
m×N where

m is the number of genes and N is the number of arrays (time points), we chose
the dimension n using the PCA-L method [15]. Data whitening was carried out
through PCA with n principal eigenvectors.

3) Decomposition by ICA, ISA, and TICA: We applied ICA, ISA, and TICA
algorithms, to whitened data matrix, in order to estimate the parameter matrix
W ∈ R

n×n.

4) Gene clustering: For each column vector si, genes with strong positive
and negative values are grouped, which leads to two clusters related to induced
and repressed genes. We considered standard deviation σ for each column vector



as a threshold. Genes with expression levels higher than c × σ and with expres-
sion levels lower than −c × σ, are grouped as two significant clusters. In our
experiments, we chose c = 1.5.

5) Statistical significance test: To determine statistical significance of func-
tional category enrichment for each cluster, we used the Gene Ontology (GO)
annotation database [17] where genes were assigned to an associated set of func-
tional categories. We calculated p-values for statistical significance test, using
the hypergeometric distribution that is used to obtain the chance probability
of observing the number of genes from a particular GO category within each
cluster. The p-value is the probability to find at least k genes from a functional
category within a cluster of size c:

p = 1 −
k−1
∑

i=0

(

f

i

)(

g − f

c − i

)

(

g

c

) , (6)

where f is the total number of genes within a functional category and g is the
total number of genes within the genome [18].

3.3 Results

It was shown in [7] that ICA-based gene clustering method outperformed several
existing methods such as PCA, k-means, and hierarchical clustering. However,
the conventional ICA model do not take into account the temporal dependence of
gene expression time series data. The inherent time dependencies in the data sug-
gest that clustering techniques which reflect those dependencies yield improved
performance. ISA and TICA-based gene clustering methods consider somewhat
dependencies of gene expression patterns. Clustering results with 4 different data
sets (described in Table 1), confirm that TICA and ISA indeed yield better clus-
tering, compared to ICA (see Fig. 1).

For TICA, a square neighborhood function of size 3 × 3, was used. The
intrinsic dimension n determined by the PCA-L for each data set is summarized
in Table 1. For ISA, the number of feature subspace, was chosen as J = 2 for
Dataset 1, 3, 4 and J = 4 for Dataset 2. Thus, the dimension of the feature
subspace is κ = 3 for Dataset 1, 3, 4 and κ = 2 for Dataset 2.

For each data set, we determined n latent variables by ICA, ISA, and TICA
and investigate the biological coherence of 2n clusters consisting of genes with
significantly high and low expression levels within independent components. For
each cluster, we calculated p-values and considered only p-values less than 10−5.
Scatter plots of the negative logarithm of p-value, are shown in Fig. 1.

The TICA decomposition of the gene expression data matrix of rank n, leads
to n temporal modes (corresponding to n basis vectors). Each temporal mode
defines two gene clusters that show a strong positive or negative response. These
clusters contain subgroups related to particular biological functions, mostly con-
sistent with the temporal modes. Fig. 2 depicts 3 temporal modes during sporu-



(a) Dataset 1
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(b) Dataset 2
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(d) Dataset 3
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(d) Dataset 4
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Fig. 1. Performance comparison of three different ICA methods (ICA, ISA, and TICA)
with yeast cell cycle-related data and yeast sporulation data (see Table 1). Through
Dataset 1-4, TICA has more points above the (anti-diagonal) line representing equal
performance, compared to ICA and ISA, which indicates the enrichment of the TICA-
based clustering.



Table 2. Temporal modes extracted by TICA from Dataset 4 (sporulation). The modes
were characterized according to functionally related clusters.

Mode Induced functions Repressed functions

1 sporulation, spore wall assembly, alcohol metabolism, carbohydrate
metabolism, oxidoreductase activity

2 ribosome biogenesis and assem-
bly, rRNA processing, rRNA
metabolism, cytosolic ribosome,
ribosome, structural constituent of
ribosome

organic acid metabolism, carboxylic
acid metabolism, amine metabolism

3 sulfur metabolism, cytosolic ribo-
some (sensu Eukarya), ribosome

cell cycle, cell proliferation, nuclear
division, chromosome

lation. The temporal modes mainly reflect the sporulation behavior (see also
Table 2).
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Fig. 2. Temporal modes of clusters computed by TICA are shown for Dataset 4 (sporu-
lation).

4 Conclusions

In this paper we have applied the method of topographic ICA to gene expres-
sion time series data, in order to evaluate its performance in the task of gene
clustering. Empirical comparison to the conventional ICA and the independent
subspace analysis, have shown that the topographic ICA is more suitable in
grouping genes into clusters containing genes associated with similar functions.
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