SCIENTIFIC JOURNAL OF RIGA TECHNICAL UNIVERSITY

Computer Science

Information Technology and Management Science
2010

Analysis of Short Time Series in
Gene Expression Tasks

Arnis Kirshners, Riga Technical University, Arkady Borisov, Riga Technical University

Abstract — The article analyzes various clustering approaches
that are used in gene expression tasks. The chosen approaches
are portrayed and examined from the viewpoint of use of data
mining clustering algorithms. The article provides a short
description of working principles and characteristics of the
examined methods and algorithms and the data sets used in the
experiments. The article presents results of the experiments that
are directly connected to the use of clustering algorithms in
processing of short time series in bioinformatics tasks, solving
gene expression problems, as well as provides conclusions and
evaluations of each used approach. An analysis of future
possibilities to build a new method that is based on data mining
approaches and principles but solves bioinformatics tasks that
are associated with processing of short time series and the
achieved results are interpreted in a way that is easy to perceive
for bioinformatics experts, is presented.
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I. INTRODUCTION

Usually for data clustering to solve various tasks in
bioinformatics one of the following methods is used:
clustering with neural networks, time series clustering or fuzzy
clustering Chaiboonchoe et al. [1].

To visualize data and to reduce dimensionality, neural
networks are used with non-linear clustering method that is
also known as self-organizing maps (SOM). Neural networks
are often used to analyze gene expressions Golub et al. [2],
where clustering is used for example in differentiate between
different types of leukemia without prior knowledge about the
classes of these types. Based on the acquired knowledge the
membership of a new case of leukemia to one of the classes is
predicted.

Time series are used to determine mechanisms and
dependencies that emerge when various diseases progress in a
period of time Ernst et al. [3]. To investigate these processes a
tool called STEM was created (Short Time-series Expression
Miner). It is designed to analyze and process short time series
of expressions Wang et al. [4].

In bioinformatics more than 80 % of the studied time series
data sets are considered short, because the number of
examined genes is very large (it can reach even tens of
thousands), but the number of observations of these genes in
time (periods) is small. Mostly the number of these periods in
bioinformatics is 8 or less Ernst et al. [5], see Figure 1.

In experiments that use short time series as the processed
data source, e.g. examining gene expressions that are
influenced by environmental or chemical factors that create
changes in their structure, these observations are recorded in a
short period of time for example every 0, %, 4 and 16 hours.

The structure of the obtained curve is used as a basis for
further gene expression analysis.
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Fig. 1. Distribution of lengths of times series in the Stanford Microarray
Database Ernst et al. [5]

The goal of this article is to summarize the methods and
algorithms that are used by various authors for clustering short
time series and to analyze clustering approaches that are used
in bioinformatics to solve gene expression tasks.

II. BACKGROUND

Genomics studies methods of molecular cartography and
sequencing as well as description and analysis of full genomes
of organisms. Genome is a full set of genetic material that is
stored in the set of chromosomes. The analysis of full
genomes gives insight into global organization, expression,
regulation and evolution of the hereditary material.

Gene expression that uses the gene as a synthesis plan of a
particular protein is called identification of potential of a gene.
Images of gene expressions enable scientists to find
approaches to determine the biological roles of particular
genes. All functions of cells, tissues and organs are managed
by differential gene expressions.

The analysis of gene expressions is used to explore
functions of genes. By acquiring information about genes that
are expressed in healthy and diseased tissues the scientists can
define a set of proteins that is essential for normal functioning
of a gene. The obtained information is also helpful in
determining deviations from the normal set that can point to
disease agents. Such information opens up new possibilities
in creating new diagnostics tools and techniques of various
diseases and developing new medicines that can actively
affect defective genes and proteins Ignacimuthu [6].

III. METHODS

The article examines methods proposed by some authors for
short time series processing in solving gene expression tasks
that are associated with the use of clustering approaches. The
chosen methods are examined from the point of view of data
processing techniques and algorithms used in data mining.
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Cluster analysis of gene expression dynamics Ramoni et
al. [7] acquires profiles that are estimations of average values
of clusters that are obtained using autoregressive equations
and agglomerative clustering Tan et al. [§]. Cluster analysis
and display of genome-wide expression patterns Eisen et
al. [9] method uses search of similarities between genes based
on Pearson correlation coefficient creating matrixes that
provide profiles using hierarchical clustering. But clustering of
short time series in gene expression data Ernst et al.[5],
studies possibilities of profile acquisition from data sets using
clustering and forming groups using the acquired profiles.

A. Cluster analysis of gene expression dynamics

The proposed method is based on Bayesian method that
chooses a model with the maximum posterior probability. The
dynamics of gene expression are assessed based on
autoregressive equations and agglomerative clustering
procedure. In this approach the time series S, see Equation (1),
is considered a stochastic process with unknown length.

S={5.,5,... S.}, €))

The aggregation of time series into groups occurs iteratively
by repeatedly adding a time series to a cluster so that each of
the clusters would contain time series that are obtained during
the same process. This clustering method consists of two
steps:

1. Time series with stochastic descriptions are clustered
acquiring probability assessments that determine
approximation of the processes that generated the data
using autoregressive models;

2. Heuristic search procedure.

The heuristic search procedure is based on estimation of
mutual similarity of two time series S;={y, ..., Vi) and
S={vi, ... yit. In this research Euclidean distance that is
calculated as shown in the Equation (2) is chosen as the
measure of similarity. First the similarity of pairs of time
series is calculated, then a model §,.; is made that merges the

d(s,s) = J S =y @)

closest time series into one cluster. If the Equation (3)
confirms the statement, these two time series are considered to
be merged into one cluster.

f(SISn-1) > F(S|Sn)s (©))

The profile of the cluster is calculated based on average
values of the considered time series. The procedure is repeated
for the new data set that consists of n-/ time series, including
the new cluster profile. If Expression (3) is not confirmed, the
process is repeated using a pair of time series with lower
similarity until the Expression (3) is confirmed. If the
confirmation of the Expression (3) is not found, the procedure
is interrupted. The authors of this method emphasize that a
merger of two clusters is accepted based on posterior
probabilities of the model and the similarity measure is only

used to avoid the risk of getting into local minimum Ramoni et
al. [7].

The authors also point out that the method does not
contradict the Standard hierarchical clustering method Tan et
al. [8] and works of other authors Golub et al.[2], who
investigate clustering of gene expression data.

This method was applied to 517 gene expressions that were
described by time series with length of 13 periods. Series of
experiments were conducted to solve the problem that is
associated with time dependency between periods using the
following measures of distance: (i) Euclidean distance; (ii)
Correlation; (iii) Delayed correlation; (iv) Kullback-Leiber
distance. The best clustering results were shown by Euclidean
distance Ramoni et al. [7].

B. Cluster analysis and display of genome-wide expression
patterns

This method uses standard statistics algorithms to arrange
genes according to pattern of gene expression. Clustered gene
expression data are grouped according to a similarity function
and a resemblance to human gene data is found. Initially
standard deviation from G is calculated using Equation (4):

(Gi_Goffset)
—_ 4)
21':1‘1\/ N

(DG:

where

@ — standard deviation;

G, — primary genes of the data in state i;

G ojiset — Set to the mean of observations on G;

N — number of observation series.

Gopser in the given examples is equal to 0 that corresponds to
a fluorescence ratio 1,0. Then according to Equation (5)
S(X)Y) is calculated; it is equal to Pearson correlation
coefficient for observations (X, Y):

_ 1 Xi=Xogfsety Yi~Yoffset
S(X,Y)—;Zizw( bty (B (s)

Y

where

XY — any two genes;

S(X,Y) — Pearson correlation coefficient;

N — number of observation series.

After determining gene similarity using hierarchical
clustering that is based on average linkage method of Sokal
and Michener Sokal et al.[10] correlation matrixes are
clustered. The algorithm builds a dendrogram that combines
all elements into one tree. For any number 7 of genes in the set
a diagonal similarity matrix is calculated according to metric
that was described previously and that contains similarity
measures for all pairs of genes. Matrix search provides the
most appropriate pair of genes that is added to the matrix as a
new node. Then the search is repeated n-/ times until all nodes
are mutually connected, that is, a dendrogram is built.

To improve the interpretability of the results the authors
used fluorescence coefficient. Every cell is colored according
to the value of this coefficient. Genes that did not change the

145



SCIENTIFIC JOURNAL OF RIGA TECHNICAL UNIVERSITY

Computer Science

Information Technology and Management Science
2010

value of the coefficient (0) are colored black, genes that have a
negative value of the coefficient are colored green but genes
with a positive value of the coefficient are colored red Eisen et
al. [9].

In this research two types of data sets were used — one
depicts a canonical model of the growth response in human
cells Iyer et al. [11], but the other outlines experiments with
yeast.

The experiments with human cells showed the stimulation
of the cells caused by serum that was recorded after various
periods of time: 0, %, %, 1, 2, 3, 4, 8, 12, 16, 20 and 24 hours.
For this purpose a cDNA microarray with nearly 8600 human
genes was used. In the experiments with yeast 2467 genes
were divided into groups according to profiles that contained
similar genes using clustering Eisen et al. [9].

C. Clustering short time series gene expression data

The method proposed by authors is based on initially
adding genes to profiles and then dividing these profiles based
on relevance. The number of profiles P is calculated using
Equation (6):

P = (2c+ )", (6)

where

¢ — controls the amount of changes in a gene that can be

displayed between consecutive moments of time;

n —number of time periods in a data set.

For example, if the number of time periods in a data set is
n=6 and c¢=2, then 5°=3125 profiles are obtained, which is a
very large number. Therefore, the number of profiles should
be lessened. From a set P, containing all possible profiles, a
subset R, RcP should be selected, following the condition that
a minimal distance between profiles in R should be maximized
using Equation (7).

maXgcp minpl,pZER d(p1,p2), @)

where d— distance measure; p,, p, — time series for which d is
calculated.

The set R contains profiles that were selected at this
moment. The next profile that will be added to R will be
profile p;, which is chosen by maximizing Equation (8):

maxp, e(p\r) MiNp,er d(p1, p2). 3

In every iteration the method chooses a profile that is
furthest from all previously chosen R profiles. This procedure
is repeated until all R profiles are selected and the obtained
result is returned to the data set.

Then significant profiles are grouped, increasing the size of
cluster C; around each statistically significant profile p;.
Initially C;= {p;/}, then the method searches for a profile p; that
is the closest to profile p; and does not belong to C;. If the
condition d(p; py<d is true for all profiles p,€C;, then the
profile p; is merged with C; and the process is repeated until
the algorithm stops and C; is declared cluster p;, When all
clusters of significant profiles are obtained, the algorithm

chooses a cluster with the largest number of genes by
calculating the number of genes in each profile cluster. Then
all profiles of this cluster are deleted and the previously
described process is repeated. The algorithm stops when all
profiles are added to clusters. Execution time of the algorithm
depends on the number of significant profiles that usually is
not large Ernst et al. [5].

A data set that was used for experiments consisted of 5000
genes that were described by time series with period length 5
(time intervals — 0, %, 3, 6, and 12 hours). 50 profiles were
used that had the maximum change between consecutive
moments of time where ¢=2. A visualization of the obtained
clustering results that is generated by a specialized tool for
time series processing called STEM is shown in Figure 2.
These profiles that were obtained using clustering show that
from 50 profiles 10 were considered significant (colored
darker in Figure2). This allows drawing biological
conclusions based on the revealed significant profiles Ernst et

al. [5].

Fig. 2. Clustering results with the STEM tool Emst et al. [5]

Only the acquired significant profiles are scientifically
relevant and provide new knowledge that enables drawing
biological conclusions. The essence of these conclusions and
their right interpretation can produce new added value.

IV.CONCLUSIONS

The proposed evaluation of the applied methods proves that
cluster analysis of gene expression dynamics that proposes
using gene clustering based on their dynamics is not
applicable to clustering of short time series. This method is
based on regression and clusters genes that have dynamics that
can be described using autoregressive equations meaning that
this method is effective only when working with long time
series. For example, if regression is applied to time series with
expressions in five moments of time, then only last three can
be used and the first two expressions cannot be regressed.
Such a situation can lead to overfitting and an imperfect
cluster distribution.

The most relevant knowledge gained from this method was
improved and used in the future to develop noise processing
method for expression data and also to achieve better
functionality and find more meaningful clusters based on gene
ontology Wang et al. [4], Wang et al. [12]. By introducing the
ontology gene expression profile was supplemented by noise
measures in the stochastically dynamic model. This allows
determining distribution of noise by analyzing microarrays of
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time series and calculating relationships of short time series
that match the parameter evaluation requirements of multi-
criteria traditional methods Wang et al. [13].

By analyzing the method of cluster analysis and display of
genome-wide expression patterns and the data sets used in
experiments one can conclude that these data sets were
especially useful for division of genes into functional
categories. Hierarchical clustering was used for splitting the
data using links between times series that were defined by
estimating similarity measure based on correlation coefficient.
Positive features of the proposed approach are related to the
use of colors for description of gene correlations. The use of
colors allows visually determining the belonging of genes to
one group or another that relieves interpretation of results.

Another approach that was examined was clustering of
short time series in gene expression data that uses aggregating
genes based on probability assessments of chosen sub-profiles
that were generated independently from short time series data
that were used in experiments. The proposed approach also
provides evaluation of the created method where the authors
chose 50 genes (1%) from the initial data set and generated the
remaining 4850 using the previously examined method. The
results of the experiments show that these three profiles above
diagonal line (see Figure 3) were identified by the algorithms
as noise Ernst et al.[5]. This means that the proposed
algorithm can interpret biological results that generate
biologically valuable data.

Simulated Data with Three Significant Profiles
Planted: Profiles and Significance Regions

Number of Genes Assigned

1 100 150 200
Number of Genes Expacted

Fig. 3. Similar plot for algorithm correctly identified all three planted profiles,
even though each was planted with only 1% of the genes Ernst et al. [5]

The clustering of gene expression data can be described as a
process that creates associations Androulakis et al.[14]
between profiles.

In general, one can conclude that this field is at the very
beginning of research because most of the researches that deal
with processing of short time series use improved methods
that were initially meant to work with long time series.
Unfortunately, modules of these methods are based on
statistical criteria that limit their biological relevance when
used to solve bioinformatics tasks.

Data mining also solves tasks that are related to processing
short time series of demand, e.g. analysis of e-services
demands Kirshners et al. [15] that use combinations of
methods in the research. These combinations include analysis
of time series and data mining methods providing new
knowledge as a result. This allows giving recommendations
for e-service introduction based on this knowledge. Time
series represent frequency of service demands in a defined

2010
period of time. Bioinformatics have similar situation because
not all achieved results are interpretable. Therefore

bioinformatics experts work closely with experts from
industry who can interpret the obtained results.

Data mining also deals with different type of problems that
are related to processing of short time series. Traditional
forecasting systems Montgomery et al. [16] search for patterns
in time series, e.g. fluctuations in exchange rates Flores et
al. [17], but there are tasks where the life cycle of a time series
is short Kirshners et al. [18] and determining regularities in the
functioning of a process is almost impossible. One of these
tasks is the task of analyzing life cycle of a product
Thomassey et al. [19], e.g. the demand of textile goods. It
defines a task that analyzes the behavior of short time series
with a large number of demands and a small number of
periods. To solve the described task, a modified k-means
algorithm was used that determined the optimal number of
clusters in a data set and created profiles based on results of
clustering Kirshners et al. [20]. The features of this method
show a similarity with the approaches described in the article.
Therefore approaches used in this method could also be used
for solving bioinformatics tasks.

The examined results of the inspected methods allow one to
conclude what should be taken into account when developing
a more efficient clustering method for short time series.

V. FURTHER RESEARCH

In the future when creating a new time series clustering
method, more attention should be paid to processes of data
preprocessing and evaluation of obtained results. Data mining
methods require preprocessing and normalization of noisy
time series in the data preprocessing process. The process of
normalization should be inspected in more detail because there
is a chance that different types of time series data require
different data normalization approaches. More attention
should also be paid to determining the number of clusters in
the data set because the methods described in this article did
not analyze this process. It is necessary to create approaches
that would evaluate mistakes made in the process of clustering
because it is hard to validate adequacy of the results of the
created method without the estimation of errors. Interpretation
of results is also very important because results of clustering
using data mining methods do not always show the real cluster
distribution as seen by bioinformatics, therefore the results
should be accurately interpreted. To gain such results the
created method should be evaluated using a data set with
existing results and known distribution of classes or clusters
and the clustering results should be evaluated during the
process of clustering; only this evaluation can indicate
compliance of the method with the analyzed data.

By analyzing the principles used for profile creation in the
examined methods conclusions can be drawn that the use of
these methods effectively helps combining similar time series
in one profile. This approach reduces the number of analyzed
objects and the results are easily visually interpretable from
the point of view of data mining as well as bioinformatics.
Only a combination of all listed methods and approaches
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would ensure creation of an efficient short time series
clustering method for bioinformatics tasks.

It is important to remember that not all results obtained
using data mining methods, even with very good results are
equally efficiently interpretable in the field of bioinformatics.
Therefore differentiation of the obtained results between data
mining and bioinformatics is necessary. Only if experts of
both fields have acknowledged the interpretability of the
results the created method can be accepted as adequate for
solving this type of tasks.
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Arnis Kir$ners, Arkady Borisovs. Isu laika rindu analize génu ekspresijas uzdevumos

Raksta tiek analizétas un apliikotas dazadas klasterizacijas pieejas, kuras tiek izmantotas génu ekspresijas uzdevumos. IzvEletas pieejas ir aplikotas un analiz&tas
no datu ieguves klasterizacijas algoritmu izmantoSanas iesp&ju pielietojuma. Raksta tiek isi aprakstiti aplikojamo metozu un algoritmu darbibas principi,
raksturigakas iezimes un eksperimentos izmantotas datu kopas. Uzskaititi ir eksperimentu rezultati, kas tieSi saistiti ar klasterizacijas algoritmu izmantoSanu
apstradajot 1sas laika rindas bioinformatika, risinot génu ekspresijas uzdevumos. Izdariti secinajumi un veikti novertgjumi par katru no izmantotajam pieejam.
Analiz&tas nakotnes iesp&jas jaunas metodes izveidei, kas balstitos uz datu ieguves pieejam un principiem, bet risinatu bioinformatikas uzdevumus, kuri saistiti ar
1su laika rindu apstradi un iegitie rezultati tiktu interpretéti bioinformatikas specialistiem saprotama veida.

Apnuc Kupmnepe, Apkaauii bopucoB. AHAJIN3 KOPOTKMX BPEMEHHBIX PSII0B B 32/1a4aX 3KCIPECCHU IF'eHOB

B craTthe mpoBezneH aHamM3 U 00030p pPa3sIMYHBIX METOJOB KIACTEPU3ALMH, KOTOPBIC MCIONB3YIOTCS B 3aladyaxX AKCIPECCHH IeHOB. BriOpaHHBIE MeETOHbI
aQHAIM3HUPYIOTCS U PAcCMATPUBAIOTCS C TOUYKH 3PEHHS HNPHMEHEHHS BO3MOXHOCTEH HCIIONB30BAHMS KIACTEPH3AIMOHHBIX AITOPUTMOB B 3ajadax JOOBIMH
NaHHBIX. B craTthe KpaTko M3/I0XEH NPHMHLHUI paboThl pacCMaTpHUBAEMBIX METOJOB M alrOPUTMOB, a TAKKE - XapaKTEPHBIE YEPThl M MCIOJb3yeMble B
9KCHEPUMEHTAaX BBIOOPKM JaHHBIX. IIpuBeneHbI pe3ysbTaThl 3KCIEPHMEHTOB, KOTOPHIE CBA3aHBI C HCIIOIb30BAHMEM KIACTEPH3ALMOHHBIX AITOPHUTMOB, IPU
00paboTKe KOPOTKUX BPEMEHHBIX PSIIOB B 001acTH OHOMH(OPMATUKH, pellas 3aJadd SKCIIPecCHU reHoB. ClenaHsl BBIBOABI M IIPOU3BECHA OIEHKA KaXKIOTo
HCIIONB30BAHHOTO MozaXoja. IIpoaHanu3upoBaHsl BO3MOXHBIE MOJAXO/BI K pa3paboTke B OyIylieM HOBOIO METOJA, KOTOPBI OCHOBBHIBAE€TCS HA HMPHHIMIAX
JI0OBIYM JIaHHBIX, HO B TO JK€ BPEMsl peliaer 3agayu OnoumH(opMaTHKH. DTH 337a4yd CBs3aHbI ¢ 0OpaOOTKOH KOPOTKHMX BPEMEHHBIX PSJIOB, U IOJYYEHHBIC
pe3yIbTaThl JOJKHEI HHTEPIPETHPOBATLCS B BU/E, IOHATHOM I CIICHAINCTOB ONOMH(POPMATHKH.
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