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Abstract 
Time course microarray experiments capture expression levels over time to examine the 
dynamic interaction of gene expression.  Often in temporal microarray experiments, there 
are a limited number of time points taken resulting in short time series data.  This is an 
overview of some techniques, such as STEM and maSigFun, used to analyze 
differentially expressed genes in short time series microarray data.  In particular, this 
examintion is on the statistical models used to analyze temporal gene expression variation 
resulting when yeast (Saccharomyces cerevisiae) cells are exposed to 3-trifluoromethyl-
4-nitrophenol (TFM), an environmental lampricide utilized frequently in the Great Lakes 
and Lake Champlain basins. 
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1.  Introduction 
 
Microarray experiments measure the expression levels of thousands of genes 
simultaneously to study the effect of conditions or treatments on gene expression. Time 
course microarray experiments capture expression levels for a gene over time (the 
temporal profile of a gene) to examine the dynamic interaction of gene expression.  Often 
in temporal microarray experiments, a limited number of time points are taken resulting 
in short time series data.  Conventional methods of time series analysis are only 
applicable to data sampled at many time points. Thus, several algorithms have been 
developed to analyze differentially expressed genes in short time series microarray data.  
The short time series miner (STEM) algorithm was applied to data that was collected to 
assess, at the cellular level, the environmental implications of applying a pesticide to the 
Lake Champlain basin. 
 

2.  Background 
 
2.1  Short time course microarray experiments analysis. 
 
Microarrays measure gene expression levels to help reveal how multiple genes work 
together to respond to both static and dynamic conditions at the cellular level.  Static 
experiments capture a single moment of gene expression.  Time course experiments 
allow the temporal variations of gene expression to be examined.  A vast amount of 
statistical work has been done to examine differential expression in static experiments.  
However, there are few statistical methods to examine temporal differential expression in 
short time series data [Chi, Y. et al. 2007].   
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The established methods for detecting differential expression in static experiments are not 
appropriate for microarray time series data.  These methods fail to account for the 
inherent time dependence of the data [Storey, J. et al. 2005]. Conventional time series 
methods such as auto regression (AR), moving average (MA), Bayesian methods, or 
Fourier analysis modeling have been applied to microarray time series data. These 
methods were derived for long time series data and are not applicable to short time series 
[Kim, J. et al, 2007].  Due to the high costs of the arrays or limited biological samples, 
especially in clinical studies, the most common type of temporal expression data is short 
time series (typically fewer than ten sampled time points) [Wang, X., et al. 2008].   
 
At the core of the analysis of expression data is the concept of similarity, and numerous 
methods have been examined to cluster time-series data.  However, there does not seem 
to be a clear consensus on which algorithm to use that addresses all the challenges of 
short time series microarray data.  Recent efforts to overcome the problems due to limited 
sampling include analysis using simplification strategies and integration of multi-source 
information [Wang, X. et al. 2008].  One method, short time-series expression miner 
(STEM), assigns temporal profiles to predefined clusters (Figure 1). Significant profiles 
are further examined using gene ontology (GO) enrichment analysis [Ernst, J. et al. 
2005].  Another approach is a model-based clustering method that assumes expression 
profiles are clusters in the space of the functional forms (Figure 1) that represent them, 
and if the functional forms are similar, it is a result of the genes being involved in a 
similar cellular process (Androulakis et al., 2007).  The maSigPro methodology is a 
model-based clustering algorithm that uses a two-regression step approach where the 
experimental groups are identified by dummy variables (Conesa et al., 2006). 
 

 
Figure 1: Schematic of clustering algorithm. 

 
2.2  The short time series expression data. 
 
The data was collected with the goal of understanding the molecular and cellular effects 
of chemical exposure of a pesticide on non-targeted organisms. For decades, 3-
trifluoromethyl-4-nitrophenol, or TFM, (lampricide – pesticide) has been used in the 
Great Lakes and the Lake Champlain Basin to control the sea lamprey population.  
(Smith and Tibbles, 1980; Eshenroder et al., 1992).  The goal of reducing sea lamprey 
numbers is to restore game fish populations that have shown a decline due to sea lamprey 
abundance.  However, it is currently unclear whether other organisms in the Lake 
Champlain are being affected by TFM treatment, particularly those species that are 
endangered. (Gilderhus and Johnson, 1980; Matson, 1990; Nettles and Staats, 2001).   
 
The time course microarray experiment exposed Saccharomyces cerevisiae (baker’s 
yeast) with low doses of TFM (0.05mM) over time.  Expression levels were measured at 
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four time points 0 minutes, 60 minutes, 120 minutes and 240 minutes.  There were two 
replicates at each time point and each replicate measures expression levels for 
approximately 5,800 genes. 

3. Methods 
 
3.1   Methodologies for analyzing short time-series microarray data  
 
Analysis of time course data has the potential to generate a wealth of information; 
however, there are many challenges to overcome.  Methodologies need to account for 
multidimensionality, noisy data, non-uniform sampling points, and too few replicates 
(Bar-Joseph, 2004).  
 
3.1.1 STEM 
 
Short Time-Series Expression Miner (STEM) uses simplification strategies and 
integration of multi-source information (Ernst et al., 2005).  STEM assigns temporal 
profiles to a set of representative, predefined profiles (inefficient for long time-series).  
Profiles are considered significant if they have a larger number of genes assigned than 
expected using a permutation test.  Significant profiles are further examined using gene 
ontology (GO) enrichment analysis (Ernst et al., 2005).  
 
Using STEM analysis (figure 2), DNA repair-related genes Ogg1, Pds5, and Rlf2, were 
clustered together in profile 35, while genes Pol30 and Cdc45 were clustered in profile 
44.  Both profiles were found to be significant and were grouped into a single cluster.  
Although Csm2 and Sae2 seem to visually share a similar profile with the genes clustered 
in profile 35, STEM did not identify those genes in any of the significant profiles.  The 
fold change at 1 hour was lower for Csm2, and Sae2 had a slight upregulation between 2 
and 4 hours.  Quantitative PCR yielded results that were consistent with the short time 
course microarray in identifying an upregulation of DNA repair-related genes. 
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Figure 2:  STEM profiles from short time-
series TFM microarray study.  A. The 
profile overview interface from the STEM 
software is shown.  Profile ID number is 
shown at the top left corner of each box. 
Shaded profiles had a statistically significant 
number of genes assigned.   Profiles of the 
same shade represent profiles grouped into a 
single cluster.  B-D.  Temporal profiles are 
shown for the seven DNA repair enzymes 
that were differentially regulated at one hour.  
B. Profiles of Csm2 and Sae2 are shown. C. 
Profiles for Ogg1, Pds5 and Rlf2 (STEM 
profile 35) are shown.  D. Profiles for Pol30 
and Cdc45 (STEM profile 44) are shown. 
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3.1.2 maSigPro 
 
A general regression-based approach for the analysis of single or multiple microarray 
time series could be used to analyze these data. The methodology, named maSigPro 
(microarray Significant Profiles) is a two -step regression strategy that uses the model 
parameters to cluster genes (Conesa et al., 2006). Serial Expression Analysis (SEA) is a 
web site for the analysis of serial gene expression data and contains software for the 
maSigPro analysis (http://bioinfo.cipf.es/seawik).  Figure 3 main characteristics of the 
SEA algorithms (taken directly from http://bioinfo.cipf.es/seawik). Currently, these 
algorithms are being used on the TFM data. 

 

 
Figure 3: Summary of the main characteristics of the SEA algorithms. 

 
3.  Conclusions 

 
The results seem to vary depending on the algorithm used to analyze the data.  Currently, 
maSigPro has not identified the DNA repair gene cluster identified by STEM.  While the 
quantitative PCR yielded results that were consistent with the short time course 
microarray in identifying an upregulation of DNA repair-related genes, it is likely that 
significant temporal gene expression changes were missed between 0 and 1 hour, 1 and 4 
hours, and 4 and 12 hours.  Furthermore, in the microarray experiment, thousand of genes 
were profiled simultaneously with very few time points represented, making it difficult to 
determine significant biological changes versus patterns altered due to random chance 
(Bar-Joseph, 2004; Ernst et al., 2005).  Since the study did not compare the TFM 
exposure samples against controls, it is difficult to conclude that changes in the 
regulatory process are due specifically to the TFM treatment.  However, this preliminary 
study shows some of the limitations in attaining valuable information from short time 
series microarray experiments. 
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