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1 Executive Summary  
 
Cell cycle-regulated transcription is one of the focus areas of the DIAMONDS project 
and this WP3 deliverable reports on the development and deployment of state-of-the art 
computational methods to the cell cycle microarray expression data collected and 
generated in WP1.  
 
 
2 Background  
 
It has been clear for many years that certain genes are expressed only at specific 
stages of the cell cycle (e.g. the cyclins and the histones). These genes consequently 
exhibit  a periodic pattern of expression when monitored during consecutive cell cycles. 
The extent of this transcriptional regulation was, however, unclear until the publication of 
two genome-wide DNA microarray studies of the Saccharomyces cerevisiae cell cycle 
(Cho et al., 1998; Spellman et al., 1998). These studies concluded that 400-800 genes 
fluctuated in expression during the cell cycle, but did not agree on exactly which genes 
to consider as periodically expressed. Similar investigations were later performed using 
microarrays in human fibroblasts (Cho et al., 2001), in HeLa cells (Whitfield et al., 2002), 
in fission yeast (Rustici et al., 2004; Peng et al., 2005; Oliva et al., 2005) and in the plant 
Arabidopsis thaliana (Menges et al., 2003). Each of these studies have aimed at 
defining the cell cycle regulated (or periodically expressed) subset of the genome in 
each organism. 
 
From the beginning it was apparent that different experiments, when analyzed alone, 
yielded different results and this has in turn inspired the development of a large number 
of computational methods for identifying the genes that fluctuate most significantly with 
progression through the cycle (Spellman et al., 1998; Zhao et al., 2001; Langmead et 
al., 2002, 2003; Johansson et al., 2003; Lu et al., 2004; Luan and Li, 2004; Wichert et 
al., 2004; de Lichtenberg et al., 2005a; Ahdesmäki et al., 2005; Chen, 2005; Willbrand et 
al., 2005; Qiu et al., 2006; Ahnert et al., 2006; Andersson et al., 2006). Most of these 
have been applied to the budding yeast data (Cho et al., 1998; Spellman et al., 1998) 
and the lack of overlap between the predictions form different methods have led to a 
widespread confusion over the number and identity of cell cycle regulated (or 
periodically expressed) genes in budding yeast. Recently, three different experimental 
studies of the fission yeast cell cycle have also arrived at different and only partially 
overlapping subsets of the genome. 
 



In the context of the DIAMONDS project, we have been working hard to find the best 
way of analyzing the cell cycle gene expression data and to resolve the apparently 
conflicting evidence from different experimental and computational studies. We report 
here on this work.  
 
 
3 Results  
 
3.1 Benchmarking computational methods 
 
Virtually all computational methods for identifying periodically expressed genes from 
microarray data have been applied to the three original S. cerevisiae time-series 
published by Spellman et al. (1998). Unfortunately, the predictions from these methods 
are far from overlapping and although most studies agree that there is in the order of 
300-800 periodically expressed genes in budding yeast, they do not agree on their 
identity. In fact, more than 1800 genes have been proposed in total, equivalent to every 
third gene in the genome. 
 
The key problem is that no external benchmark set (a set of genes known or expected to 
be cell cycle regulated) existed to settle which methods work best. In order to resolve 
the issue, we (DIAMONDS partner 5, Søren Brunak) therefore collected sets of genes 
for which there was some independent source of evidence which would suggest cell 
cycle-regulated transcription (de Lichtenberg et al., 2005a) and measured the ability of 
each method to identify genes from those sets. A good method was thus defined as one 
that identifies genes for which other independent experimental evidence suggest cell 
cycle regulation. 
 
The results were highly surprising and showed that the majority of the methods 
developed after the original approach by Spellman et al. (1998) in fact performed much 
worse (de Lichtenberg et al., 2005a). 
 
For use in DIAMONDS, we developed our own algorithm and showed that it performs as 
good or better than all other methods (de Lichtenberg et al., 2005a). The method 
consists of two statistical test which separately quantifies the significance of periodicity 
and regulation for each gene. This aspect of our method also allowed us to explain the 
poor performance of many of the newly developed methods. It turns out that the 
performance of a method is strongly related to whether it takes into account the 
magnitude or significance of regulation of the gene. The magnitude of regulation is part 
of the methods by Spellman et al. (1998), Johansson et al. (2003) and de Lichtenberg et 
al. (2005a), which top the ranking, whereas the later methods only assess the periodicity 
and consequently loose part of the signal. The results of the benchmark analysis was 
confirmed when looking at the overlap between genes identified as periodic in individual 
experiment: the magnitude-dependent methods yield a better overlap than do methods 
which only take into account the shape of the profile (de Lichtenberg et al., 2005a). 
 



Since the publication of the benchmark analysis, several new methods have appeared in 
the literature (Ahdesmäki et al., 2005; Chen, 2005; Willbrand et al., 2005; Qiu et al., 
2006; Ahnert et al., 2006; Andersson et al., 2006). Figure 1 shows an updated version of 
the performance of all methods published to date on benchmark set B2, which consists 
of 352 genes whose promoters are associated with at least one known cell cycle 
transcription factor (de Lichtenberg et al., 2005a; Simon et al., 2001; Lee et al., 2002). 
The results show that none of the newly published methods yield any improvement over 
the original analysis and confirm that our method represents state-of-the-art. In 
collaboration with DIAMONDS partner 11 (Jürg Bähler), we have recently performed a 
similar benchmark for ten experiments on the fission yeast cell cycle which show that in 
our method in all cases yield results that are as good or better than the original analysis 
of the data. 
 
In conclusion, the benchmark shows that we have developed a computational method 
for identifying cell cycle-regulated genes, which ranks among the best. The algorithm 
has been implemented into the super-computing facility run by DIAMONDS partner 5 
(Søren Brunak) and will be applied to the data generated and collected in WP1. 
Whereas the results of the method will all be made available to both DIAMONDS 



  
Figure 1: Comparison of published methods. The fraction of the benchmark set that is 
identified is plotted as a function of gene rank for each method, experiment, and 
benchmark set. Methods which published a ranked list of genes appear as a curve, 
whereas unranked gene lists appear as points. Random performance is shown as a 
black dotted line. 
 
partners and the general community, the algorithm itself is not suited for incorporation 
into routine applications as it relies on permutations that are computationally heavy. For 
this, we instead recommend a fourier-scoring approach similar to that used by Spellman 
et al. (1998), as it performs nearly as good and is computationally much easier to 
handle.  
 
3.2 Application of the new method to experimental data  
 
The algorithms developed for this DIAMONDS deliverable (de Lichtenberg et al., 2005a) 
has been(or will be) applied to the many gene expression data sets generated or 



collected in WP1. For each gene, the method quantifies the significance of regulation 
and periodicity of its expression profile as well as identifies the time of peak expression. 
The method can analyze single experiments, but also combine the evidence for any set 
of time-series. Based on the combined sum of experimental evidence within an 
organism, the goal is to transform the raw experimental data from WP1 into information 
of the periodicity and temporal behavior of each gene in the genome. 

 
 

 
Figure 2: Reproducibility in single microarray experiments. Reproducibility of genes 
identified in two experiments analysed by the method of de Lichtenberg et al.(2005a). 
Each bar shows the average number of overlapping genes among two different 
experiments analyzed individually when using the 300  
Highest ranking genes from each experiment (left), or using the genes ranked from301-
600 (middle) and 601-900 (right). The comparisons are subdivided based on whether 
the experiments were performed in the same laboratory and by using the same protocol 
for cell-cycle synchronization. There is good reproducibility among the 300 highest 
ranking genes, but the reproducibility drops close to random expectation (19 genes) for 
genes in the second and third sets.  
 
In budding yeast, we have analyzed data generated in our own lab (de Lichtenberg et 
al., 2005b), data from the three original experiments (Cho et al., 1998; Spellman 



etal.,1998), as well as data from Linda Breeden’s group at the Fred Hutchinson Cancer 
Research Center(unpublished results). In collaboration with DIAMONDS partner 11 
(Jürg Bähler), we have also performed a comprehensive analysis of all ten experiments 
available on the fission yeast cell cycle (Marguerat et al., 2006). These include the five 
experiments performed by partner 11 (Rustici et al., 2004), as well as two smaller data 
sets performed by other groups (Peng et al., 2005; Oliva et al., 2005). We are currently 
working on similar analysis of publicly available data sets on the human and plant cell 
cycle. 
 
In all cases, our results have been as good or better than previous analyses and the 
combined set of analysis offers a unique platform for future work in DIAMONDS. An 
additional advantage is that the data is consistent across organisms, because it has all 
been generated with the same state-of-the-art method. 
 
A number of conclusions can be drawn from these analyses: single microarray 
experiments are subject to a considerable level of noise and many independent 
experiments are needed to extract the underlying signal. As part of the collaboration with 
partner 11 (Jürg Bähler), we recorded the overlap between the 300 highest ranking 
genes in all pairwise comparisons of the ten experiments and found that the typical level 
of reproducibility is less fifty percent (Figure 2). 
 
Interestingly, however, the biases from experiments performed in different labs or via 
different synchronization techniques were relatively modest and of similar magnitude. 
Taken together, these results indicate that the lack of overlap between different studies 
arises mainly because most groups analyze only their own (small) data set and because 
each group uses their own computational method (i.e. definition of periodicity). 
Analyzing all data in combination yields the most reliable results and draws a consistent 
picture of the transcriptional dynamics in each organism. 
 
 
4 Conclusions  
 
A computational algorithm has been developed for the identification of cell cycle 
regulated genes and a thorough benchmark shows that this algorithm represents state-
of-the-art. The method has been applied to the data generated or collected in WP1 and 
both the algorithm as well as the results will be made available to both DIAMONDS 
partners and the scientific community. In conclusion, the requirements for this 
deliverable are fulfilled.  
 
 
5 Perspectives  
 
In connection with the generation and collection of experimental data sets in WP1, this 
and other algorithms related to DIAMONDS will create a unique source of high quality 
data on the regulation of the cell cycle across different organism. Apart from use in the 
context of DIAMONDS, we envision that these data will benefit the entire cell cycle 



community. Already now, results generated with our computational method de 
Lichtenberg et al. (2005a) have been used in work outside DIAMONDS (Gavin et al., 
2006; Sopko et al., 2006). 
 
Publications and resources related to this deliverable  
 

• Comparison of computational methods for the identification of cell  cycle 
regulated genes, de Lichtenberg, U, Jensen, LJ, Fausboll, A, Jensen, TS, 
Bork, P and Brunak, S, Bioinformatics, 2005, 21(7):1164-1171. 
This paper describes the method developed by partner 5 and presents the first  
benchmark of computational methods for identifying cell cycle regulated genes.  

 

• New weakly expressed cell cycle-regulated genes in yeast, de Lichtenberg, 
U, Wernersson, R, Jensen, TS, Nielsen, HB, Fausbøll, A, Schmidt, P, 
Hansen, FB, Knudsen, S, and Brunak, S, Yeast, 2005, 22(15):1191-1201. 
This paper describes the data generated by partner 5 to which a modified version  
of the permutation-based method was applied to identify weakly expressed cell  
cycle regulated genes.  
 

• The more the merrier: Comparison and integrative analysis of microarray 
studies on cell-cycle-regulated genes in schizosaccharomyces pombe, 
Marguerat, S, Jensen, TS, de Lichtenberg, U, Wilhelm, BT, Jensen, LJ and 
Bähler, J, Yeast, 2006, 3(4):261-77. 
This paper describes the combined analysis of all ten experiments in fission yeast 
performed in collaboration between partners 5 and 11.  

 

• www.cbs.dtu.dk/cellcycle.  
This website contains the final results of our analyses in addition to benchmark 
sets and supplementary information on our work. 
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