
 

 

Introduction 
 
There are a wide variety of approaches for data 
mining microarray datasets (including clustering 
and statistical coexpression networking), but 
knowledge-based approaches which integrate 
known gene information from various data-
bases with statistical analysis methods are be-
coming increasingly common in the field of bio-
informatics [1]. For example, microarray gene 
expression data can be combined with genome 
sequence data to detect genetic regulatory ele-
ments controlling transcription [2], or it can be 
combined with known transcription factors and 
their targets to identify genetic regulation pat-
terns useful for identifying novel transcription 
pathways [3]. Another approach is to reduce the 

gene set to include only genes with known func-
tions, and analyze their coexpression to find 
novel gene relationships in the dataset [4].  
More often, a variety of clustering methods are 
applied to gene coexpression data, and the 
common functions of genes within clusters are 
identified in order to attempt to discover the 
functions of other unstudied genes in the clus-
ters [5-8]. Almost all of these functional ap-
proaches utilize the Gene Ontology project data-
bases, which characterize the functions of 
genes based on several categorizations (http://
www.geneontology.org/). 
 
The analysis of microarray datasets is compli-
cated by the presence of biological noise 
(resulting from real changes in expression levels 
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between different conditions and cell types) and 
experimental noise (resulting from differences 
in sample preparation, hybridization of cDNA to 
the probes, and reading of the wells on the gene 
chip) [9]. Both of these sources of noise can 
limit the biological relevance of the results of 
microarray data mining [9].  
 
One method employed for reducing noise in 
gene coexpression networks is to remove genes 
with a high-degree of inter-replicate variability. 
Typically, false discovery rate (FDR) filtering is 
used to remove highly variable genes, because 
it allows the user to define an acceptable pro-
portion of false positives in the dataset [10, 11]. 
The calculation of FDR incorporates the propor-
tion and distribution of truly differentially ex-
pressed genes, measurement variability and 
sample size, and thus is very useful to measur-
ing variability in microarrays [11]. FDR filtering 
is typically used to identify and remove highly 
variable genes before applying fold change fil-
tering, but may be exclusively used when pool-
ing together many datasets of various treat-
ments, in which case the fold change statistic 
cannot be calculated [4].  
 
Another method for reducing noise in gene co-
expression networks is to remove genes exhibit-
ing low fold changes between treatments. There 
is no generally accepted method for setting a 
threshold for this cut-off. Different approaches 
are to only keep genes exhibiting two-fold 
changes, to apply a t-statistic cutoff to keep only 
genes with significant changes, or to filter out 
genes which have fold changes below 30%, 
which is an estimate for the minimum biologi-
cally relevant change [12, 13]. There are sev-
eral drawbacks to reducing the dataset size 
simply by setting differential expression cutoffs. 
First, it does not account for variability in the 
data, so high fold changes could be measured 
due to high background noise in gene expres-
sion, which is a particular problem for genes 
with very low expression levels [6]. Secondly, 
with a high fold change threshold, genes with 
relatively small but reproducible fold changes 
may be filtered out, which is a problem of par-
ticular importance for genes with high constitu-
tive expression levels [6].  
 
A common strategy for data mining microarray 
data using a knowledge-based clustering ap-
proach is to normalize the data, reduce the 
noise in the dataset by filtering out genes with a 

high degree of variability and low fold changes, 
cluster the genes, and then annotate the genes 
to analyze the biological functions of the clus-
ters [6-8]. This knowledge-based approach is 
capable of identifying upregulated clusters of 
functionally related genes [14], but when study-
ing specific pathways, functionally important 
genes may be removed from the dataset by the 
filtering process.  
 
The approach outlined in this paper overcomes 
this problem by annotating the probes first, sav-
ing genes important to the pathway being stud-
ied. After this step, genes with very high expres-
sion levels were also saved before filtering out 
highly variable genes and genes with low fold 
differences (Figure 1). After filtering, all of the 
genes in the dataset were clustered using two 
different clustering approaches (K-means and 
Markov Clustering Algorithm [MCL]). At this 
point in the analysis, a novel key gene approach 
is used to group and compare clusters. Key 
genes of interest to the study were located in 
both the K-means and MCL clusters, and the 
common genes to both of these clusters were 
identified and ranked based on their Pearson 
correlations to the key gene.  
 
Microarray expression datasets from three dif-
ferent strains of Arabidopsis thaliana plants 
were used for this experiment: A wild-type plant 
(“WT” treatment), one in which phytochromes 
have been inactivated in the leaf (“Leaf” treat-
ment) and one in which phytochromes have 
been inactivated in the whole-plant (“Whole” 
treatment) [15]. Phytochromes are proteins 
which are activated directly by light, then travel 
into the nucleus where they activate transcrip-
tion factors in order to regulate light pathways 
[16]. By degrading phytochromes, there will be a 
strong downregulation of light-regulated genes 
in the “Leaf” and “Whole” plants mutant pheno-
types, so they will be used for studying light sig-
nalling pathways [16].  All three potential combi-
nations of treatments were compared in this 
study: WT-Leaf, WT-Whole and Leaf-Whole. The 
Leaf-Whole dataset was expected to have lower 
fold changes and more noise than either of the 
other dataset combinations because phyto-
chromes have been inactivated in both treat-
ments.  
 
The analysis methods outlined in this paper 
create small, ranked gene clusters developed 
for target light-regulation genes. These common 
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Figure 1. A flowchart describing the network filtering procedure used. “AT numbers” are gene identifiers provided by 
TAIR. Grey rectangles (numbered) represent major steps in the analysis, and correspond to the steps in the methods 
section of this paper. Black rectangles represent groups of probes or genes which were removed from the dataset. 
White rectangles represent groups of genes or probes which are retained in the dataset, but are subject to subse-
quent filtering steps. Dotted rectangles represent groups of genes which are retained in the final dataset and are not 
subject to further filtering.  
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clusters have a degree of coexpression in the 
common cluster lists, and many biologically rele-
vant gene relationships, as well as many novel 
ones, were observed in the data. 
 
Materials and methods 
 
Materials for microarray sample preparation 
 
RNA was extracted and measured from seven-
day old whole-Arabidopsis seedlings using stan-
dard methods for Affymetrix gene chips (The 
Arabidopsis ATH1 Genome Array; Affymetrix, 
Santa Clara, CA). The RNA extraction and mi-
croarray analysis was performed in triplicate for 
each plant using a procedure described by the 
manufacturer (Affymetrix).    
 
Normalize the dataset using RMA normalization 
 
First, RMA normalization was applied to the raw 
signal data, as this normalization method has 
been found to significantly reduce background 
noise, while still maintaining fold changes be-
tween up- and down-regulated genes [17, 18]. 
The “affylmGUI” package available as part of 
the Bioconductor software package for R was 
used to perform the normalization [19]. 
 
Annotate the dataset using current gene      
descriptions 
 
Annotation and gene ontology data was re-
trieved from The Arabidopsis Information Re-
source (TAIR) database (Genome release ver-
sion 8, available for download from ftp://
ftp.arabidopsis.org/home/tair/Genes/
TAIR8_genome_release/). TAIR is the largest 
collective database for Arabidopsis gene data, 
and consists of genes identified by a combina-
tion of manual and computational methods 
[20]. At this stage in the analysis, Affymetrix 
probes not matching any genes were removed 
from the dataset, and two or more probes that 
matched the same gene were combined by av-
eraging the values. 
 
Identify and save important key genes involved 
in the target process 
 
a) In this step, genes with important functions 
were identified, both by identifying specific 
genes involved in the target pathway and by 
searching all of the genes in the dataset for im-
portant functions by identifying “keywords” in 

both their “gene model description” (provided 
by TAIR) and their gene ontology functions. Be-
cause the gene model description contains a lot 
of detailed information about the gene function 
(including relationships to other genes and up-
stream and downstream effects on many path-
ways), far more functionally important genes are 
saved from filtering using this method than by 
relying only on gene ontology.  
 
Keywords must be chosen based on the goals 
of the research study, so the choice of relevant 
keywords requires some manual input by the 
researchers. Choosing broader keywords will 
save more genes based on function.  After iden-
tifying the gene descriptions containing relevant 
keywords, the number of genes can be ana-
lyzed, and keywords can be added or removed 
to adjust the number of genes saved based on 
keywords. 
 
b) At this point, there are still several probes in 
the dataset which have multiple genes 
(homologs) annotated to them. Sometimes, this 
occurs because there are several names as-
signed to the same gene in the literature, but 
often the sequences for several genes will be 
similar enough that they both bind to the same 
probe. There is no standard method for dealing 
with this problem. For this analysis, we have 
separated these genes into three categories: i) 
Probes with multiple genes that contained one 
of the keywords were saved from further filter-
ing, to be included in the final network. ii) A 
“broad” keyword search using broader biologi-
cal keywords which match many genes (e.g. 
“transcription”) was applied on the probes with 
multiple genes. These probes were put through 
the rest of the filtering analysis (steps 4 through 
6). iii) Probes with multiple genes that contained 
neither a keyword nor a “broad” keyword were 
discarded from the dataset. 
 
Save genes with high expression levels 
 
At this point in the analysis, filtering is per-
formed based on signals, so the three treat-
ment combinations had different sets of results. 
The high expression level cutoff step is applied 
because genes with high expression levels may 
have relatively low but consistent fold changes, 
which would otherwise be removed by fold 
change filtering. The frequency distribution of 
the expression levels for all of the genes in a 
microarray experiment is expected to fit a     



Computational analysis methods for gene expression  

 
 
55                                                                                                          Int J Biochem Mol Biol 2010:1(1):51-68 

normal distribution for microarrays with suffi-
cient background noise reduction [21]. Genes 
with a fold change higher than two standard 
deviations above the mean were saved from 
further filtering. This cutoff value was chosen 
because it is a parametric measure, and given a 
normal curve, this will result in only approxi-
mately 2.2% of the total dataset being saved 
due to high expression levels. 
 
Remove highly variable genes using FDR 
 
The “significance analysis of microarray” (SAM) 
excel plugin software package was used to cal-
culate local and global FDR values for each of 
the datasets [22]. The first FDR value below 5% 
was used, to achieve datasets with a false dis-
covery rate of less than 5%. This threshold cut-
off of 5% or less is the most commonly used 
FDR cutoff for microarray datasets [10, 11]. 
 
Remove genes with low fold changes 
 
Genes with expression levels above two stan-
dard deviations above the mean and below two 
standard deviations below the mean were 
saved in the dataset, and the rest were dis-
carded from the dataset. Similarly to the expres-
sion level filtering in step 4, this parametric cut-
off was chosen because the fold difference dis-
tribution follows a normal distribution. Using two 
standard deviations above and below the mean 
as a cutoff results in approximately 4.4% of the 
remaining genes being saved in the dataset. 
  
Calculate the Pearson correlation between each 
gene pair remaining in the dataset 
 
Coexpression measurements for each gene pair 
are typically measured by calculating the Pear-
son correlation value between the gene signal 
intensity patterns [6, 8, 14]. In this study, Pear-

son correlations were calculated for each gene 
pair using the normalized expression levels cor-
responding to each analysis (e.g., the three rep-
licates for WT and the three replicates for Leaf 
were compared for each gene pair in the WT-
Leaf analysis, resulting in 6 expression values 
being used to calculate the Pearson correlation 
values for each gene). The absolute values of 
the Pearson correlations were used throughout 
the rest of the analysis. 
 
Rank the genes according to their Pearson   
correlation 
 
The Pearson correlation values were converted 
to ranks, so that the most closely related genes 
to a target gene had the lowest rank values. 
Table 1 demonstrates this conversion, with the 
Pearson values in the left hand table, and the 
rank values in the right hand table. The ranks 
are calculated vertically, and do not apply hori-
zontally across the table. 
 
Apply K-means and MCL (Markov Clustering 
Algorithm) to the dataset 
 
K-means clustering (the most popular clustering 
method for microarray analysis) clusters groups 
of related genes by defining cluster centers in 
the dataset and then arranging the genes such 
that their coexpression will be closest to the 
most correlated center [23]. Another clustering 
method which is becoming popular for use in 
microarray analysis is the MCL clustering, which 
analyzes various random paths through the con-
nections in a dataset, removes edges connect-
ing clusters, and identifies related clusters with 
high precision [14, 24, 25]. In this study, both 
clustering methods were used to cluster genes 
based on the absolute Pearson correlation val-
ues. For K-means clustering, each of the data-
sets was split into 25 clusters. The R command 

Table 1. The conversion of Pearson correlation values to ranks 

 

Absolute Pearson Correlations Gene Ranks 

  Gene A Gene B Gene C Gene D   Gene A Gene B Gene C Gene D 

Gene A 1 0.2 0.5 0.9 Gene A 1 4 3 2 

Gene B 0.2 1 0.3 0.6 Gene B 4 1 4 4 

Gene C 0.5 0.3 1 0.8 Gene C 3 3 1 3 

Gene D 0.9 0.6 0.8 1 Gene D 2 2 2 1 
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“kmeans” was used to calculate these clusters. 
MCL clustering was performed using the freely 
available linux package provided by the algo-
rithm’s author [24]. The default inflation value 
was used, and the pre-inflation value was 
changed to adjust the number of clusters pro-
duced. The target number of 25 clusters re-
sulted in one cluster being very large (usually 
90% of the dataset), so this cluster was then 
split again into 25 clusters until each cluster 
contained less than 200 genes. This was done 
because the authors of this paper decided that 
clusters of greater than 200 genes were too 
large to be useful for novel gene identification. 
 
For both the K-means and MCL clustering tech-
niques, the number of clusters and the size of 
each cluster can be adjusted by the user (by 
either directly entering number for K-means 
clustering and by adjusting the pre-inflation pa-
rameters for MCL clustering). For this study, the 
approximately 1,000 genes in each dataset 
were separated into 25 clusters, resulting in 
clusters with an average of approximately 40 
genes each. GSEA analysis showed that clusters 
smaller than these have significantly lower en-
richment scores for both the MCL and K-means 
clustering methods (supplemental data avail-
able).  
 
Identify clusters containing key genes and rank 
clustered genes to key genes 
 
11 Key genes which are important for phyto-
chrome-mediated light signalling were identi-
fied. For each of the 11 key genes in each treat-
ment combination, four lists were generated: 
The ranked list of every gene in the dataset, the 
genes sharing the same K-means cluster, the 
genes sharing the same MCL cluster, and the 
common genes to both the K-means and the 
MCL clusters. All of the clusters have the gene 
ranks applied to them, so that the key gene is 
on the top of the list and the next most closely 
related gene is next.  
 
GSEA and AmiGO analyses 
 
Gene Set Enrichment Analysis (GSEA) is a useful 
algorithm and software suite that determines 
the degree to which a group of genes are signifi-
cantly related by calculating an enrichment 
score for the gene group based on common 
biological functions, chromosomal locations, or 
regulatory patterns [26]. GSEA was employed to 

analyze each gene cluster derived for each of 
the 11 key genes [27].  
  
AmiGO is a gene ontology analysis tool which 
can determine the percentage of genes in each 
gene group represented by several important 
light-related ontology categories  (http://
amigo.geneontology.org/cgi-bin/amigo/
slimmer) [28]. 
 
Currently, a fair amount of manual intervention 
is necessary to develop the cluster lists, as 
there is no program available to carry the data-
set through each of the steps. When software 
packages were used for certain steps, they were 
indicated in the methods. Otherwise, the data 
manipulation was performed using Microsoft 
Excel 2007. The filtering steps have been stan-
dardized wherever possible, but the choice of 
keywords by the user will determine the amount 
of data that will be saved due to gene function.  
 
Results 
 
RMA normalization 
 
The Affylmgui software was used to RMA nor-
malize signal data for 22,810 probes (Figure 1). 
 
Gene annotation 
 
Figure 1 indicates the number of genes re-
moved from the dataset due to a lack of annota-
tion in the TAIR database or due to probe dupli-
cation. 
  
Identify and save important key genes involved 
in the target process (light regulation) 
 
For this analysis, 11 key genes involved in phy-
tochrome-mediated light signalling and 60 
genes known to be related to them were saved. 
In addition, the keywords “Phytochrome, PhyA, 
PhyB, PhyC, PhyD, PhyE, CAB (Chlorophyll A/B-
binding), chromophore, photomorphogenesis” 
were used to identify other genes involved in 
light response. The “broad keywords” used to 
identify probes with multiple genes which were 
to be saved were “Photo, light, chloroplast, tran-
scription, kinase and auxin”. 
 
Saving genes with high expression levels 
 
The highest average intensity between two 
treatments was used to represent each gene for 
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this step in the analysis. Figure 2 shows the 
distribution of the normalized gene intensities in 
the dataset. Despite a dip in the shape of the 
curve (at a signal intensity of approximately 
5.5), the data fit a normal distribution with an 
R2 of at least 0.88 for all three datasets (Table 
2). 
 
FDR filtering 
 
The datasets containing the “Whole” dataset 
had less genes remaining after FDR filtering 

(834 and 825 compared to 5950 for the WT-
Leaf dataset) (Table 3).  
 
FDR values were calculated for the genes saved 
due to keyword and high expression level filter-
ing. We found that, on average, 62% of impor-
tant functional genes and 57% of genes with 
high intensity levels would have been removed 
due to FDR filtering, had they not been saved in 
the previous steps. The proportion of genes that 
would have been removed was much lower for 
the WT-Leaf dataset (33%) than for the WT-

Table 2: Parameters used for saving genes based on high expression levels  

 

Figure 2. The frequency distri-
bution of probe intensities for 
the three datasets. Black dia-
monds and the black line repre-
sent genes from the WT-Leaf 
dataset, grey circles and the 
grey line represent genes from 
the WT-Whole dataset, and 
stars and the dashed line repre-
sent genes from the Leaf-Whole 
dataset. 

Dataset Cutoff (Signal In-
tensity) Fit to Normal Curve # Genes Saved # Genes Remaining 

WT - Leaf 11.24 0.880 712 20188 

WT - Whole 11.33 0.886 573 20327 

Leaf - Whole 11.35 0.880 541 20359 

Table 3: Parameters used for filtering out highly variable genes in the datasets  

 

Dataset Delta FDR after filtering # Genes Removed # Genes Remaining 

WT - Leaf 1.05 4.70% 14238 5950 

WT - Whole 1.29 4.39% 19493 834 

Leaf - Whole 1.28 4.21% 19534 825 
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Whole (70%) and Leaf-Whole (72%) datasets. 
 
Fold difference filtering 
 
Figure 3 shows the distribution of all the genes 
in each of the three treatment combinations. 
Note that there are far less genes included in 
the WT-Leaf and Leaf-Whole datasets due to 
FDR filtering. The fit for these datasets to a nor-
mal distribution is lower (0.667 and 0.684) than 
for the WT-Leaf dataset (0.805) (Table 4). 
 
Calculating Pearson correlations for each gene 
pair 
 
The number of genes remaining in each dataset 
after FDR and fold difference filtering is summa-
rized in Table 5. The frequency distribution of 

the absolute Pearson correlations can be seen 
in Figure 4, and the frequency distribution of the 
connectivity of the genes in the dataset is 
shown in Figure 5. This figure shows the num-
ber of significant correlations (>0.95) that each 
gene has in each dataset.  
Gene ranking 
 
The gene lists were ranked based on their corre-
lation to each of the target genes, and these 
ranks were later used to order the genes in 
each cluster. 
 
Clustering  
 
MCL and K-means clustering was applied to the 
datasets for each of the three treatment combi-
nations. 

Figure 3. The frequency dis-
tribution of fold differences 
for the three datasets. Black 
diamonds and the black line 
represent genes from the WT-
Leaf dataset, grey circles and 
the grey line represent genes 
from the WT-Whole dataset, 
and stars and the dashed 
line represent genes from the 
Leaf-Whole dataset. 

 
 
Table 4. Parameters used for filtering out genes with low fold changes in each of the datasets 

 

  Cutoff Between       

Dataset (Low) (High) 
Fit to Normal 

Dist 
# Genes Re-

moved 
# Genes Re-

maining 

WT - Leaf 0.7019 1.316 0.805 5699 251  

WT - Whole 0.759 1.342 0.667 704  130  

Leaf - Whole 0.838 1.404 0.684 778  47 
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 Table 5. Descriptions of gene groups used, including the total number of genes, the percentage of genes 

      
Reason for Keeping Gene in List                    

(Average Percentage of Genes in Group)   

Treat-
ment Cluster Type 

Average 
Number of 

Genes 

Import-ant 
Gene 

Key-
word 

Intens-
ity 

Low Variabil-
ity/ High Fold 

Change 

Average 
GSEA En-
richment 

Score 

WT-Leaf 

Entire Filtered List 1346 5.3% 23.2% 52.9% 18.6%   
Ranked Lists  

(Top 100) 100 7.4% 24.5% 54.2% 13.9% 0.445 

K-Means 40.5 11.0% 28.7% 52.3% 8.0% 0.343 

MCL 25.3 8.3% 27.9% 54.9% 8.9% 0.310 

Common 9.5 13.5% 25.9% 52.7% 8.0% 0.335 

WT-
Whole 

 
Entire Filtered List 

 
1086 

 
6.5% 

 
28.8% 

 
52.9% 

 
11.8% 

  

Ranked Lists 
(Top 100) 100 7.3% 28.6% 59.3% 4.9% 0.275 

K-Means 45.8 7.3% 30.8% 59.7% 2.2% 0.313 

MCL 34 7.8% 32.6% 56.7% 10.1% 0.344 

Common 16.3 6.1% 35.0% 54.5% 4.4% 0.428 

Leaf-
Whole 

 
Entire Filtered List 

 
971 

 
7.3% 

 
32.1% 

 
55.7% 

 
4.8% 

  

Ranked Lists 
(Top 100) 100 9.0% 35.8% 54.5% 0.7% 0.255 

K-Means 33.6 9.9% 36.0% 54.1% 0.0% 0.321 

MCL 37.3 11.8% 32.3% 55.8% 0.0% 0.252 

Common 16.1 10.3% 33.7% 56.0% 0.0% 0.338 

Average 
of All 
Treat-
ments 

 
Entire Filtered List 

 
1134.3 

 
6.4% 

 
28.0% 

 
53.8% 

 
11.8% 

  

Ranked Lists 
(Top 100) 100 7.9% 29.6% 56.0% 6.5% 0.325 

K-Means 40.0 9.4% 31.8% 55.4% 3.4% 0.326 

MCL 32.2 9.3% 30.9% 55.8% 6.3% 0.302 

Common 14.0 10.0% 31.5% 54.4% 4.1% 0.367 

  
 
 
 
 
 
 
 
 
Figure 4. The frequency distribution of 
Pearson correlations between each 
gene pair in each dataset. Black dia-
monds and the black line represent 
genes from the WT-Leaf dataset, grey 
circles and the grey line represent 
genes from the WT-Whole dataset, and 
stars and the dashed line represent 
genes from the Leaf-Whole dataset. 
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Identifying common clusters 
 
The MCL and K-means clusters containing each 
of the 11 key genes were identified. A list of the 
genes common to both of these clusters was 
developed (See Tables 7 and 8 for an example 
of one of these lists). On average, 39% of the 
genes in the K-means and MCL clusters were 
found in both of the clusters. Table 5 shows the 
average number of genes in each gene cluster, 
as well as the average percentage of genes in 
each cluster that were included due to various 
steps in the filtering process. 
 
GSEA and AmiGO analyses 
 
Table 5 shows the average enrichment scores 
for each of the 11 key gene clusters based on 
GSEA analysis. 
 
Table 6 shows the results from a gene ontology 
analysis. Gene groups composed of 5 or fewer 
genes were not included in this analysis, as they 
tended to strongly bias the results, and the key 
genes used to identify the important clusters 
were removed from the analysis in order to 
avoid the bias that they introduce. 
 
Discussion 
  
The microarray analysis method outlined here 
combines the advantages of several microarray 
analysis techniques. It results in the develop-
ment of short lists of genes most closely related 

to target genes by filtering out genes with high 
variability and low fold changes without remov-
ing functionally important genes, and then relies 
on two separate clustering methods to find 
genes closely co-expressed to light signalling 
genes. The use of two clustering methods which 
employ different algorithms narrows down a 
shorter list of important genes. 
 
The removal of probes matching no genes, 
probes matching duplicate genes, and most of 
the probes matching multiple genes in steps 2 
and 3 in the procedure reduces noise in the 
final clusters by removing 1,527 probes (~7% of 
the total dataset) with no meaningful gene 
matches before any steps of the filtering proc-
ess (Figure 1). This is one of the advantages of 
performing probe annotation before filtering the 
dataset. 
 
The keyword search system outlined in the 
methods identified 383 genes potentially in-
volved in phytochrome signalling and photo-
morphogenesis, which were the targets of this 
particular experiment. A search in the AmiGO 
gene ontology database using similar search 
terms (GO:0010017 “phytochrome signalling 
pathway” and GO:009640 “photomorpho-
genesis”) identifies only 106 functionally impor-
tant genes, indicating that the keyword search 
method outlined here identifies more than three 
times as many potential functionally important 
genes. The advantage of this method comes 
from searching the long TAIR gene descriptions, 

Figure 5. The frequency distri-
bution of gene connectivity in 
each of the three datasets. 
Black diamonds and the black 
line represent genes from the 
WT-Leaf dataset, grey circles 
and the grey line represent 
genes from the WT-Whole 
dataset, and stars and the 
dashed line represent genes 
from the Leaf-Whole dataset.  
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which often include putative functions as well 
as far up-stream or down-stream relationships 
between gene products. This keyword system 
also allows researchers to identify functionally 
important genes based on both specific as well 
as broad functions, and can be used to search 

for both confirmed and putative relationships to 
other genes, which is not included in most ontol-
ogy programs [28, 29].  
 
By saving genes with high expression levels, 
genes with relatively small but consistent fold 

Table 6. Gene Ontology results for all gene groups  

 

    Percentage of Genes in Dataset with known GO functions 

Treat-
ment Cluster Type 

Response 
to light 

stimulus 

Response 
to red or 
far red 
light 

Photo 
morpho-
genesis 

Red or far 
red light 
signaling 
pathway 

Response 
to blue light 

Response to 
light intensity 

WT-Leaf 

Full List 11.60% 7.52% 3.58% 1.93% 1.86% 1.79% 

Ranked Lists         
(Top 100) 13.02% 8.60% 4.00% 2.04% 1.85% 1.33% 

K-Means 19.12% 15.00% 6.46% 4.85% 3.13% 2.07% 

MCL 15.58% 11.53% 5.70% 2.73% 2.81% 1.60% 

Common 18.72% 12.24% 7.36% 2.27% 2.48% 3.91% 

WT-
Whole 

 
Full List 

 
13.53% 

 
9.11% 

 
4.42% 

 
2.39% 

 
2.21% 

 
2.03% 

Ranked Lists            
(Top 100) 13.98% 9.05% 3.67% 2.13% 2.98% 2.34% 

K-Means 15.99% 11.78% 4.82% 2.21% 3.97% 1.92% 

MCL 12.85% 10.02% 3.94% 2.62% 2.87% 2.23% 

Common 21.40% 18.03% 6.53% 7.22% 6.30% 2.37% 

Leaf-
Whole 

 
Full List 

 
13.43% 

 
10.96% 

 
5.01% 

 
3.60% 

 
1.79% 

 
1.13% 

Ranked Lists               
(Top 100) 20.37% 12.96% 5.56% 4.63% 0.93% 0.93% 

K-Means 12.38% 10.04% 4.59% 3.46% 1.79% 1.13% 

MCL 14.68% 12.07% 6.33% 4.33% 2.07% 1.29% 

Common 13.29% 10.88% 6.08% 4.25% 1.58% 1.78% 

Aver-
age of 

All Treat
-ments 

 
Full List 

 
15.16% 

 
9.86% 

 
4.52% 

 
2.98% 

 
1.67% 

 
1.58% 

Ranked Lists                     
(Top 100) 13.13% 9.23% 4.09% 2.54% 2.21% 1.60% 

K-Means 16.59% 12.95% 5.87% 3.80% 3.05% 1.76% 

MCL 13.91% 10.81% 5.24% 3.20% 2.42% 1.87% 

Common 18.43% 13.38% 6.14% 4.16% 3.48% 2.62% 

All Arabidopsis Genes 1.84% 0.65% 0.23% 0.16% 0.19% 0.32% 
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             Table 7.  A fully annotated gene list, showing the genes most closely related to the light regulated gene SPA1, based on both MCL and K-means clustering  

SPA1 K means and MCL Common List - WT-Leaf 

10 genes 

Gene 
Rank 

Important 
Genes Annotation Gene Description AT 

Number Keywords Reason 
to Keep 

Fold 
Change 

1 SPA1 SPA1 (SUPPRESSOR 
OF PHYA-105 1) 

Encodes a member of the SPA (suppressor of phyA-105) 
protein family  (SPA1-SPA4). SPA1 is a PHYA signaling 

intermediate, putative regulator of PHYA signaling pathway. 
Light responsive repressor of photomorphogenesis...  

AT2G46
340 

SPA1 (Gene Group), 
PhyA, 

Photomorphogenesis, 
Photo, Light, Kinase 

Importa
nt Gene 0.96 

3  glycine-rich protein glycine-rich protein; FUNCTIONS IN: molecular_function 
unknown; INVOLVED IN: biological_process unknown… 

AT4G29
020  Intensit

y 1.71 

5  
CAM7 (CALMODULIN 

7); calcium ion 
binding 

EF hand domain protein encodes a calmodulin. Can 
functionally complement a yeast CaM mutant. 

AT3G43
810 

Photomorphogenesis, 
Photo 

Keywor
d 1.18 

10 Transducin 
transducin family 
protein / WD-40 

repeat family protein 

transducin family protein / WD-40 repeat family protein; 
FUNCTIONS IN: nucleotide binding; INVOLVED IN: G-protein 

coupled receptor protein signaling pathway… 

AT3G49
660 

SPA1 (Gene Group), 
Chloroplast 

Importa
nt Gene 1.16 

13  

ATOZI1 
(ARABIDOPSIS 

THALIANA OZONE-
INDUCED PROTEIN 1) 

putative pathogenesis-related protein whose transcript level is 
induced in response to ozone and pathogenic Pseudomonas 

strains. 

AT4G00
860  Intensit

y 1.14 

14  
EXGT-A1 

(ENDOXYLOGLUCAN 
TRANSFERASE) 

endoxyloglucan transferase (EXGT-A1) gene AT2G06
850 

Light, Chloroplast, 
Auxin 

Intensit
y 0.95 

21  

ATGRP8/GR-RBP8 
(COLD, CIRCADIAN 
RHYTHM, AND RNA 

BINDING 1, GLYCINE-
RICH PROTEIN 8) 

Encodes a glycine-rich protein with RNA binding domain at the 
N-terminus. Protein is structurally similar to proteins induced by 

stress in other plants. Gene expression is induced by cold. 
Transcript undergoes circadian oscillations that is depressed by 

overexpression of AtGRP7... 

AT4G39
260 Chloroplast Intensit

y 1.51 

23  

ATARF/ATARF1/ATAR
FA1A (ADP-

RIBOSYLATION 
FACTOR 1) 

Gene encoding ADP-ribosylation factor and similar to other 
ARFs and ARF-like proteins.  A member of ARF GTPase family. 

Arabidopsis has 21 known members… 

AT1G23
490  Intensit

y 1.05 

42 SPA-Like & 
Transducin 

AT4G18900 and 
AT4G18905; 

transducin family 
proteins / WD-40 

repeat family proteins 

AT4G18900: transducin family protein / WD-40 repeat family 
protein; FUNCTIONS IN: nucleotide binding; INVOLVED IN: 

biological_process unknown… 

AT4G18
900;AT
4G189

05 

SPA1 (Gene Group),  Importa
nt Gene 0.76 

117   
SHB1 (SHORT 

HYPOCOTYL UNDER 
BLUE1) 

SHB1 encodes a nuclear and cytosolic protein that has motifs  
homologous with SYG1 protein family members… 

AT4G25
350 Phytochrome, Light Keywor

d 1.53 
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HY5 K means and MCL Common List - WT-Leaf 

17 genes 

Gene 
Rank 

Important 
Genes Annotation Gene Description AT 

Number Keywords Reason to Keep Fold 
Change 

1 HY5 
HY5 (ELONGATED 

HYPOCOTYL 5); DNA 
binding / TF 

Basic leucine zipper (bZIP) transcription factor. Nuclear 
localization. Mutant studies showed that the gene product is 

involved in the positive regulation of the PHYA-mediated inhibition 
of hypocotyl elongation… 

AT5G11
260 

HY5 (Gene Group), 
PhyA, 

Photomorphogenesi
s, Photo, Light… 

Important Gene 2.616 

3  60S ribosomal protein 
L30 (RPL30B) 

60S ribosomal protein L30 (RPL30B); FUNCTIONS IN: structural 
constituent of ribosome… 

AT1G77
940  Intensity 0.602 

4  PROPEP4 (Elicitor 
peptide 4 precursor) 

Elicitor peptide 4 precursor (PROPEP4); FUNCTIONS IN: 
molecular_function unknown… 

AT5G09
980  Low variability, 

high fold change 4.25 

5  LP1 (nonspecific lipid 
transfer protein 1) 

Non-specific lipid transfer protein. Binds calmodulin in a Ca2+-
independent manner. Localized to the cell wall… 

AT2G38
540  Intensity 0.484 

13  
29 kDa 

ribonucleoprotein, 
chloroplast, putative 

Encodes a chloroplast RNA binding protein.  A substrate of the 
type III effector HopU1 (mono-ADP-ribosyltransferase). Protein is 

tyrosine-phosphorylated… 

AT2G37
220 Chloroplast Intensity 0.562 

15  MT1C 
(metallothionein 1C) 

One of the five metallothioneins (MTs) genes identified in 
Arabidopsis. MTs are cysteine-rich proteins required for heavy 

metal tolerance. 

AT1G07
610  Intensity 1.446 

32  60S ribosomal protein 
L15 (RPL15B) 

60S ribosomal protein L15 (RPL15B); FUNCTIONS IN: structural 
constituent of ribosome; INVOLVED IN: translation; LOCATED IN: 

cytosolic large ribosomal subunit, ribosome, nucleolus, 
membrane… 

AT4G17
390  Intensity 0.594 

46  60S ribosomal protein 
L18A (RPL18aB) 

60S ribosomal protein L18A (RPL18aB); FUNCTIONS IN: structural 
constituent of ribosome biogenesis… 

AT2G34
480  Intensity 0.589 

50  

OST1/P44/SNRK2-
6/SRK2E (OPEN 

STOMATA 1, SNF1-
RELATED PROTEIN 

KINASE 2.6) 

Encodes calcium-independent ABA-activated protein kinase, a 
member of SNF1-related protein kinases (SnRK2) whose activity 

is activated by ionic (salt) and non-ionic (mannitol) osmotic 
stress… 

AT4G33
950 

Light, Signalling, 
Kinase Keyword 2.424 

52  
ATRPL23A 

(RIBOSOMAL PROTEIN 
L23A) 

Encodes a 60S ribosomal protein L23aA (AtrpL23aA). Paralog of 
RLPL23aB. 

AT2G39
460 Light Intensity 0.527 

96  
similar to unknown 

protein 
(TAIR:AT4G33780.1) 

Encodes a nuclear localized serine-arginine-aspartate-rich protein 
that acts as a negative regulator of photomorphogenesis. 

AT1G69
935 

Photomorphogenesi
s, Photo Keyword 0.818 

Table 8. A fully annotated gene list, showing the genes most closely related to the light regulated gene HY5, based on both MCL and K-means clustering 
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(Table 8 continued)  

153  unknown protein unknown protein; FUNCTIONS IN: molecular_function unknown; 
INVOLVED IN: biological_process unknown… 

AT2G25
510  Low variability, 

high fold change 0.194 

165  
terpene 

synthase/cyclase family 
protein 

terpene synthase/cyclase family protein; FUNCTIONS IN: lyase 
activity, magnesium ion binding; INVOLVED IN: metabolic process; 
LOCATED IN: chloroplast; EXPRESSED IN: flower, root; EXPRESSED 

DURING: 4 anthesis… 

AT5G48
110 Chloroplast Low variability, 

high fold change 4.824 

181  unknown protein unknown protein; FUNCTIONS IN: molecular_function unknown; 
INVOLVED IN: biological_process unknown… 

AT1G56
660  Low variability, 

high fold change 5.998 

197  
CWLP (CELL WALL-

PLASMA MEMBRANE 
LINKER PROTEIN) 

cell wall-plasma membrane linker protein homolog (CWLP) AT3G22
120  Intensity 0.314 

253  
PORB 

(PROTOCHLOROPHYLLID
E OXIDOREDUCTASE B) 

light-dependent NADPH:protochlorophyllide oxidoreductase B AT4G27
440 

Chlorophyll, Light, 
Chloroplast Keyword 0.46 

360   60S ribosomal protein 
L4/L1 (RPL4D) 

60S ribosomal protein L4/L1 (RPL4D); FUNCTIONS IN: structural 
constituent of ribosome; INVOLVED IN: translation; LOCATED IN: in 

8 components… 

AT5G02
870 Chloroplast Intensity 0.628 
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changes remained in the dataset. Also, by using 
the higher average intensity value between the 
treatments, we ensure that active photosynthe-
sis genes (which are expected to be highly ex-
pressed in the WT condition in which light path-
ways are not disrupted) are kept in the dataset 
[22]. The close fits to a normal curve for these 
datasets (Table 2) justify the use of parametric 
cutoffs for filtering the dataset. The genes 
saved at this step in the analysis accounted for 
approximately half of the genes in the dataset.  
 
As a result of FDR filtering, considerably more 
genes were removed from the datasets contain-
ing the “Whole” treatment. FDR values are af-
fected by the amount of variability between rep-
licates of genes, so this result indicates that 
there was a greater amount of inter-replicate 
variability in the “Whole” dataset (Table 3). This 
trend of significantly lower FDR values in the WT
-Leaf dataset was also seen for the genes saved 
due to function or high intensity (Results, sec-
tion 5).  
 
The number of genes filtered out of the data-
sets due to their fold change values varied con-
siderably, primarily because of the much larger 
number of genes that were removed from FDR 
filtering in the WT-Whole and Leaf-Whole data-
sets (Table 4). The frequency distribution of the 
fold changes for all genes in the datasets is ex-
pected to fit a normal distribution [21]. The lar-
ger WT-Leaf dataset showed a strong fit to a 
normal distribution, justifying a parametric filter-
ing cutoff for this step.  
 
There was a much smaller proportion of genes 
with a low variability and high fold change for 
the Leaf-Whole dataset (4.8%) than for the WT-
Leaf and WT-Whole datasets (18.6% and 
11.8%), which was expected because the phe-
notype of these treatments was similar 
(phytochromes were deactivated in both, though 
in distinct tissues). Important genes and genes 
matching keywords accounted for an average of 
6.4% and 28% of the genes in the datasets, 
respectively. In all of the datasets, genes saved 
because of high intensity values accounted for 
more than half of the genes in the dataset.  
 
The frequency distribution of the absolute Pear-
son correlations (Figure 4) shows that most of 
the gene correlations for the WT-Whole and WT-
Leaf datasets were close to 1, indicating that 
the genes remaining in the dataset tend to be 

co-expressed with each other. The distribution 
for the Leaf-Whole dataset is much flatter, indi-
cating that less of the genes were strongly co-
expressed between these treatments. Figure 5, 
which shows the connectivity of the network, 
indicates that most genes in each dataset have 
relatively few strong correlations to other genes, 
and a few “hub” genes in each dataset have a 
lot of strong connections to other genes. This 
approximate power-law distribution is expected 
for all scale-free networks, including microarray 
datasets [30]. 
  
Table 5 shows the proportion of each category 
of genes in the key gene clusters. There was a 
higher proportion of genes from the “Important 
Gene” and “Keyword” categories in each of the 
clusters than in the full filtered list, indicating 
that the genes identified in these categories 
were more closely co-expressed with the 11 key 
genes used to develop the cluster lists. The pro-
portion of genes saved due to high intensity 
levels remained almost the same, while the pro-
portion decreased considerably for genes saved 
due to low variability and high fold changes, 
indicating that less of these genes were in-
volved in light regulation for this dataset. Table 
5 also shows the GSEA enrichment scores for 
each of the cluster types. The “common” clus-
ters (the common genes between the K-means 
and MCL analyses) had better average enrich-
ment scores than the MCL clusters for all treat-
ments, and better enrichment scores than the K
-means clusters for two out of three of the treat-
ments, indicating the presence of more closely 
co-expressed gene pairs in these clusters.  
  
The gene ontology results indicate that the filter-
ing process used in this study (prior to cluster-
ing) increases the proportion of known light-
responsive genes in the dataset from 1.84% of 
all genes to 15.16% of all genes in the filtered 
lists and 18.43% in the common clusters (Table 
6). Genes in the “photomorphogenesis” gene 
ontology category were expected to be strongly 
affected by the removal of phytochrome activity, 
and it was found that this term was enriched 
from 0.23% of all genes to 4.52% of all genes in 
the filtered list and 6.14% of genes in the     
clustered lists. Due to the keyword gene target-
ing process, it was expected that the proportion 
of functional genes would be increased consid-
erably in the filtered lists, but the increase in the 
proportion of functional genes in the clusters 
indicates that the clustering steps are           
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effectively identifying genes in target pathways. 
The GSEA and the GO results indicate that the 
common clusters better represent co-expressed 
light-related genes in the dataset than either of 
the clustering methods alone. The smaller size 
of these clusters also narrows down potential 
targets for further study, without reducing the 
importance of the gene relationships. Table 7 
shows one of the common cluster lists gener-
ated by the gene analysis methods outlined in 
this paper. The “Reason to Keep” column in this 
table shows the stage in the filtering system at 
which each gene was saved from filtering. Some 
of the genes (including ATGRP8, a known cir-
cadian-regulated gene) would have been re-
moved by FDR filtering, but remained in the list 
because they were saved due to a high signal 
intensity [31]. 
 
Several genes known to be related to SPA1 
(AT2G46340, a repressor of PhyA activity) ap-
pear in the list in Table 7 (including two trans-
ducin genes as well as several uncharacterized 
genes that may be potential targets for further 
study). There are also genes encoding several 
WD-40 repeat family proteins (AT3G49660, 
AT4G18900, and AT4G18905) which are re-
lated to SPA1 [32]. Also in the list is SHB1 
(SHORT HYPOCOTYL UNDER BLUE1; 
AT4G25350) whose product can impact plant 
growth under blue, red and far-red light [33]. To 
our knowledge, no previously published reports 
have made a connection between SPA1 and 
SHB1, though both can presumably impact light 
signalling under far-red light. Notably also in this 
group is CAM7, a gene encoding a transcrip-
tional regulator previously shown to interact 
with the promoter of light-induced genes and 
that impacts photomorphogenesis [34]. This 
gene has been previously associated with HY5, 
but not SPA1 [34]. Also included is a gene en-
coding a circadian-regulated glycine rich protein 
(ATGRP8; AT4G39260), whose expression was  
previously shown to be impacted by far-red light 
[35] and another glycine rich protein 
(AT4G29020), which is likely a homolog of 
ATGRP5, involved in cellular elongation [36]. 
 
Table 8 shows the common cluster list for HY5, 
which is a positive regulatory factor that pro-
motes photomorphogenesis. In this HY5 com-
mon list is a gene encoding a largely uncharac-
terized protein SHW1, (SHORT HYPOCOTYL IN 
WHITE; AT1G69935) which serves as a negative 
regulator of photomorphogenesis [37]. Also in 

this list is PORB (AT4G27440), whose product is 
known to be required for the light-dependent 
accumulation of chlorophyll [38].  
 
By saving genes with important keywords and 
performing the clustering with unstudied genes, 
we can see new relationships between key 
genes that may otherwise be missed. Also, the 
possibility of new biological insight is repre-
sented by the identification of genes encoding 
proteins of unknown function (e.g., AT2G25510 
and AT1G56660).  
 
The relatively short length of these lists (on av-
erage, 14 genes) makes them an ideal tool for 
researchers to narrow down potential genes for 
further study, compared to the large, intercon-
nected networks typically generated by gene 
coexpression networks. In addition, the ranking 
system incorporated into lists gives them direc-
tion, and displays which genes in the common 
clusters had the highest correlation to the target 
gene. 
 
The methods described here are the result of an 
attempt to combine knowledge-based and pure 
mathematical microarray analyses. Had a purely 
mathematical method been employed, an aver-
age of 61% of the important functional genes 
identified by the keyword analysis would have 
been removed from the dataset due to high FDR 
values. With a purely knowledge-based ap-
proach, unstudied genes with unknown func-
tions would have been removed from the data-
set, but instead are included due to the high 
intensity and FDR steps of this analysis. This 
study attempts to find a reasonable compro-
mise between keeping important functional 
genes and removing highly variable genes, and 
the parameters used to filter the dataset at 
each step have been standardized as much as 
possible. 
  
These cluster lists are a valuable tool for identi-
fying novel gene targets, because they allow 
researchers to cluster key genes to important 
functional genes as well as to unstudied genes. 
By combining the K-means and MCL clusters, 
the size of the gene list is reduced by 60% 
(narrowing the search for novel genes), the 
gene enrichment scores are increased, and 
functionally important gene ontology categories 
are enriched, indicating a greater degree of co-
expression in the common cluster lists. 
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