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Abstract—Gene regulatory networks model regulation in 

living organisms. Fuzzy logic can effectively model gene 
regulation and interaction to accurately reflect the underlying 
biology. A new multi-scale fuzzy clustering method allows genes 
to interact between regulatory pathways and across different 
conditions at different levels of detail. Fuzzy cluster centers can 
be used to quickly discover causal relationships between groups 
of coregulated genes. Fuzzy measures weight expert knowledge 
and help quantify uncertainty about the functions of genes using 
annotations and the gene ontology database to confirm some of 
the interactions. The method is illustrated using gene expression 
data from an experiment on carbohydrate metabolism in the 
model plant, Arabidopsis thaliana. Key gene regulatory 
relationships were evaluated using information from the Gene 
Ontology database. A new regulatory relationship concerning 
trehalose regulation of carbohydrate metabolism was also 
discovered in the extracted network. 
 

Index Terms—fuzzy logic, microarray analysis, gene 
expression networks, fuzzy clustering.  
 

I. INTRODUCTION 
HE behavior of biological systems is inherently fuzzy. 
Genes influence one another and are active at different 

level to different degrees. Many organisms have had their 
genomes completely sequenced, making it possible to begin to 
identify all the genes and their function in the organism. The 
major challenge in the post-genome era is to understand how 
interactions among molecules in a cell determine its form and 
function. This points to the need to develop methodologies to 
identify and analyze the complex biological networks that 
regulate metabolism. Metabolic networks form the basis for 
the net accumulation of biomolecules in living organisms. 
Regulatory networks modulate the action of these metabolic 
networks, leading to physiological and morphological 
changes. Even though new high-throughput transcriptomic, 

proteomic, and metabolomic analysis technologies give 
biologists vast amounts of valuable data, techniques that 
model uncertainty are needed to cope with the many genes of 
uncertain function and to understand complex interactions.   
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Gene expression (or transcriptomic) data in the form of 
high-throughput microarray experiments measures the amount 
of RNA associated with each of thousands of genes in 
parallel. The expression of each gene, as reflected by level of 
accumulation of the corresponding RNA, is not just turned on 
and off like a light switch. Clustering analysis has been used 
to hypothesize gene function under the assumption that genes 
that show similar expression patterns must be coregulated or 
part of the same regulatory pathway. Fuzzy clustering 
methods allow genes to belong to multiple clusters and 
participate in multiple pathways, thus reflecting the known 
biological reality of cellular metabolism. Fuzzy systems also 
aid in incorporating known information about some genes into 
the network. 

Gene expression networks show how genes regulate 
metabolism. Previous work used different machine learning 
methods to construct hypothetical networks. These methods 
produced high numbers of false positive connections due to 
inadequate sampling of the biological process in time and the 
on/off assumption described previously. In order to get 
biological meaningful results, information must be combined 
from a variety of sources to construct networks. Such fuzzy 
expert knowledge includes databases of genes and their 
products, as well as information about the interactions that 
occur between them. This work models the interactions 
between genes in gene regulatory pathways using fuzzy 
weights. 

 

II. BACKGROUND 

A. Transcriptomics Data 
Gene expression describes the transcription of the 

information contained within the DNA, the repository of 
genetic information, into messenger RNA (mRNA) molecules. 
mRNA molecules are then translated (Here “translate” means  
that messenger RNA directs the amino acid sequence of a 
growing polypeptide during protein synthesis) into the 
proteins that perform most of the critical functions of cells.  
The analysis of the types and quantities of mRNAs produced 
by a cell (transcriptomics) indicates which genes are 
transcribed under specific conditions. Gene expression is a 
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highly complex and tightly regulated process that allows a cell 
to respond dynamically both to environmental stimuli and to 
its own changing needs. This mechanism controls which 
genes are expressed in a cell and acts as a “volume control” 
that increases or decreases the level of expression of particular 
genes as necessary [1].  Fuzzy metrics can express both 
concepts simultaneously. The challenge currently facing 
biological researchers is to discover the functions of the genes 
and how they interact.  

DNA microarray technology exploits the ability of a given 
mRNA molecule to bind specifically to, or hybridize to, the 
DNA template from which it originated. Microarrays allow 
scientists to measure, in a single experiment, the expression 
levels of thousands of genes within a cell. The amount of 
mRNA bound to the spots on the microarray is precisely 
measured, generating a profile of RNAs accumulated in the 
cell. This work uses microarray data from the Affymetrix 
Arabidopsis ATH1 genome array, that analyzes 22K genes at 
a time [2]. 

Researchers use microarrays to detect expression patterns— 
the extent to which each particular gene(s) is being expressed 
more or less under a set of specific circumstances. These gene 
expression patterns can give insights into the gene functions 
and the underlining gene regulatory networks. 

 

 
B. Finding Patterns in Microarray Data 
In related biological processes, many genes are highly 

coregulated (i.e., their gene expression patterns are similar). 
Figure 1 shows an example of highly coregulated gene 
expression profiles in the diurnal biological process of the 
model plant Arabidopsis (a member of the mustard family, 
widely used as a model organism in plant biology)[3, 4]. 
Clustering is widely used to find these coregulated genes[5-8]. 
Many popular cluster algorithms are hard clustering 
algorithms, e.g., hierarchical clustering or k-means clustering. 
In these algorithms, a gene can only belong to one cluster. In 
actuality, a single gene may be involved in different biological 
processes. Furthermore, gene expression patterns may be 
similar only under a subset of conditions. Hard clustering 
algorithms cannot extract the gene relations described above. 

Fuzzy K-means uses membership values to measure the 
relationship between a gene and its clusters [9, 10]. As a 
result, a gene can belong to several clusters to a degree. 

Clustering, by itself, does not delineate the causal 
relationship between genes. RNA profiles are very noisy and 
may be unequally sampled in time. Using cluster centers, 
instead of individual gene expression profiles, smoothes by 
averaging individual gene profiles within the cluster. This is 
equivalent to a low-pass filter. Thus, clusters of highly 
coregulated genes can be modeled as a single entity when 
inferring the gene regulatory relations. A gene transcription 
response usually can occur in from tens of minutes to several 
hours, so time delay correlation can help determine the causal 
relationship.  

C. Gene Regulatory Networks  
Regulatory networks reflect causal interactions among 

biomolecules in living systems. Gene regulatory networks can 
be defined as regulatory networks that consider 
transcriptomics data. Several types of models have been 
proposed for representing regulatory networks in biological 
systems, including Boolean networks [11, 12], linear 
weighting networks [13], differential equations [14], and 
Bayesian Networks [15-17]. Circuit simulations and 
differential equations require detailed information that is not 
yet known about the regulatory mechanisms between entities. 
Boolean networks analyze binary state transition matrices to 
look for patterns in gene expression. Each part of the network 
is either on or off depending on whether a signal exceeds a 
pre-determined threshold. Generalized Logical Networks [18-
20]  allow the variables in Boolean networks to  have more 
than two values and use generalized Boolean functions to 
define the relationship. Probabilistic Boolean Networks 
combine several promising predictors or Boolean functions 
together, so that each makes a contribution to the prediction of 
a target gene. A probabilistic model randomly selects one of 
these promising predictors. Linear weighting networks have 
the advantage of simplicity since they use simple weight 
matrices to additively combine the contributions of different 
regulatory elements. Bayesian networks model probabilistic 
transitions between network states. Bayesian networks assume 
that there are no cycles in a network. However cycles are the 
major mechanism to ensure stability or homeostasis. Dynamic 
Bayesian Networks combine the features of Hidden Markov 
Models to incorporate feedback [15-17].  

This work models interactions (also referred to as edges or 
links) in the network as fuzzy functions that depend on the 
detail known about the network. Fuzzy cognitive maps are 
fuzzy digraphs that model causal flow between concepts [21] 
or, in this case, biomolecular entities, including RNAs, 
metabolites, and proteins [22, 23]. Entities stand for causal 
fuzzy sets where events occur to some degree. The entities are 
linked by interactions that show the degree to which these 
entities depend on each other.  Interactions stand for causal 
flow. The sign of an interaction (+ or -) shows causal 
coregulation between entities. The fuzzy structure allows the 

 
Figure 1. Coregulated gene expression patterns behave similarly across a 
range of conditions. In this example, the index is hours into a short 
growth day. The expression values are normalized to a mean of zero and a 
standard deviation of one. A cluster window size of σ = 0.1 was used. 
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entities levels to be expressed as continuous values. This 
modeling has demonstrated regulation in the Arabidopsis 
network, in the case of gibberellin conversion from an inactive 
form to an active form [23]. Fuzzy cognitive maps (FCMs) 
have the potential to deal with the lack of quantitative 
information on how different variables interact. The 
FCModeler tool uses fuzzy methods for modeling networks 
and interprets the results using fuzzy cognitive maps. The 
FCModeler tool is intended to capture the intuitions of 
biologists, help test hypotheses, and provide a modeling 
framework for assessing the large amounts of data captured by 
RNA microarrays and other high-throughput experiments 
[24]. 

For regulatory network modeling, there are a number of 
significant problems. All of these models are based on 
information about the quantities of one or more classes of 
entities. However, these values alone cannot give a complete 
picture of how the metabolism of living things works [25]. 
The number of measurements for each object is very limited 
due to experimental constraints. This is true especially for the 
complex models and large-scale networks. This makes it 
difficult to get enough data to use classical machine learning 
approaches. 

Another difficulty is that different models and algorithms 
often produce different results. It is important to interpret the 
resulting network model from a biological viewpoint. The 
Gene Ontology (GO: http://www.geneontology.org) provides 
a way to do this [26, 27]. GO is a shared, controlled 
vocabulary that is being developed to cover all organisms. GO 
has three categories:  molecular function (MF), biological 
process (BP), and cellular component (CC). The existence of 
GO is not only providing us a controlled vocabulary, but 
paved another way to gene function prediction, clustering 
interpretation, and evaluation [28]. This work uses an additive 
fuzzy system to assess the evidence for gene function in a 
cluster and for the interactions in gene regulatory networks. 

 

III. ANALYSIS METHODS 
The analysis and creation of gene regulatory networks 

involves first clustering the data at different levels, then 
searching for weighted time correlations between the cluster 
center time profiles. The link validity and strength is then 
evaluated using a fuzzy metric based on evidence strength and 
co-occurrence of similar gene functions within a cluster. 

A. Multi-scale Fuzzy K-Means Clustering 
The Fuzzy K-means algorithm minimizes the objective 

function [9, 10]: 
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membership function limits the size of clusters. This work 
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 The window function  insures that genes with 
distances larger than 

( )W d
3σ  will have no effect on the cluster 

centers.  
1) Multi-scale Algorithm 

The multi-scale algorithm is similar to the ISODATA 
algorithm with cluster splitting and merging[29, 30]. There are 
four parameters: K (initial cluster number), σ (scale of the 
window ), Tsplit (split threshold), (combine 
threshold). Whenever the genes are further away from the 
cluster center than

( )W d combineT

splitT , the cluster is split and faraway genes 
form new clusters. Also, if two cluster centers are separated 
by less than , then the clusters are combined. Usually combineT

combineT ≤ σ  and 2 splitT 3σ σ≤ ≤ . The algorithm is given in 

Table I. 1ε  and 2ε  are small numbers to determine whether 
the clustering converged. The advantage of this algorithm is 
that it dynamically adjusts the number of clusters based on the 
splitting and merging heuristics. 

 
TABLE I. MULTI-SCALE FUZZY K-MEANS ALGORITHM 

1 Initialize parameters: K, σ , splitT  and  combineT
2 Iterate using Fuzzy K-means until convergence to threshold 1ε  
3 Split process: do split if there are elements farther away from cluster 

center than Tsplit. 
4 Iterate using Fuzzy K-means until convergence to threshold 1ε  
5 Combine Process: combine the clusters whose distance between 

cluster centers is less than Tcombine. If the cluster after combining has 
elements far away from cluster center (distance larger than 3σ ), 
stop combining. 

6 Iterate steps 1-5 until converging to a given threshold 2ε . 

 
2) Effects of window size 

Changing the window size can affect the level of detail 
captured in the clusters. If 1σ << , then clusters are individual 
elements. As σ  increases, the window gets larger. The result 
is a hierarchical tree that shows how the clusters interact at 
different levels of detail. This work uses three level of multi-
scale fuzzy K-mean clustering (σ = 0.1, 0.2 and 0.3). The 

http://www.geneontology.org/


SMCB-E-06072004-0293 
 

initial number of clusters is K = N, the total number of data 
points, Tcombine=σ , and Tsplit =3σ . Clustering results with 
different window sizes provide different levels of information. 
At σ = 0.1, the cluster sizes are very small. These clusters 
represent very highly correlated profiles (correlation 
coefficients between gene profiles within one σ  window size 
are larger than 0.9) or just the individual gene profiles because 
many clusters only contain a single element. At σ = 0.2, 
smaller clusters are combined with nearby clusters. Highly 
correlated profiles are detected. The σ =0.3 level is the 
coarsest level. 

B. Construction of gene regulatory networks 
Clustering provides sets of genes with similar RNA 

profiles. The next step is finding the relationships among these 
coregulated genes. If gene A and gene B have similar 
expression profiles, there are several possible relationships: 1. 
A and B are coregulated by other genes; 2. A regulates B or 
vice versa; 3. There is no causal relationship, just coincidence. 
Here, the regulation may be indirect, i.e., interaction through 
intermediates. These cases cannot be differentiated solely by 
clustering. Cubic spline interpolation generates equally 
sampled profiles as in [31].  

The gene regulatory model can be simplified as a linear 
model [32]: 

 
( )x t w x bA A BA B

B
Aτ+ = +∑  (4) 

where xA is the expression level of gene A at time t, τΑ is the 
gene regulation time delay of gene A,  is the weight 
indicating the inference of gene B to A, bA is a bias indicating 
the default expression level of gene A without regulation.  

BAw

Standardizing gene expression profiles to 0 mean and 1 
standard deviation removes bA from equation (4). The goal is 
to find out if genes A and B have a regulatory relationship,  
the weight  (0 means no regulatory relation, 1 
means strongly regulated). The time correlation between 
genes A and B can be expressed in discrete form as: 

[0,1]BAw =

∑ −=
n

BAAB nxnxR )()()( ττ  (5) 

where xA and xB are the standardized (zero mean, standard 
deviation of unity) expression profiles of genes A and B. τ  is 
the time shift. For a periodic time profile, we can use circular 
time correlation, i.e., the time points at the end of the time 
series will be rewound to the beginning of series after time 
shifting. For multiple data sets, the time correlation results of 
each data set are combined as: 

( ) ( )C kR w RkAB AB
k

τ τ=∑  (6) 

where ( )CRAB τ  is the combined time correlation result, 

( )k
ABR τ  is the time correlation result of the kth data set,  is 

the weight of kth data set that depends on the experiment 
reliability and the length of the expression profile. 

kw

The value max | ( ) |CRAB τ can be used to estimate the time 

delay 'τ  between expression profiles of genes A and B. Given 

a correlation threshold TR , if max | ( ) |CRAB τ  > TR , there is 

significant regulation between genes or clusters. By defining 
the clusters as nodes and significant links as edges, we can get 
the gene regulation network of these clusters. We can define 
four types of regulation: 

( ')CRAB τ  > 0, ' 0τ ≠ , positive regulation between genes A 

and B; 
( ')CRAB τ  < 0, ' 0τ ≠ , negative regulation between genes A 

and B; 
( ')CRAB τ  > 0, 0'=τ , genes A and B are positively 

coregulated; 
( ')CRAB τ  < 0, 0'=τ , genes A and B are negatively 

coregulated. 
The sign of 'τ  determines the direction of regulation. 'τ > 0 

means gene B regulates gene A with time delay 'τ ; 'τ <0 
means gene A regulates gene B with time delay 'τ . 

C. Network evaluation using fuzzy metrics 
The available gene ontology (GO) annotation information 

can estimate a fuzzy measure for the types or functions of 
genes in a cluster. The GO terms in each cluster are weighted 
according to the strength of the supporting evidence 
information and the distance to cluster center. An additive 
fuzzy system is used to combine this information [33]. Every 
GO annotation indicates the type of supporting evidence. This 
evidence is used to set up a bank of fuzzy rules for each 
annotated data point. Different fuzzy membership values are 
given to each evidence code. For example, evidence inferred 
by direct assays (IDA) or from a traceable author statement 
(TAS) in a refereed journal has a value of one. The least 
reliable evidence is electronic annotation which is known to 
have high rates of false positives. 

Each gene in a cluster is weighted by the Gaussian window 
function in equation (3). This term weights the certainty of the 
gene’s GO annotation using product weighting. Each gene and 
its associated GO term are combined to find the possibility 
distribution for each single GO term that occurs in the GO 
annotations in one cluster. One gene may be annotated by 
several GO terms, and each GO term has one evidence code. 
Each GO term may occur K times in one cluster, but with a 
different evidence code and in different genes. For the nth 
unique GO term in the jth cluster, the fuzzy weight is the sum 
of the weights for each occurrence of the term: 

( , ) ( , ),
1

K
W j n w i nGO GO j

i
= ∑

=
 (7) 

where ,  is given in table 

II, and is the same as equation (3). 
, ( , ) ( , ) ( )GO j evi ijw i n w i n W d= ⋅ eviw

( )ijW d
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TABLE II: EVIDENCE CODES AND THEIR WEIGHTS 

(HTTP://WWW.GENEONTOLOGY.ORG/GO.EVIDENCE.HTML) 
EVIDENCE 

CODE MEANING OF THE EVIDENCE CODE EVIDENCE 
WEIGHT, WEVI 

IDA Inferred from direct assay 1.0 
TAS Traceable author statement  1.0 
IMP Inferred from mutant phenotype  0.9 
IGI Inferred from genetic interaction 0.9 
IPI Inferred from physical interaction  0.9 
IEP Inferred from expression pattern 0.8 
ISS Inferred from structural similarity 0.8 
NAS Non-traceable author statement 0.7 
IEA Inferred from electronic annotation 0.6 
 Other 0.5 
 
This provides a method of pooling uncertain information 

about gene function for a cluster of genes. This gives an 
additive fuzzy system that assesses the credibility of any GO 
terms associated to a cluster [33]. The results can be left as a 
weighted fuzzy set or be defuzzified by selecting the most 
likely annotation. For each cluster, the weight is normalized 
by the maximum weight and the amount of unknown genes. 
This is the weighted percentage of each GO term : weightp

( , )
( , ) *100%

( ) ( )
W j nGOp j nweight W j W jroot unknown

=
−

 (8) 

where  represents the weight of the nth GO term in 
the jth cluster.  is the weight of GO term in 
cluster j: xxx unknown, e.g., GO: 0005554 
(molecular_function unknown).  is the weight of 
root in cluster j. GO terms are related using directed acyclic 
graphs. The root of the graph is the most general term. Terms 
further from the root provide more specific detail about the 
gene function and are more useful for a researcher.  The 
weight of each node is computed by summing up the weights 
of its children (summing the weights of each of the N GO 
terms in a cluster): 

( , )GOW j n
( )unknownW j

j

n  

( )rootW

1
( ) ( , )

N
root GO

n
W j W j

=
= ∑ (9) 

The higher weighted nodes further from the root are the 
most interesting since those nodes refer to specific biological 
processes.  

 

IV. FUZZY CLUSTERING RESULTS 
The tested data set compared Arabidopsis thaliana plants, 

wild-type (WT) and transgenic plants containing antisense 
ACLA-1 behind the constitutive CaMV 35S promoter 
(referred to as aACLA-1). The microarray type was an 
Affymetrix GeneChip. The data consisted of two replicates; 
each with eleven time points (0, 0.5, 1, 4, 8, 8.5, 9, 12, 14, 16, 
20 hours), and changing from light (from 0 to 8 hours) to dark 

(from 8 to 20 hours) [3, 4]. Only ACLA-1 seedlings 
exhibiting features characteristic of the antisense phenotype 
were used. Total RNA was extracted from leaves and used for 
microarray analyses. 

The Affymetrix microarray data were normalized with the 
Robust Multichip Average (RMA) method [34]. The 
replicates of each gene expression profile are standardized to 
zero mean, one standard deviation. The data was filtered by 
comparing the expression values between the WT and ACLA1 
gene mutated at 1, 8.5 and 12 hours. Differentially expressed 
genes having fold changes larger than 2 times at any of the 
time points 1, 8.5 and 12 hours were kept. 484 genes remained 
after filtering. The gene expression patterns used for 
clustering are the time point measurements for the wild-type 
plant. 

The data was combined so that each data point consists of a 
gene evaluated at a series of time points. Three-level multi-
scale fuzzy k-means clustering was used, with window sizes 
of σ = 0.1, 0.2, and 0.3. The initial number of clusters, K, was 
the number of genes. There were 236 clusters at σ  = 0.1; 28 
clusters at σ  = 0.2; and 5 clusters at the σ  = 0.3 level. 

 
Figures 1 and 2 show typical cluster patterns for at σ  = 0.1 

and 0.2 window sizes respectively. The cluster in figure 1 is 
much more tightly coregulated than figure 2 with less 
variation. Figure 3 shows the cluster center profiles of 5 
cluster centers at theσ  = 0.3 level. At this coarse level, 
information such as whether the gene expression level 
increases or decreases in the day or night is given. Figure 3 
shows that clusters 2 and 3 decrease in the day and increase at 
night, while cluster 1, 4 and 5 are opposite. At σ = 0.2, the 
regulatory relationships can be studied at a more detailed 
level. There are 28 clusters at this level. Figure 4 shows their 
relationship with theσ = 0.3 clustering. Several clusters 
fromσ = 0.2 belong to more than one cluster at σ = 0.3. This 
is due to genes in these sub-clusters being involved in multiple 
related biological processes. In figure 3, clusters 2 and 3 
represent the genes active at night, and clusters 1, 4, and 5 are 
active in the day. Figure 4 shows that genes active at night are 
more tightly coregulated than those active in the day. 

Figure 2. Coregulated gene expression patterns behave similarly across a 
range of conditions. In this example, the index is hours into a short growth 
day. The expression values are normalized to a mean of zero and a 
standard deviation of one. A cluster window size of σ = 0.2 was used. 

http://www.geneontology.org/GO.evidence.html
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Biologically, this indicates the ACLA1 related genes are 
mainly active in the day and their expressions are diversified. 
At σ = 0.1, clusters were further subdivided into 236 clusters. 
Many of these clusters only included 1 or 2 genes. Given the 
noise in microarray experiments and the small number of 
genes in each cluster, we did not further study at this level. 
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based on the cluster center profiles shown in figure 3. The 
networks indicate clusters 1 and 5 are highly coregulated (0 
time delay), clusters 1 and 5 positively regulate cluster 4 with 
time delays of 2.5h and 3h, and both negatively regulated 
cluster 3 with a time delay of 1.5h; cluster 4 is negatively 
regulated by cluster 3 with delay 1h, the correlation between 
cluster 2 and cluster 4, and cluster 1 and 3 is not strong. All of 
these relations are correspond to the cluster center profiles. 
This means the algorithm correctly resolved the relationships 
between cluster centers.  

 

 
Figure 3. Cluster center profiles for the window size σ = 0.3 level. 

 
Figure 6 shows the constructed regulatory networks of the 

28 cluster centers at σ = 0.2 level. The graph notations are the 
same as in figure 5. The graph shows that there is one highly 
connected group of clusters. The other clusters at the upper 
right corner are less connected. The relations between clusters 
may become complex with a large number of edges. 

 
Figure 5. Gene regulatory networks inferred from the case with σ = 0.3. The 
numbers on each link show the time delay for the interaction on top and the 
correlation coefficient of the interaction on the bottom. 
 
 
Figure 4. Relationship between the clusters from the σ = 0.2 case (cluster 
numbers in rectangles) and the clusters in the σ = 0.3 case (cluster 
numbers in circle).  
 
  

V. INFERRING AND MODELING GENE REGULATORY 
NETWORKS 

A. Construct the genetic network using time correlation 
The genetic networks among the clusters of highly 

oregulated genes can be constructed based on their cluster 
enter profiles. Since the data used were unequally sampled 
ith 0.5h as minimum interval, we interpolated the gene 

xpression profiles as equally sampled 41 time points with 
.5h intervals using cubic spline interpolation. The time 

orrelation of each replicate ( )k
ijR τ , k=1, 2 was computed 

sing equation (5), then combined using equation (6) as 

( )C
ijR τ  with weight . 0.5, 1,2kw k= = τ  was limited to the 

ange of [-4h, 4h] because the light period only lasted 8 hours 
n this data set. The genetic networks were constructed with a 
orrelation threshold of  = 0.65. The strength of correlation 
as mapped into three categories: [0.65, 0.75), [0.75, 0.85), 

nd [0.85, 1]. Three types of line thickness from thin to thick 
epresent the strength of the correlation. Dark dashed lines 
epresent positive coregulation; gray dashed lines represent 
egative coregulation; solid lines with bar head represent 
egative regulation; solid lines with arrowheads represent 
ositive regulation. 

RT

Figure 5 shows the constructed gene regulatory networks 

Simplification of the networks is necessary when there are 
many highly connected clusters. 

Figure 6 shows possible duplicate relationships. This can be 
analyzed using the path search function in FCModeler. In 
figure 6, from cluster 15 to 19, there are two paths: one is 
directly from cluster 15  19 with time delay 1h and 
correlation coefficient, ρ = -0.85; another path is cluster 15  
7 with time delay 0.5 h and correlation coefficient, ρ = -0.89, 
and then from 7  19 with time delay 0.5h and ρ = 0.81. The 
total time delays of both paths are the same. So it is very 
possible one of the paths is redundant. Figure 7 shows part of 
the simplified graph of figure 6.  

B. Cluster and Network Evaluation using Weighted GO 
Terms 
Cluster evaluation makes use of the available GO 

information to find out what kind of functions or processes a 
cluster involves. In figure 6, the graphs in the upper right 
corner are less connected. The Gene Ontology shows most of 
these clusters are not annotated. This means these clusters 
have no biological evidence of direct relation with the highly 
connected group. It also shows how the multi-scale fuzzy 
algorithm successfully separates those unrelated genes. 

Figure 7 shows that cluster 3 and 4 are highly coregulated 
(correlation coefficient between cluster centers is 0.91). The 
cluster is split because the combined cluster 3 and 4 has a 
cluster radius larger than 3σ . Table III shows the fuzzy 
weights for the GO terms in each cluster. The BP (Biological 
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Process) GO annotations show that clusters 3 and 4 involve 
many similar biological processes. For example, both clusters 
involve “Carboxylic acid metabolism”, “Regulation of 
transcription, DNA-dependent”, and “Protein amino acid 

phosphorylation”. Cluster 3 has more emphasis on 
“Regulation of transcription, DNA-dependent” and cluster 4 
emphasizes “Protein amino acid phosphorylation”. Also 
cluster 3 involves “water derivation”, but cluster 4 mainly 
involves another BP “Response to desiccation, hyper osmotic 
salinity and temperature”.  Clusters 3 and 4 provide a good 
example of the overlapping of fuzzy clusters, while the 
separation of two clusters does make sense. 

Clusters 21 and 25 are two highly negatively coregulated 
clusters. Cluster 21 involves “Photosynthesis, dark reaction” 
which is active at night, while cluster 25 mainly involves 
“Carboxylic acid metabolism” and other metabolism usually 
active in the day. Cluster 21 contains genes for “Trehalose 
biosynthesis”. Trehalose plays a role in the regulation of sugar 
metabolism, which has just been identified for 
Arabidopsis[35]. Clusters 6 and 21 involve sugar metabolism 
(carbohydrate metabolism in GO term). This is a significant 
biological result for understanding regulation in this 
experiment. 

Figures 6 and 7 show that cluster 19 regulates clusters 3, 4, 
21, 22, 25 and 28. After checking the BP GO annotations, we 
found the annotated genes in cluster 19 fall in three categories: 

“Protein Metabolism” (“N-terminal protein myristoylation”, 
and “Protein folding”), “Response to auxin stimulus” and 
“Cell-cell signaling”. “N-terminal protein myristoylation”, and 
“Protein folding” are two major protein regulation 

mechanisms, while “Response to auxin stimulus” and “Cell-
cell signaling” involve the processes of receiving stimulus or 
signals from others. Therefore these BP GO annotations 
match our network structures. 

Clusters 23 and 28 have no out-going edges, which implies 
that they are not involved in regulatory activity. Clusters 3, 4, 
6, 7, 15, 19 21 22, and 25 involve one or several of 
“Regulation of transcription, DNA-dependent”, “Protein 
amino acid phosphorylation” or “N-terminal protein 
myristoylation” biological processes. The later two are two 
major protein regulation mechanisms. Also cluster 21 involves 
Trehalose regulation as shown earlier. The BP annotations for 
clusters 23 and 28 are “Response to stimulus” and 
“Carbohydrate metabolism” which are non-regulatory. 

Table IV shows that the molecular functions in clusters 23 
and 27 are all unknown, and cluster 28 has only one function: 
hydrolase activity. The remaining clusters mainly have the 
following molecular functions: nucleic acid binding, 
nucleotide binding, transferase activity, hydrolase activity and 
transcription regulator activity. Also we found that the MF 
annotation of cluster 19 is focusing on only two functions: 
hydrolase activity, specifically hydrolyzing O-glycosyl 

 
 

Figure 6.  Regulatory networks among cluster centers at the window size σ = 0.2 level. The graph annotations are the same as in figure 5. 
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compounds, and signal transducer activity. 
 

 
 
Most of the clusters have the following molecular 

functions: binding, catalytic activity, and transcription 
regulator activity. Clusters 3 and 4 are the most similar 
clusters in the sense of molecular function. The largest weight 
is on DNA binding, and they both include: purine nucleotide 
binding, oxygen binding, and carbohydrate binding. Also, 
both clusters contain active genes that attend transferase 
activity (transferring phosphorus-containing groups), 
hydrolase activity (acting on glycosyl bonds), and 
oxidoreductase activity. The only difference is that cluster 4 
contains genes acting in transporter activity.  

 

VI. CONCLUSIONS AND FUTURE WORK 
Fuzzy logic can be applied to all aspects of gene regulatory 

network analysis from clustering to assessing network 
credibility. Multi-scale fuzzy k-means clustering provides the 
cluster information in different scales and captures 
interactions in terms of gene function and across regulatory 
pathways. It makes the results more reliable. The regulatory 
network construction algorithm uses the cluster centers 
efficiently to evaluate the time delay information. The 
algorithm also allows feedback in the networks, which most 
qualitative regulatory network algorithms cannot provide at 
present. Visualizing the cluster relationships helps show 
biological interactions. GO and pathway evaluations indicate 
the algorithm is promising and demonstrate that it yields 
detailed biological hypotheses of the regulatory connections 
with known metabolic networks. Future work will focus on 

integrating the regulatory network model with existing 
metabolic networks to simulate cellular processes. 
 

 
 
Figure 7.  Simplified regulatory networks with redundant edges removed 
for the window size σ = 0.2 level. The number on each link represents 
the estimated time delay. 
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TABLE III. CLUSTER ANNOTATION OF BIOLOGICAL PROCESS GO 
( ,  AND AS DEFINED IN EQUATION (9)) rootW ),( njWGO ),( njpweight

CLUSTER INDEX (WROOT) MAJOR GO TERM WGO(J,N) PWEIGHT(J,N) 
Response to water derivation 4.11 16.6 
Regulation of transcription, DNA-dependent  3.16 12.7 
Carboxylic acid metabolism 2.82 11.4 

Cluster 3 (24.81) 

Protein amino acid phosphorylation  2.63 10.6 
Protein amino acid phosphorylation 8.34 23.1 
Carboxylic acid metabolism 3.58 9.9 
Response to abiotic stimulus 3.35 9.3 

Cluster 4 (36.03) 

Regulation of transcription, DNA-dependent 2.44 6.8 
Regulation of transcription, DNA-dependent 1.99 23.5 
myo-inositol biosynthesis  0.95 11.2 
Abscisic acid mediated signaling  0.83 9.8 

Cluster 6 (8.48) 

Protein amino acid phosphorylation 0.57 6.7 
Carbohydrate metabolism 3.02 22.2 
Cell surface receptor linked signal transduction 1.71 12.6 
Nucleobase, nucleoside, nucleotide, and nucleic acid metabolism 1.62 11.9 

Cluster 7 (13.58) 

Protein amino acid phosphorylation 1.59 11.7 
Regulation of transcription, DNA-dependent 1.32 52.4 Cluster 15 (2.52) 
Electron transport  0.7 27.8 
Cell-cell signaling 0.78 23.5 
Response to auxin stimulus 0.68 20.5 
Protein folding 0.65 19.6 

Cluster 19 (3.32) 

N-terminal protein myristoylation  0.61 18.4 
Carbohydrate metabolism 2.93 29.1 
Response to gibberellic acid stimulus 1.86 19.2 

Cluster 21 (9.71) 

Photosynthesis, dark reaction 0.91 9.4 
Protein amino acid phosphorylation 6.74 28.4 
Macromolecule biosynthesis 3.38 14.2 
Regulation of transcription DNA-dependent 2.50 10.5 

Cluster 22 
(23.76) 

Signal transduction 2.30 9.7 
Response to endogenous stimulus 2.79 60.5 Cluster 23 (4.61) 
Response to biotic stimulus 1.83 39.7 
Carboxylic acid metabolism 8.19 20.9 
Response to pest/pathogen/parasite 5.66 14.5 
Lipid biosynthesis 3.55 9.1 

Cluster 25 (39.16) 

Transport 3.52 9.0 
Cluster 28 (0.95) Carbohydrate metabolism 0.95 100 

 
 

TABLE IV: SUMMARY OF MOLECULAR FUNCTION FOR EACH CLUSTER 
CLUSTER INDEX MF  

LEVEL 2 3 4 6 7 15 19 21 22 23 25 27 28 
Carbohydrate binding 1.3 3.6 0 3.4 0 0 0 3.8 0 0 0 0 
Nucleic acid binding 23.7 10.4 41.6 4.4 55.6 0 0 16 0 3.5 0 0 
Nucleotide binding 6.14 7.5 0 12.4 0 0 17.6 0 0 4.8 0 0 
Protein binding 0 0 0 0 0 0 10.4 0 0 2.8 0 0 
Oxygen binding 5.5 4 0 0 15.4 0 0 0 0 9.3 0 0 
Lipid binding 0 1.6 0 0 0 0 0 2.7 0 3.4 0 0 
Metal ion binding 2.9 1.4 8 0 0 0 0 0 0 0 0 0 
Kinase activity 27.2 15.7 6.4 0 0 0 0 0 0 12 0 0 
Transferase activity 23.3 19.6 0 28.2 11 0 0 59.3 0 8.6 0 0 
Hydrolase activity 15.8 12.8 16.5 27 0 71.9 32.1 8 0 8.1 0 100 
Oxidoreductase activity 8.2 8.3 16.8 6 0 0 23.8 11 0 14.1 0 0 
Signal transducer activity 0 0 0 7.8 0 28.5 0 0 0 0 0 0 
Isomerase activity 0 0 10.7 0 0 0 0 0 0 0 0 0 
Transcription regulator activity 14.2 5.7 25.6 0 27.9 0 0 8.9 0 3.5 0 0 
Transporter activity 0 1.5 0 0 17.8 0 23.8 0 0 5.4 0 0 
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