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Abstract— Insecticide resistance, a character inherited that 
encompasses alteration in one or more of insect’s genes is now 
a major public health challenge combating world efforts on 
malaria control strategies. Anopheles has developed heavy 
resistance to pyrethroids, the only World Health Organization 
(WHO) recommended class for Indoor Residual Spray (IRS) 
and Long-Lasting Insecticide Treated Nets (LLITNs) through 
P450 pathways. We used the biochemical network of Anopheles 
gambiae (henceforth Ag) to deduce its resistance mechanism(s) 
using two expression data (when Ag is treated with pyrethroid 
and when controlled). The employed computational techniques 
are accessible by a robust, multi-faceted and friendly 
automated graphic user interface (GUI) tagged ‘workbench’ 
with JavaFX Scenebuilder. In this work, we introduced a 
computational platform to determine and also elucidate for the 
first time resistance mechanism to a commonly used class of 
insecticide, Pyrethroid. Significantly, our work is the first 
computational work to identify genes associated or involved in 
the efflux system in Ag and as a resistance mechanism in the 
Anopheles. 
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I. INTRODUCTION 

  Anopheles gambiae (henceforth, Ag) is a complex of at 
least seven morphologically indistinguishable species of 
mosquitoes in the genus Anopheles [4].  The insect was first 
identified in the 1960s as the principal vector (carrier) of the 
most dangerous species of malaria parasite Plasmodium 
falciparum (henceforth, Pf) in Africa.  

The intensive exposure to insecticides has inevitably 
resulted in the evolution of insecticide resistance in the Ag. 
It has formed resistance to all the recommended classes of 
insecticides, especially pyrethroid, the only class 
recommended for Indoor Residual Spray (IRS), the proven 
Insecticide Treated bed Nets (ITNs), the accepted and                                                                                             
the only mainstay of the malaria control strategies [1]. The 
level and mechanisms of resistance deployed by this malaria 
vector varies, depending on the class of insecticides used 
and the nature of alteration in the system of the insect. Since 
the release of the genome sequence of the malaria mosquito, 
Ag [5, 6], several works had attempted to use genomics to 
explain the mode of its resistance [7 - 10], a very important 
problem in malaria research.  Functionally, meaningful 

patterns can be derived if genes are reasonably combined 
using knowledge about their functional interactions [11-13]. 
Besides, biochemical research has elucidated an 
increasingly better image of the metabolic architectures of 
Anopheles, (see www.biocyc.org, www.anobase.org, and 
www.sciencemag.org). 

Thus, in this work, using the metabolic network data of 
Ag AgamP3 from AnoCyc database, http://www.biocyc.org, 
biochemical reactions are functionally linked together by the 
re-construction of the metabolic network, where each gene 
was mapped onto its corresponding enzyme and reactions. 
Such interaction knowledge has been used to support the 
regulatory grouping of genes with gene expression profiles 
of yeast [14] based on the reconstructed network, cocktails 
of computational techniques were combined to extract some 
tightly linked genes that are predicted to have aided Ag to 
flush out pyrethroid speedily from its system. In other 
words, these genes participate in the efflux system of the 
Ag, a serious mechanism deployed by vectors to resist 
insecticidal actions. 

.  

II. REVIEW OF LITERATURE 
Current work in this area is still on-going and both 

experimentalists and computational scientists in the field 
have proposed different methods and approaches on how 
this can be achieved [13, 15, 16]. For instance; 

Potts spin clustering technique was deployed to 
investigate the network of a less complex organism, E.coli 
and discover its fragmentations when the organism is 
treated, e.g. with drugs or starved or if it is mutated [17]. 
They represented a metabolic network as a bipartite graph, 
consisting of alternating enzymes and metabolites. The 
network was investigated by a nearest neighbor based 
clustering algorithm. Their algorithm was based on the potts 
spin model, a method adopted from statistical physics, 
which was purposed to model magnetic behaviour of glassy 
systems [18, 19].   

In another work, the use of an image-like representation 
of the cellular metabolism was accomplished by interpreting 
the expression levels of the microarray data as pixel, 
intensities with grey values and the network topology as 
relationships between pixels [20]. In their method, Haar 
wavelet transform was used with image processing method 
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for analyzing the micro array data. This image processing 
methods extracted crucial features from the image.  

Recently, this technology has been improved by the 
introduction of PathWave is a software that enables  easy 
analysis of gene expression data with the topology of 
metabolic pathways of organisms. This extensively 
simplifies interpretation of results [21]. PathWave improved 
wavelet transforms and compliments normal enrichment test 
to detect functionally related regulation patterns. 

It is important to point out that the most current method 
described in c above is not applicable to the available 
pamethrin-induced gene expression data of Ag. This 
expression data is a single time-point exposure of 30 minutes 
for the treated samples [2, 23]. 

 

III. MATERIALS AND METHODS 
  The metabolic network data of Ag was extracted from 

the flatfiles of the AnoCyc from http://www.biocyc.org. 
AnoCyc is a pathway/ genome database (PGDB) of the 
malaria vector Ag that contains information of both the 
pathway and that of the whole genome. Such information 
includes; Genes, Pathways, Enzymes, Reaction, 
Metabolites/Compounds, Proteins and so on.  

The profiling data used in this work is the gene 
expression data of Ag when treated with Permethrin [2, 23]. 

A. Normalizing Microarray Data 
    The microarray data of Ag was normalized using the VSN 
normalization package for R 2.3.0, available from the 
CRAN repository [http://www.r-project.org]. This is part of 
the Bioconductor project [http://www.bioconductor.org]. 
The top 100 differentially expressed genes was extracted 
using R script.  Other vital contents obtained alongside 
include the corresponding p-values, which has been adjusted 
to control the false discovery rate. The logFC column gives 
the value of the contrast; which represents a log2-fold 
change between the two experimental conditions (treated 
and control).  t is the empirical Bayes moderated t-statistics 
and B is the empirical Bayes log odds of differential 
expression. Every blank and empty probe sets were removed 
since they will not be useful in the analysis. Lastly, we 
averaged the values for probe sets that represented the same 
gene or appeared more than once.  

B. Construction of the metabolic network from AnoCyc 
obtained from BioCyc [www.biocyc.org] 
 AnoCyc is a flat file description of the various reactions 

that make up the static image of Ag. It described logically 
how various metabolite compounds of Ag interact via 
various reactions catalyzed by a variety of enzymes that are 
produced by different genes. 

From AnoCyc we have 206 pathways, 1402 reactions 
and 1608 metabolites. All metabolites and reactions are 
taken as nodes. If two metabolites are connected by an 
enzymatic reaction, then we have two edges. The incoming 

edge is an educt and the outgoing a product [20]. We 
assigned every metabolite an ID and also every reaction. So 
we have a list of metabolites as well as of reactions and the 
edges describing the input and output compounds 
(metabolites) of every reaction. We discarded some 
metabolites such as ATP for example, as these metabolites 
are needed in a lot of reactions (hubs). The reconstructed 
network has a total of 1328 metabolites and 1215 reactions. 

C. Model for Analyzing Gene Expression Data on 
Metabolic Network 
Computational steps from previous work [17-20] were 

employed to analyse the gene expression data mapped to the 
metabolic networks of Ag. The model used for this analysis 
explored a feature extraction technique based on a 
combinatorial approach. 

To analyze gene expression data on the metabolic 
network of Ag, we designed and developed a user interface 
and embedded the adopted computational pipeline.  

D. The GUI Platform 
Three steps make up the adopted computational pipeline. 
- Network clustering using a simulated annealing 

clustering procedure [25] 
- Mapping gene expression data onto reactions 
- Feature extraction using a combinatorial approach 

E. Design of the GUI Workbench 
The GUI was designed with JavaFX Scenebuilder 

Version 2.1 with NetBeans IDE 7.2.1 built on Java 
Development Kit (JKD-6) for Windows. The GUI multi 
functional workbench is a system embedded with technique 
for executing 3 major tasks of our computational pipeline 
when in use. The first pipeline it executes at the click of 
‘Begin Analysis’ is to clutch the reconstructed network into 
clusters of genes ranked according to the transpose vector of 
highly connected sub-graph. Secondly, it maps the gene 
expression data onto the corresponding enzymatic reaction 
node on the clustered network at the click of ‘MAP’ on the 
analysis screen. Finally, it executes the feature extraction 
step using combinatorial approach, ranking results clusters 
according to the highest p-values. 

The welcome screen for our workbench is depicted in 
figure 1 below. 
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Figure 1. The Splash Screen 
 

Figure 2 is the main data analysis interface and it 
encapsulates the multi-faceted phases of our workbench that 
has capabilities for loading transcription profiling data of 
organism as a table on the screen, import its metabolic 
network and enzyme data file from system or storage device 
by clicking on the file tab on the screen, and mapping the 3 
data contents together.  
 

 
Figure 2.  Workbench in data loading stage, just before analysis begins 

 
Features extraction is a module embedded into this 

interface. Features extraction is the discovery of clusters 
whose genes are differentially expressed within different 
time points of the microarray under the control condition 
(no insecticide) and the insecticide influenced [17]. It is also 
the identification of regions with a varying pattern between 
two different conditions. We used combinatorial approach 
for our feature extraction (see details in the section 
immediately before). The procedure has been set to consider 
genes with p-values  <=0.001 and so such criteria were used 
to rank cluster output. It generates output as clusters of 
genes which were adequately ranked according to the 
highest p value. It has been established that genes of top 
ranking differential expressions have correlation coefficients 
greater than -0.5 but less than 0.6. [27]. Result pane is also 
localized on this page at a corner of the workbench as 
represented in figure 3. Thus, the end result of the whole 
analysis was generated and presented on this interface.  

 
Figure 3. The workbench Interface with result in display 

 
For all of the three steps in the computational pipeline, 

see [13, 22, 24, and 25]. For full details, we implemented all 
three steps in java in this workbench. For completion, we 
include some details in features extraction in the next 
section.  

 

- Features Extraction Using Combinatorial 
Approach 

Features extraction is the discovery of clusters whose 
genes are differentially expressed, under the control 
condition (no insecticide) and the insecticide treated 
condition. In the combinatorial approach we applied, all 
possible combinations of sums and differences of expression 
values in each cluster were calculated. For instance, if one 
of our clusters has three (3) reactions and we already 
mapped the expression values to the corresponding genes of 
the reactions. Let these expression values be 1, 2, and 3. 
Then we will have four (4) possible combinations, namely 
+1+2+3, +1+2-3, +1-2+3 and +1-2-3. Next, we compared 
(subtracted) all combinations, the largest difference was 
taken as p-value and the clusters are ranked according to 
their p-values. The largest p-value indicates highest 
probability of the cluster not to be differentially expressed 
[11, 13]. 

For each cluster, all combinations were calculated as 
described above. Normalization was performed on the 
microarray data to extract a wilcoxon test p-value. This 
distinguished differences between the two different states 
(control versus insecticide treated) for each cluster. The 
clusters were then ranked according to the lowest p-value 
that was achieved for the respective clusters.  
 
TABLE I.  CLUSTER 1 GENES, P-VALUES AND PATHWAYS 

 
Gene ID Coef p- value Pathway
COEAE1D 0.380391144 3.71E-08 Esterase

ABCC11 0.253134829 1.15E-06
ABC 

Transport

ABCC9 0.379594455 2.01E-06
ABC 

Transport

ABCC12 -0.189323085 1.56E-05
ABC 

Transport
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COE15O -0.218963002 2.00E-05 Esterase

JV1 0.219007436 3.89E-05 
Ecdysteroid 
hormones

 

A. Analysis of Stimulated or Repressed Clusters 
Our features extraction technique in compliance with the 

yardstick of [27], using the Pearson positive correlation 
coefficient calculated to check the patterns of the values of 
p-values and positions of the clusters under a single time 
point of the microarray under the normal and treated 
conditions, identified clusters labeled 1, 3 and 5 to contain 
statistically significant differentially expressed genes. All 
enzymes found in clusters 3 and 5 are Cytochrome P450 
monooxygenase genes. We did not give any interpretations 
or analysis to genes belonging to any other classes of 
insecticides apart from enzymes from class pyrethroid (our 
insecticide of interest in this work). Furthermore, we did not 
find any significant differential expression in clusters 2 and 
4. 

That makes clusters 3 and 5 our centre of attraction 
because it captured 5 enzymes whose encoding genes are 
only insect P450 genes, that has been characterized and 
classified as pyrethroid metabolizers. From cluster 3, we 
have 2 P450 genes. One of the genes has neither been 
characterized nor implicated in pyrethroid metabolism by 
any known literature till date, but known to be involved in 
xenobiotic detoxification [33, 34]. This gene should be 
subjected to further experimental analysis for tendencies of 
showing up as pyrethroid detoxifier and /or metabolizer.  

Cluster 1 has a total of 6 genes belonging to 3 important 
pathways as captured by our method, see Table I. In all, 
there are 2 Carboxyl esterase genes belonging to 
Organophosphate, 3 ABC transporter genes belonging to 
ATP binding cassette super family, a eukaryotic cell specific 
gene belonging to globular protein family and 1 Superoxide 
dismutase gene belonging to Organophosphate.  

  The 3 genes captured in cluster 5 are all cytochrome 
P450s genes, a pathway that has been known to produce 
cholesterol that synthesizes sodium cholate in the liver of 
Anopheles, and facilitates digestion of triacylglycerols [29, 
36], a major component of pyrethroid class of insecticide. 
The over expression of the genes in cluster 5 demonstrates 
that they are all enzymes that may metabolize pyrethroid.  A 
close result and conclusion was reached by experimental 
analysis, which revealed that one of the most consistently 
over expressed probe sets in DDT-resistant samples encoded 
for CYP6M2 (one of the enzymes implicated in cluster 5 of 
our result), same enzyme that has previously been 
implicated in pyrethroid resistance in Ag [2, 3, 22 and 29). 
Functional validation also confirmed that this enzyme can 
metabolize both DDT and pyrethroid insecticides [31]. P450 
enzymes from these clades have been linked to insecticide 
resistance and metabolism of natural products and 
xenobiotics [31]. 

Enzymes encoding P450 genes captured in clusters 3 and 
5 are all CYP6 genes. CYP6 genes are the first genes of this 
clade to be cloned and characterized from insects. Asides, 

CYP6 genes belong to the CYP3 family of insect P450 clade 
[31].  Genes in this category outnumber any other type of 
genes among insect P450 genes. Validated evidences proved 
that members of this clade of genes are greatly involved in 
xenobiotic metabolism and insecticide resistance [33]. They 
are also inducible by pesticides and natural products [28]. 

 

IV. RESULTS AND DISCUSSION 
Our metabolic network construction resulted into 1328 

metabolites, 1215 reactions with each reaction considered to 
be reversible. 

 
TABLE II.  CLUSTER3 GENES, P-VALUES AND PATHWAYS 

 
Gene ID Coef P. value Pathway

CYP12F4 -0.245259084 
3.67E-
06  

Cytochrome P450 
monooxygenase

CYP6Z3  0.231102388  
7.56E-
05  

Cytochrome P450 
monooxygenase 

 
    Overall, we have an output of five (5) clusters. There 
were no repressed clusters amongst them all. Clusters 2 and 
4 products are insignificant. Clusters 1, 3 and 5 are all 
stimulated clusters. 7 genes (ABCC9, ABCC11, ABCC12, 
COEAE1D, COE15O, and JV1) were implicated in cluster 1 
as shown in Table I above, 2 genes (CYP12F4, CYP6Z3 ) in 
cluster 3 (Table II) and 3 genes (CYP6P3, CYP6Z2, 
CYP6M2) in cluster 5 (Table III). Every gene captured in 
cluster 1 belongs to pathways that control range of 
biological functions including molting, behavior, and 
response to stimuli, the development of the nervous system, 
reproduction and production of sex pheromones [27, 34].  
 

TABLE III.  CLUSTER 5 GENES, P-VALUES AND PATHWAYS 
 

Gene ID Coef 
P. 
value 

Pathway Pathways of 
actions 

CYP6P3  0.682940705 
6.69E-
19  

CytochromeP450 
P450 
monooxygenase  

Cytochrome 
P450 
monooxygenase 

CYP6Z2  0.371302073 
6.28E-
07  

CytochromeP450 
P450 
monooxygenase  

Cytochrome 
P450 
monooxygenase 

 
CYP6M2 

 
-0.273416045 

1.561 
7E-04 

CytochromeP450 
P450 
monooxygenase  

Cytochrome 
P450 
monooxygenase 

 
     Genes captured in clusters 3 and 5 specifically are 
Cytochrome P450 monooxygenase genes which all play a 
role in xenobiotic detoxification, they are also an important 
metabolic pathway and validated mechanism by which 
several insect species become resistant to insecticides [34]. 

Also, over expression of these validated permethrin 
metabolizers are participants in resistance phenotype of Ag. 
population. This may be due to their reductase effect as 
confirmed also in [31, 34]. One of the outstanding 
significantly over expressed gene from our result has been 
experimentally validated to metabolize pyrethroid [23]. The 
other genes captured have also been proved to enhance 
metabolic detoxification in A. gambiae [2, 3 and 34].  
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      The p-values indication from our normalization in this 
work may suggest some capability of genes in cluster 3 and 
5 to catalyze pyrethroid. Thus, we hypothesize that over 
expression of these validated permethrin metabolizers are 
participants in resistance phenotype of Ag population. This 
was also found previously by experimental means (Mitchell 
et al., 2012). Our findings also show that more than one 
gene that are systematically linked (network of multiple 
genes) contributed to Pyrethroid resistance in Ag. 
Obviously, there are multiple metabolic resistance 
mechanisms deployed by Ag population to resist 
insecticides. Finally, we suspect that the P450s genes 
captured in clusters 3 and 5 aids Ag to flush out pyrethroid 
speedily from its system. In other words, these genes 
participate in the efflux system of the Anopheles, a serious 
mechanism deployed by vectors to resist insecticidal 
actions. 
 

V. CONCLUSION 
In this work, we have used cuisine of computational tools 

and platforms to contribute to furthering research in 
combating malaria management and control. For instance,  
our work introduced a more annotated biochemical network 
for the most deadly malaria vector, Anopheles gambiae. We 
also introduced a computational platform to determine and 
also elucidate for the first time resistance mechanism to a 
commonly used class of insecticides, Pyrethroid. 
Significantly, our work is the first computational work to 
identify genes associated or involved in the efflux system in 
Ag and as a resistance mechanism in the Anopheles. Lastly, 
we also introduced a multi-functional GUI array analyzer 
that is capable of analyzing microarray data for other 
vectors and organisms. Our results also suggest which genes 
can be inhibited during insecticidal target discovery exploits 
in silico. 
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