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ABSTRACT: Gene expression analysis of Arabidopsis thaliana is becoming more and more 

important in many areas of biomedical research. cDNA microarray technology is one very promising 

approach for high throughput analysis and provides the opportunity to study gene expression 

patterns on a genomic scale. Microscope slide were determined by measuring the fluorescence 

intensity of labeled mRNA hybridized to the arrays. The Unscrambler and Genesis tools have been 

used to simultaneously visualize and analyze a whole set of gene expression experiments. Several 

graphical data show matrix of genes and then compared with each other. Fluorescence ratios have 

been normalized and best possible representation of the data is used for statistical analysis. Non 

hierarchical algorithms have been implemented to identify similar expressed genes and expression 

patterns, including: k-means clustering and principal component analysis. Finally the gene 

expression data was analyzed and the cluster responsible for the Shoot development in Arabidopsis 

thaliana is determined. 
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1. INTRODUCTION 

Microarray is a type of gene expression profiling. Gene expression is of three types mainly Global 

gene expression; expression pattern of all the genes present in the genome at the same time. Co-

expression of genes; expression pattern of similar genes present in the genome at the same time, 

respectively differential expression of genes; expression pattern of dissimilar genes present in the 

genome at the same time.[10] 

DNA Microarray 

After genome sequencing, DNA microarray analysis has become the most widely used source of 

genome scale data in the life sciences. Microarray expression studies are producing massive 

quantities of gene expression and other functional genomics data, which promise to provide an 

insight into gene function and interactions within and across metabolic pathways. Unlike genome 

sequence data, however, which have standard formats for presentation and widely used tools and 

databases, much of the microarray data generated so far remain inaccessible. 

Table 1: Microarray versus Microchips. 

Types Production Substrate Density (probes/cm2) 

High density array  
Spotting of oligonucleotide 

or PCR fragments 
Membranes Up to 64 

Microarray 
Spotting of oligonucleotide 

or PCR fragments 
Glass Up to 104 

Chip (Affymetrix Agilent) Synthesis on substrate Glass Up to 2.5 *105 

Microarray Technique  

Microarray technology began about a quarter century ago, with Ed Southern’s key insight that 

labeled nucleic acid molecules could be used to interrogate nucleic acid molecules attached to a solid 

support.[2] Today, thousands or even tens of thousands of genes can be spotted on a microscope slide 

and relative expression levels of each gene can be determined by measuring the fluorescence 

intensity of labeled mRNA hybridized to the arrays, facilitating the measurement of RNA levels for 

the complete set of transcripts of an organism. Applied to the functional genetics and mutation 

screening, microarrays give us the opportunity to determine thousands of expression values in 

hundreds of different conditions, allowing the contemplation of genetic processes on a whole 

genomic scale to determine genetic contributions to complex polygenic disorders and to screen for 

important changes in potential disease gene. cDNA microarrays exploit the preferential binding of 

complementary, single stranded nucleic acid sequences. Basically, a microarray is a specially coated 

glass microscope slide to which cDNA molecules are attached at fixed locations, called spots. [3, 4, 

5] With up to date computer controlled high-speed robots 19200 and more spots can be printed on a 

single slide, each representing a single gene. RNA from control and sample cell is extracted. 

Fluorescently labeled cDNA probes are prepared by incorporating either cye-3 or cye-5 d’UTP using 
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a single round of reverse transcription, usually taking the red dye for RNA from the sample cells and 

the green dye for that from the control population. Both extracts are simultaneously incubated on the 

microarray, enabling the gene sequences to hybridize under stringed conditions to their 

complementary clones attached to the surface of the array. [6] Laser excitation of the incorporated 

targets yield an emission with characteristic spectra, which is measured using a scanning confocal 

laser microscope. Monochrome images from the scanner are then imported into the software in 

which they are pseudo-colored and merged. [7] A spot for instance will appear red, if the 

corresponding RNA from the sample population is in greater abundance and green if the control 

population is in greater abundance. If both are equal, the spot will appear yellow. If neither binds, 

the spot will appear black. Thus the relative gene expression levels of the sample and the reference 

populations can be estimated from the fluorescence intensities and colors emitted by each spot during 

scanning. The production and hybridization of slides is just one pace in a pipeline of many steps 

necessary to gain meaningful information from microarray experiments. Because of the vast amount 

of data produced by a microarray experiment, sophisticated software tools are used to normalize and 

analyze the data. [7] 

 

 

Figure 1.1 Profiling genes expressed during Arabidopsis shoot development in tissue culture 
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Figure 1.2 Arabidopsis thaliana –Model Organism 

This little plant has become to plant biology what Drosophila melanogaster and Caenorhabditis 

elegans are to animal biology. [8] Arabidopsis is an angiosperm, a dicot from the mustard family 

(Brassicaceae/Crusiferae). [9, 3] It is popularly known as thale cress or mouse-ear cress. 

Arabidopsis is not an economically important plant such as turnip, cabbage, broccoli, and canola. 

Despite this, it has been the focus of intense genetic, biochemical and physiological study for over 

40 years because of several traits that make it very desirable for laboratory study. [9] 

Scientific classification 

Kingdom  : Plantae 

(unranked)  : Angiosperms 

(unranked)  : Eudicots 

(unranked)  : Rosids 

Order  : Brassicales 

Family  : Brassicaceae 

Genus  : Arabidopsis 

Species  : A. thaliana 

Binomial name :  Arabidopsis thaliana (L.) Heynh 

Synonyms  : Arabis thaliana 

K-means Clustering  

It’s an unsupervised Clustering approach. [10, 11] It’s a clustering algorithm which is widely used 

because of its simple implementation. The algorithm takes the number of cluster (k) to be calculated 

as an input. The number of clusters is usually chosen by the user. [12, 13]The k-means algorithm is 

one of the simplest and the fastest clustering algorithms. However, it has a major drawback. The 

results of the k-means algorithm may change in successive runs because the initial clusters are 

chosen randomly. As a result, the researcher has to assess the quality of the obtained clusters. [14, 
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13]The researchers may measure the size of the clusters against the disease of the nearest cluster. 

This may be done to all clusters. If the distance between the clusters is greater than the sizes of the 

clusters for all the clusters then the results may be considered as reliable. [15] 

Principle Component Analysis 

In experiments each gene and each experiment may represent one dimension. For example, a set of 

10 experiments involving 20,000 genes may be conceptualized as 20,000 data points (genes) in a 

space with 10 dimensions (experiments) or 10 points (experiments) in a space with 20000 

dimensions (genes). Both the situations are beyond the capabilities of current visualization tools and 

beyond the visualization capabilities of our brains. [16] 

2. MATERIALS AND METHODS 

SMD: The Stanford Microarray Database 

The whole data has been downloaded from SMD (Stanford Microarray Database). 

http://genomewww5.stanford.edu/The goals for SMD are to serve as a storage site for microarray 

data from ongoing research at Stanford University, and to facilitate the public dissemination of that 

data once published, or released by the researcher.[2] SMD make use of many public resources to 

connect expression information to the relevant biology, including SGD and can be accessed at 

http://genomewww.stanford.edu/microarray. 

Genesis 

It is a platform independent Java suite, which integrates tools for analyzing gene expression data. 

[17] High throughput gene expression analysis is becoming more and more important in many areas 

of biomedical research. Genesis visualization of the gene expression and clustering results is user 

friendly. The flexibility, the variety of analysis and data visualization tools as well as the 

transparency and portability, provides Genesis software suite with the potential to become a valuable 

tool in functional genomics studies. [14] 

The Unscrambler X 

The software was originally developed in 1986 by HARALD MARTENS and later by CAMO 

software. The Unscrambler is a commercial software product for more than one data analysis, used 

primarily PCA and PCA projection was done with the help of Unscrambler X performed k-means 

Clustering with the help of Genesis. The software used for calibration in the application of near 

infrared spectroscopy and development of predictive models for use in real-time spectroscopic 

analysis of materials.  

1. Data Collection from STANFORD MICROARRAY DATABASE 

2. Removing gaps and errors from the SMD file 

3. Converting the excel file into tab limited format 

4. Performing k-means clustering in Genesis 

5. Performing Principal Component Analysis in Unscrambler 
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Figure 2.1 Methodology chart 

 

3. RESULTS AND DISCUSSION 

Genesis  

In this work, ‘Genesis’ a versatile and transparent software suite for large-scale gene expression 

cluster analysis was used. The Genesis software was used to enable data import, visualization, data 

normalization, and clustering via: k-means and Self organizing maps. Also the Unscrambler 

software was used as an additional support for the work. It also enabled the data import, visualization 

and interpretation using Principal Component Analysis.[15] 

 

 

Data Collection from SMD

Removing gaps and errors from the file of SMD

Converting the excel file into Genesis accessible 
format

Perform K-means Clustering in Genesis

Perform PCA in Unscrambler

Analyze result obtained in form of graphs and 3D plots
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Centroid View 

 

Figure 3.1 Centroid View of total data in Genesis 

 

Here we can clearly see that the Centroid view of the fourth G/R Normalized (Mean) is having a 

clear higher projection of the expression. So the probability of the genes expressing the desired value 

is more in fourth data file. 
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Expression View 

 

       Figure 3.2 Expression View of total data projected in Genesis 

Even the expression of the fourth G/R Normalized (Mean) data table is showing a peak in graph 

clearly. So this adds too for our prediction of presence of genes having desired property in the fourth 

data file. 
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Centroid View of Ten clusters 

 

Figure 3.4 Centroid View of 10 clusters projected using Genesis through k-means  

clustering algorithm 

After the k-means Clustering algorithm was applied on the data the Centroid View was obtained as 

shown above. Here we can see that the cluster 4 with 8108 genes is having a uniform peak values 

in its Centroid and the number of data is sufficiently large. Hence the genes of desired property can 

be present in the fourth cluster.[18] 
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Expression Views of Ten clusters 

 

Figure 3.5 k- means clustering result using Euclidian Distance in ten clusters Expression 

plots of all genes and the median of a cluster. 

After the k-means Clustering algorithm was applied on the data the Expression View was obtained 

as shown above. Here we can see that the cluster 4 with 8108 genes is having a uniform expression 

of the value and has no oscillating pattern. Hence this evidence too boosts the presence of genes of 

desired property in the fourth cluster. [16] 
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Expression Image of a Cluster 

 

Figure 3.6 Expression image of the cluster. The color scale ranges from saturated green for 

log ratios-3.0and below to saturated red for log ratios3.0andabove. Eachgeneisre presented by 

a single row of colored boxes; each column represents a single G/R Normalized (Mean). 

After the k-means Clustering algorithm was applied on the data the basic Cluster information was 

obtained as shown above. Here we can see that the cluster 4 with 8108 genes is having some 

important values as below: Share of 96% of Genes in Cluster. [19]. Average distance from cluster 

mean = 0.12918513 which is lowest compared to all the available clusters. Next nearest neighbor 

variance = 0.028671337 which shows that the genes are almost identical in their properties within 

cluster variance = 0.06459144 which is lowest among all the clusters. After the k-means Clustering 

algorithm was applied on the data the basic Gene information was obtained as shown above. Here 

we can clearly see that the larger value occurrences of NNR values of Cluster 4 are maximum 
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compared to all the other Clusters. Hence from the Genesis we concise our point of view to Cluster 

number 4. Now we will verify this result in Unscrambler by performing PCA and PCA projection. 

Cluster Information 

Table 3.1 The basic Cluster information of all 10 clusters obtained in Genesis 

 

 

Table 3.2 The Gene Information obtained after performing k-means Clustering in Genesis. 

 

 

 

http://www.rjlbpcs.com/


Prasadet al RJLBPCS 2019              www.rjlbpcs.com           Life Science Informatics Publications 

© 2019 Life Science Informatics Publication All rights reserved 

Peer review under responsibility of Life Science Informatics Publications 

2019 Jan – Feb RJLBPCS 5(1) Page No.274 

 

Unscrambler  

Line Plot 

 

Figure 3.7 The Line Plot projected in Unscrambler 

After the saved file form Genesis was imported in Unscrambler we projected the line plot of the 

data. Here we can clearly see that the expression of the fourth G/R Normalized (Mean) is having a 

clear higher projection of the expression. So the probability of the genes expressing the desired value 

is more in fourth data file. [7] 

Bar Plot 

After the Cluster 4 was analyzed in the form of Bar graph we can clearly see that the expression of 

the Fourth Cluster is having lesser number of noises. 
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Figure 3.8The Bar Plot projected in Unscrambler of Cluster 4 of Genesis 

3D-Scatter Plot 

 

Figure 3.93D Scatter Plot obtained by Unscrambler 
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For more precise observation we did a 3D projection of the 4th, 6th and 7th G/R Normalized (Mean) 

data. And what we observed was a uniform cluster with less amount of variation in data. 

Scatter Plot  

 

Figure 3.10 Scatter Plot obtained by Unscrambler 

For more precise observation we plotted the single dimension of the 4th and 6thG/R Normalized 

(Mean), and what we observed was a uniform cluster of the data in initial stage of graph. 

Table 3.3 Eigen values and Eigen value distribution 
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PCA 

 

 

Figure 3.11 The 3-dimensional view of the data in Eigenvector-space. Clusters from different 

clustering calculations can be visualized using colored points in the 3D-view.After the PCA 

was performed on the data the above 3D graph was obtained. Here some clusters generated 

a compact data cloud in space. PCA helped to determine how compact and self-contained a 

cluster of genes was. 

Eigen Values 

Here the first 3 PCs combine more than 57% of the variance, so that the components 4 to 8 have all 

together less than 43% of the information.[20,21] Their patterns mainly describe the noise 

component in the dataset; PC 8 has less than 5 ppm of the information! 
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Explained Variance 

 

Figure 3.12 Explained Variance obtained by Unscrambler having x-axis representing PCs 

and y-axis representing the variation of the data from the mean. 

Here both the expected and derived lines move in almost parallel fashion hence there is less variation 

in data. 

PCA Projection: Residual Variance

Figure 3.13 Residual Variance obtained by Unscrambler having x-axis representing PCs and 

y-axis representing the variation of the data from the mean. 
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The residual variance decreases until PC 7 is reached. The lowest residual variance is found with 7 

PCs. The residual variance tells us a lot about how the model performs. By and large models, it 

should diminish persistently. [22] An expansion demonstrates that there is an issue which ought to 

be distinguished and evacuated. You may see that the lingering change diminishes consistently from 

PC 0 to PC 7. Consequently our information is less uproarious and accordingly the nearness of the 

qualities in charge of the Shoot improvement is affirmed in Cluster 4. The sub-atomic component 

that could clarify the tso1 freak phenotype is missing. Through a hereditary screen, we recognized 

32 silencers that guide to the MYB3R1 quality, encoding a preserved cell cycle regulator.[23] 

Further investigation demonstrates that TSO1 transcriptional subdues MYB3R1, and the ectopic 

MYB3R1 action intervenes the tso1 freak phenotype. Since creature homolog’s of TSO1 and 

MYB3R1 are parts of a cell cycle administrative complex, the DREAM complex, we tried and 

demonstrated that TSO1 and MYB3R1 immune-precipitated in tobacco leaf cells. [26] The work 

uncovers a monitored cell cycle administrative module, comprising of TSO1 and MYB3R1, for 

appropriate plant development.[24, 25] Plant postembryonic advancement depends on a little pool 

of immature microorganisms at the shoot and root tip. The subject of how the cell cycle 

administrative exercises are coordinated into the explicit undifferentiated organism setting isn't 

surely knew. [27, 28] This examination distinguishes a formerly obscure administrative module in 

the blooming plant comprising of two administrative qualities, TSO1 and MYB3R1.[26] TSO1 

adversely manages MYB3R1 to control cell division action, keep up appropriate undifferentiated 

organism pool size, and offset cell expansion with separation in shoot and root. Essentially, creature 

homologs of TSO1 and MYB3R1 are individuals from a cell cycle administrative complex, 

proposing this moderated module works in the two plants and animals. [29] 

4. CONCLUSION 

We conclude from the Residual Variance Curve that seven PCs were optimal. Thus the Cluster 4 of 

the Genesis data is responsible for the Shoot Development in Arabidopsis thaliana. [30]In this work, 

‘Genesis’ a versatile and transparent software suite for large-scale gene expression cluster analysis 

was used. The Genesis software was used to enable data import, visualization, data normalization, 

and clustering via: k-means and Self Organizing Maps. Also the Unscrambler software was used as 

an additional support for the work. It also enabled the data import, visualization and interpretation 

using Principal Component Analysis. Here we calculated and compared clustering results from 

different algorithmic approaches. One of the challenges in analyzing microarray data is the fact that 

there is no biological definition of a gene cluster. Moreover, due to the different underlying 

assumptions for the clustering techniques and the necessity to adjust various parameters, the 

clustering results can differ substantially. Thus, it is an imperative to apply several clustering 

techniques on the same data set and to compare the results. The comparison of clusters obtained 

using several clustering techniques enabled us to identify genes that have been rated similar in all 
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clustering results. Here PCA was used to visualize these clusters in 3D space and get an impression 

of cluster size, integrity, and distribution, and helped to retrieve the most significant patterns in a 

study.[31] It also revealed some information about the number of clusters in the dataset. All these 

clustering and classification procedures enabled us to get an impression of subset of genes which 

are responsible for the Shoot Development in Arabidopsis thaliana and thus provided an opportunity 

for us to concentrate on a particular aim. [11, 15] 
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