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Abstract
Background: Transcriptomics plays a vital role in functional annotation of genes. This is the 
well proven fact that genes related to a particular trait can be predicted through modelling and 
analysis of transcriptomic data. Massive gene expression data related to different useful traits 
are available in public repositories. However, this valuable information are underutilized due to 
the lack of appropriate methodologies and efficient tools for identification of related genes and 
transcription factors. In order to properly utilize this genomic information an efficient algorithm 
and a sophisticated computational tool based on efficient algorithm is of urgent need.

Results: In this study, an efficient algorithm has been developed by utilizing non-linear penalized 
regression technique Kernelized Least Absolute Shrinkage and Selection Operator (LASSO) for 
predicting genes related to useful traits using gene expression data. Also, a user friendly Web based 
tool (TAGPT, Trait Associated Genes Prediction Tool) has been developed based on this algorithm. 
The efficiency of TAGPT over existing tools has been demonstrated by predicting the trait specific 
genes using five sets of gene expression data from various experiments related to gene expression. It 
has been observed that the developed algorithm behind TAGPT is accurate and fast while predicting 
the specific genes related to a particular trait by analysing the predicted genes.

Conclusion: TAGPT is user friendly Web server which provides the list of predicted genes related 
to a specific trait with their expression value along with their evaluation measures (sensitivity, 
specificity, classification accuracy etc.). This web server can be accessed by using any web browsers 
like Internet Explorer, Google Chrome, Mozilla Firefox etc. TAGPT is freely available at http://
cabgrid.res.in/tagpt.

Keywords: Biotic and abiotic stress; Microarray; Gene expression; Algorithm; Kernelized 
LASSO; Web server

Abbreviation 
TAGPT- Trait Associated Genes Prediction Tool; FAO- Food and Agriculture Organization; 

LASSO- Least Absolute Shrinkage and Selection Operator; GEO- Gene Expression Omnibus; SVM- 
Support Vector Machine; LOOCV- Leave One Out Cross Validation; GUI- Graphical User Interface; 
JSP- Java Server Pages; HTML- Hypertext Mark-up Language; RWUI- R Web User Interface

Background
Food security is a prime goal of sustainable agriculture (FAO). Gene transfer technology is being 

used to introduce many important agricultural traits like higher yield, resistance to abiotic or biotic 
stress, nutritional quality of food etc. into a wide range of food crops [1]. Crops or animals are 
engineered for useful traits to improve the quantity and quality of the food [2]. Identification of genes 
related to these useful traits has been a major task in biological research. These genes can be identified 
either by conducting experiments in lab (in-vivo approach) or by using some computational tool 
on already available genomic data (in-silico approach) or following hybrid approach i.e. designing 
and conducting lab experiments followed by computational analysis. Compare to in-vivo approach, 
in-silico approaches are time, cost and resource efficient [3].

As per current experimental trends in in-vivo approach, transcriptomics plays an important 
role in identifying genes related to a specific trait [4-6]. Microarrays and RNA-Seq are the two main 
technologies used to profile the expression level of genes. These technologies are widely used to 
detect the expression level of genes specific to a particular condition. A massive microarray datasets 
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generated through conducting trait related experiments are available 
in public repositories. These datasets can be used to detect trait 
specific genes. Therefore, for proper utilization of this huge dataset for 
in-silico identification of genes related to a specific trait, an efficient 
algorithm along with Web tool was required. Further, data from gene 
expression experiments i.e. both microarray and transcriptomics can 
also be analysed for identification of genes related to specific trait 
using this tool. This Web tool will not only helps biological scientists 
in accurately and efficiently identifications of genes related to specific 
trait but also provide easy and flexible Graphical User Interface (GUI) 
with high end advanced computational techniques applied to the 
data at the backend. The problem of identifying genes related to a 
particular trait can be framed as a feature selection problem, where, 
genes involved in microarray/transcriptomic data are considered as 
features and the selected key genes are indicative of a specific trait. 
Many feature selection techniques are proposed to select important 
genes responsible for a particular trait [7-22]. Among these 
techniques, penalized regression like Least Absolute Shrinkage and 
Selection Operator (LASSO), Elastic Net etc. are most popular, as 
these techniques deals with small sample size (n) and large number 
of features (p) i.e. n<p problem [23,24]. But being linear in nature, 
these techniques are unable to handle the problem of non-linear 
input-output relationships. Therefore, non-linear kernelized LASSO 
has been proposed to resolve this issue by using kernelized-penalized 
regression technique for feature selection and non-linear dependency 
of response with predictors [24]. By using this concept, an algorithm 
for gene classification has been proposed in this study. Furthermore, 

there is lack of readily available, user friendly tools based on this 
algorithm. Therefore, it is highly imperative to develop a tool based on 
this efficient algorithm for the purpose of prediction of trait specific 
genes to assist the biological scientists for accurately and efficiently 
identification of genes related to specific trait. This Web tool namely 
TAGPT (Trait Associated Genes Prediction Tool) has been developed 
for identification of trait specific genes using gene expression data 
i.e. microarray/ transcriptomic data. TAGPT employs an algorithm 
by integrating the kernelized LASSO to address two of the most 
important statistical issues i.e. (n<p) and non-linear dependency of 
predictors to the response. The efficacy of the proposed TAGPT has 
been assessed using Leave One Out Cross Validation (LOOCV) with 
Support Vector Machine (SVM) on publically available microarray/
transcriptomic data related to various traits.

Implementation of Algorithm
Gene expression data are having multiple sources of variation 

which affects measured gene expression levels. Normalization is a 
process which attempts to remove such variation and ensure correct 
data for subsequent analysis for identification of differentially 
expressed genes. The process of normalization of the data can also 
be applied to transcriptomic data set. After this data normalization 
data generated from both these technologies i.e. microarray 
experimentation and RNA-seq can be treated together. Therefore, 
the proposed algorithm begins with a normalization step followed 
by t-test for initial selection of differentially expressed genes [25,26]. 
Now, prediction of highly expressed genes has been done using 
a latest feature selection technique i.e. Kernelized LASSO. It was 
reported in the literature, that non-linear kernelized LASSO is able 
to reduce number of predictors less than the number of observations 
with appropriate degree of accuracy [24]. Classification power of 
the predicted highly expressed genes was assessed by classifying the 
labelled samples (control vs trait) into their respective classes. For 
this Support Vector Machine (SVM) has been used for the purpose 
of classification, as it is known to be best binary linear/non-linear 
classifier [27,28]. Classification accuracy has been assessed by using 
cross validation technique [29,30]. The schematic work flow of the 
proposed algorithm used in the TAGPT is given in the Figure1. 

Data processing stage
Quantile based method of data normalization has been used in 

this algorithm. “Limma” package of Bioconductor (http://www.
bioconductor.org/), an open-source tool for bioinformatics based on 
R statistical programming language, has been used for the same [25]. 

Preliminary selection of genes
Gene expression data contains much fewer data points as compare 

to the genes observed in experiments. Usually, tens of thousands of 
genes are observed with very less number of data points. Therefore, 
it would be of high complexity to use Kernelized LASSO directly 
for valid interpretation. Hence, a t-test with corrected p-values was 
employed to filter out non-significant differentially expressed genes 
for a specific trait and control condition [26].

Prediction of trait specific genes
The filtered out significant differentially expressed genes in the 

previous step were used for subsequent analysis. Here, non-linear 
penalized regression technique called Kernelized LASSO was used on 
the filtered data for final selection or identification of the trait specific 
responsive genes [24]. In order to select genes through Kernelized 
LASSO technique, the observed data on significant differentially 

Figure 1: Schematic workflow of the proposed algorithm. Figure is showing 
algorithmic flowchart of proposed algorithm for prediction of trait specific 
genes using gene expression data.
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expressed genes is denoted by

 and different trait level of output data as 
Y , 

where, n is the total number of observation and d is the number of 
significant differential expressed genes from the expression data 
obtained through t-test. Here, Y has taken as binary variable i.e. 
related to specific trait and control. 

Now Kernelized LASSO is written as

where,  is a regression coefficient vector,  denotes the 
regression coefficient of the k-th feature and  is the regularization 
parameter.

 and are centered kernel functions for input 
and response variable respectively. Here,  is the 
centering matrix, 

A universal reproducing kernel i.e. Gausian kernel is used for 
input x in the present algorithm

,

where, 

and delta kernel for response y,

where, ny is the number of samples in class y.

Support Vector Machine (SVM) and Cross validation
Predictive power of the selected trait specific genes were assessed 

through SVM as it constructs a hyper plane which separates two 
groups of labelled samples with a maximum margin. Here, the 
selected trait specific genes were used as predictor variables and trait 
levels (trait and control) as response variable in training SVM [27]. 
CRAN package: e1071 version 1.6-2 of R software has been used for 
training SVM [28]. Classification accuracy of the trained SVM was 
further tested by using Leave One Out Cross Validation (LOOCV) 
Technique [29,30].

Software Development
The software for Trait Associated Gene Prediction Tool (TAGPT) 

has been developed and implemented on Web to provide easy and 
flexible GUI based tool to potential users. Programming has been 
done using HTML, R, JSP and Java programming languages [31]. 
User interface has been developed by using R Web User Interface 
(RWUI) too 

along with Net Beans development environment as a platform 
for development of this tool [32,33]. The developed Web based tool 
is deployed on Apache tomcat server and can be accessed at www.
cabgrid.res.in/tagpt [34,35].

Architecture and Design of the Software
The Web application has been developed using client-server 

architecture. A Web browser is the first tier (presentation), an engine 
using dynamic web content technology (JSP) is the middle tier 
(Web Application), and Shell, R language is the third tier (System 
Application). Architecture of the software is represented in Figure 2. 
The schematically design showing different modules developed for 
this tool has been shown in the Figure 3. It can be seen that TAGPT 

has four main modules i.e. data management, data analysis, report 
generation and help.

Software Features 
This tool provides login facility to the users (Figure 4). It requires 

three types of input parameters i.e. gene expression matrix in .csv 
format, response variable or class type also in .csv format and p-value 
on the basis of which initial selection of the genes is to be done (Figure 
4). Tool provides four types of output in tabular form i.e. first table is 
list of differentially expressed genes with all statistical values such as 
Log Fold Change (logFC) value, t-value, p-value, adjusted p-values, 
B-values etc., second table contains differentially expressed genes 
with their expression values, third table consists of predicted genes 
with their expression values and the fourth table is confusion matrix 
along with other evaluation parameters (Figure 4).

Results and Discussion
The performance of proposed algorithm implemented as TAGPT 

Web based tool for prediction of genes related to a specific trait was 
demonstrated using various microarray data. Five case studies has 
been considered for this purpose. Five microarray data sets of related 
to various traits were downloaded from GEO (http://www.ncbi.nlm.
nih.gov/geo/) with accession IDs GSE10670, GSE37940, GSE5185, 
GSE31885 and GSE32642. These dataset contain gene expression data 
related to drought stress, cold stress, ethanol tolerance, biosynthesis 

Figure 2: Architecture of the TAGPT.  Figure represents architecture used in 
development of the Trait Associated Genes Prediction Tool (TAGPT).

Figure 3: Design of the TAGPT. Figure represents the design of the TAGPT 
showing various modules i.e. user profile management, data analysis, report 
generation and help of the web server.

http://www.cabgrid.res.in/tagpt
http://www.cabgrid.res.in/tagpt
http://en.wikipedia.org/wiki/ASP.NET
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of waxy substance and microbe associated molecular pattern 
(Table1). As per the algorithm, at the first step t-test was employed 
to filter out unlikely genes involved in controlling specific traits. In 
this preliminary filtration of unlikely trait associated genes through 
t-test, the p-value was assigned as 0.05, resulting in subset of 3615, 
6749, 836, 1763 and 2882 filtered genes out of total 22810, 57194, 
10928, 37478 and 66659 genes (Table 2) from different experiments 
considered above. Thereafter, Kernelized LASSO was applied to 
expression data of these filtered genes, which resulted in 27, 40, 15, 
17 and 51genes respectively (Table 2). Hence, it can be seen than this 
algorithm reduced the number of genes related to a specific trait up to 
a great extent. Again, to test predictive power of these selected genes, 
SVM used as a classifier on expression data based on final selected 
genes to classify into two class i.e. trait vs control. Performance of 
the classification by SVM was tested using Leave One Out Cross 
Validation (LOOCV). Result of the analysis was presented in the 
form of classification accuracy, sensitivity and specificity (Table 2). 
Results indicate that finally predicted genes has high predictive power 

and able to classify the samples with high accuracy.

Conclusion
In this paper, a novel algorithm for prediction of genes related to 

a particular trait based on gene expressions data has been developed. 
Also, a user friendly Web tool for Trait Associated Genes Prediction 
(TAGPT) using proposed algorithm has been developed. Performance 
of the developed algorithm has been demonstrated on a real data 
set from microarray experiments. These case studies show that the 
algorithm behind TAGPT is accurate and fast while predicting the trait 
specific genes by analysing the gene expression data. This developed 
Web solution would be highly useful for biological scientists to use 
this highly sophisticated computational tool through easy and flexible 
GUI without going through its mathematical complexity and get the 
results quickly saving their precious time and energy.
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