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Abstract 
 
A supervised feature selection algorithm was applied to determine the most important features contributing to wheat grain yield. Four 
hundreds seventy two fields (as records) from different parts of Iran which were different in 21 characteristics (features) were 
selected for feature selection analysis. Selection of the wide range of features, including location, genotype, irrigation regime, 
fertilizers, soil textures, physiological attitudes, and morphological characters, provided the opportunity of precise simultaneous 
study of a large number of factors in wheat grain yield topic by hand of data mining. The grain yield of each record assumed as target 
variable. The feature selection algorithm selected 14 features as the most effective features on grain yield. These features included 
culture type, location, soil texture, 1000 kernel weight, nitrogen supply, irrigation regime, biological yield, organic content of the 
soil, the amount of rainfall, genotype, plant height, and spike number per unit area. Interestingly, growing season length and plant 
density were the second most important features for wheat grain yield. Based on the feature selection model, culture type, as dryland 
farming or irrigated, severely affected wheat grain yield. The soil pH had a marginal effect on wheat grain yield. The results of this 
investigation demonstrated that feature classification using feature selection algorithms might be a suitable option for determining the 
important features contributing to wheat grain yield, providing a comprehensive view about these traits. This is the first report in 
identifying the most important factors on wheat grain yield from many fields using feature selection model. 
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Introduction 
 
Data mining is a process of discovering previously unknown 
and potentially interesting patterns in large datasets 
(Piatetsky-Shapiro and Frawley, 1991). Nowadays, intelligent 
data mining and knowledge discovery by artificial neural 
network, decision trees, and feature selection algorithms have 
become the important revolutionary issues in prediction and 
modeling (Roddick et al., 2001; Elson et al., 2004; Schuize et 
al., 2005). The ‘mined’ information is typically represented 
as a model of the semantic structure of the dataset, where the 
model may be used on new data for prediction or classifi- 
cation (Liu and Motoda, 2008). In data mining, feature 
selection tools are useful for identifying irrelevant attributes 
to be excluded from the dataset (Liu and Motoda, 2001). The 
main idea of the feature selection is to choose a subset of all 
variables by eliminating a large number of features with little 
discriminative and predictive information (Blum and 
Langley, 1997; Beltrán et al., 2005). Usually in a dataset, not 
all the features are important; some are redundant and some 
are irrelevant. Data with several irrelevant features can 
misguide the clustering results and make it hard to explain 
(Liu and Motoda, 2001 and 2008). There are two ways to 
reduce the dimensionality: feature transformation and feature 
selection. Feature transformation reduces the dimension by 
applying some type of linear or non-linear function on the 
original features whereas feature selection selects a subset of 
the original features. One may wish to perform feature 
selection rather than transformation to keep the original 
meaning of the features. Furthermore, after feature selection,  

 
 
 
one does not need to measure the features that are not 
selected. Feature transformation, on the other hand, still 
needs all the features to extract the reduced dimensions (Liu 
and Motoda, 2008). Recently, there is a great interest in 
employing feature selection algorithms to find the critical 
features involving in different phenomena including enzyme 
thermostability (Ebrahimi et al., 2009) and pH tolerance 
(Ebrahimie et al., 2008). Feature selection allows the variable 
set to be reduced in size, creating a more manageable set of 
attributes for modeling (Blum & Langley, 1997). Adding 
feature selection to the analytical process has several bene- 
fits: it simplifies and narrows the scope of the features that is 
essential in building a predictive model, minimizes the 
computational time and memory requirements for building a 
predictive model, because focus can be directed to the subset 
of predictors that is most essential. It also leads to more 
accurate and/or more parsimonious models (Dash and Liu, 
1997; Liu and Motoda, 1998). Furthermore, it reduces the 
time for generating scores since the predictive model is based 
upon only a subset of predictors. Feature selection algorithms 
have two main components: feature search and feature subset 
evaluation consists in of screening, ranking and selecting (Liu 
and Motoda, 2008). There are two types of feature selection 
algorithms: supervised and unsupervised. Supervised feature 
selection algorithms rely on measures that take into account 
the class information. A well-known measure is information 
gain, which is widely used in both feature selection and 
decision   tree   induction   (Dash and Liu, 1997).  In  essence,  



 

 403

                   Table 1. List of some literatures that were used for feature selection model of wheat grain yield in Iran 
 

Authors Province-Location Type of  treatment 
Abhari et al., (2008) Golestan- Gorgan Drought stress 
Afiuni et al., (2006) Isfahan-Rod Dasht Different genotypes, Salt stress 
Akbari et al., (2006) Khorasan Razavi-Mashhad Different genotypes 
Bijanzadeh et al., PhD thesis - (2008-9) Fars-Badjgah Different genotypes, Drought stress 
Dastfal et al., (2008)  Fars-Darab Different genotypes, Drought stress 
Emam et al., (2000) Fars- Badjgah Different nitrogen level 
Emam et al., (2009) Fars- Badjgah Different nitrogen level, Different genotypes 
Emam, et al., (2007) Fars- Badjgah Different genotypes, Drought stress 
Farahani and  Arzani (2007) Isfahan- Najaf  Abad Different genotypes 
Faraji et al., ( 2006) Khozestan- Ramin Different nitrogen level, Drought stress 
Ghodsi et al., (2005) Khorasan Razavi-Mashhad Drought stress 
Kiani et al., (2004) Golestan-Agh Ghala Salt stress, Drought stress 
Modhej et al., (2008) Khozestan-Ahvaz Different nitrogen level 
Momtazi and Emam (2006) Fars- Badjgah Growing season length, Plant density 
Moussavi Nik et al., (2006)  Sistan and Balochestan-Zabol Different phosphorous and zinc level 
Roustaii et al., (2003) Western Azarbaijan-Maragheh Different genotypes 
Sadegh Zadeh Ahari et al., (2006) Kohkiloyeh -Gachsaran Different genotypes 
Sadegh Zadeh Ahari et al., (2005) Western Azarbaijan-Maragheh Different genotypes 

 
supervised feature selection algorithms try to find a feature 
helping to separate data of different classes, named class-
based separation. If a feature has no effect on class-based 
separation, it can be removed. In contrast, a good feature 
should, therefore, enhance class-based separation (Liu and 
Motoda, 2008). In the late 90’s, research on unsupervised 
feature selection intensified in order to deal with data without 
class labels (Dy and Brodley, 2004). It is closely related to 
unsupervised learning. One example of unsupervised learning 
is clustering, where similar instances are grouped together 
and dissimilar ones are separated apart. Similarity can be 
defined by the distance between two instances. Conceptually, 
the two instances are similar if the distance between the two 
is small; otherwise they are dissimilar (Liu and Motoda, 
2008). When all instances are connected pair-wisely, 
breaking the connections between those instances that are far 
apart will form clusters. Hence, clustering can be thought as 
achieving locality-based separation. One widely used cluster- 
ing algorithm is k-means. It is an iterative algorithm that 
categorizes instances into k clusters (Dy and Brodley, 2004; 
Liu and Motoda, 2008). In this study, we tried to examine the 
efficiency of supervised feature selection on the most critical 
agronomic trait, wheat grain yield. Wheat grain yield is 
closely associated with the field characteristics particularly 
soil properties, available water and nutrient content in the 
soil, genotype, growing season length etc. (Emam, 2007). 
The aim of this study was to identify the importance and 
relationship of wheat field conditions (features) providing a 
comprehensive view about wheat grain yield by feature 
selection algorithm. Understanding the importance of features 
among a large dataset of features can play a key role in 
improving the wheat grain yield under field conditions. 

 
Material and methods 
 
Data collection  

 
 One part of data was collected from field experiment 
conducted during 2008 growing season, at Badjgah experim- 
ental station (29° 50´ N and 52 ° 46´ E; elevation 1810 m 
above mean sea level), Shiraz University, Shiraz, Iran by the 
authors. The experiment was conducted in a split plot design 
with four moisture regimes (irrigation according to 125%, 
100%, 75%, and 50% field capacity) as the main factor and 
five  wheat  cultivars  (Shiraz,  Bahar,  Pishtaz,  Yavaros  and 
 

 
Sistan) as subplots in three replications. In addition, data 
from the field study was also extracted from the literature 
describing effect of field conditions on wheat grain yield in 
Iran (Table 1). As a result, 472 records with 21 features 
including location, precipitation (mm), soil texture, soil pH, 
culture type (dryland or irrigated), irrigation water EC 
(dS/m), nitrogen, phosphorus and potassium applied to the 
soil (kg/ha), organic content of the soil (%), growing season 
length (days), plant height (cm), biological yield (kg/ha), 
irrigation regime (according to field capacity), genotype, 
1000 kernel weight (g), spike number per unit area, plant 
density (plant/m2), harvest index (%), grain number per spike 
and wheat grain yield were prepared in Excel software sheets.  
 
 Statistical analyses 
 
Statistical analyses for feature selection were performed 
using SPSS Clementine 11.1. First, data were transported 
from Excel software to SPSS Clementine 11.1. Wheat grain 
yield was set as output variable and the others as input 
variables. Some features such as biological yield, rainfall, and 
plant height were classified as continuous variables and 
features like location, soil type, and genotype were classified 
as categorical. Finally, features contributed to wheat grain 
yield were selected. 
 
Feature selection algorithms 
 
Feature selection algorithm was applied to recognize 
important features showing strong correlation with wheat 
grain yield. The algorithm considered one attribute at a time 
to see how well each predictor alone (feature) predicted the 
target variable (output). The importance value of each 
variable was then calculated as (1- p) where p was the p value 
of the appropriate test of association between the candidate 
predictor and the target variable. The association test for 
categorized output variables was different from the test for 
continuous ones. When target value was continuous, p values 
based on the F statistic were used. If some predictors were 
continuous and some categorical in the dataset, the criterion 
for continuous predictors was still based on the p value from 
a transformation and that for categorical predictors from the F 
statistic. Predictors were ranked according to sorting by p 
value in ascending order. If ties occurred, the rules for 
breaking ties were followed among all categorical and 
continuous  predictors  separately,  and then these two groups  
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                 Table 2. Classification of important features affecting on wheat grain yield (as output) by feature selection method  
Rank Feature Type Importance Value 

1 Culture type (dryland or irrigation farming) Flag Important 1.0 
2 Location Set Important 1.0 
3 Soil texture Set Important 1.0 
4 1000 kernel weight (g) Range Important 1.0 
5 Nitrogen applied to the soil (kg/ha) Range Important 1.0 
6 Irrigation regime (according to percentage field capacity) Range Important 1.0 
7 Biological yield (kg/ha) Range Important 1.0 
8  Organic content of the soil (%) Range Important 1.0 
9 Precipitation (mm) Range Important 1.0 
10 Genotype Set Important 1.0 
11 Plant height (cm) Range Important 1.0 
12 Spike number per unit area Range Important 1.0 
13 Growing season length (day) Range Important 0.999 
14 Plant density (plant/m2) Range Important 0.997 
15 Soil pH Range Marginal 0.909 
16 Harvest index (%) Range Unimportant 0.854 
17 Irrigation water EC (dS/m) Range Unimportant 0.804 
18 Phosphorus applied  to the  soil (kg/ha) Range Unimportant 0.538 
19 Grain number per spike  Range Unimportant 0.335 
20 Potassium  applied   to the  soil (kg/ha) Range Unimportant 0.133 

 
(categorical predictor group and continuous predictor group) 
were sorted by the data file order of their first predictors. The 
p value was based on the asymptotic t distribution of a 
transformation on the Pearson correlation coefficient. The 
predictors were then labeled as ‘important’, ‘marginal’, and 
‘unimportant’ with values above 0.95, between 0.95 and 0.90, 
and below 0.90, respectively. 
 
Results and discussion 
 
Classification of features (showed that in Table 2) indicated 
that out of 21 features, 14 features were the most important 
features related to the wheat grain yield including culture 
type, location, soil texture, 1000 kernel weight, nitrogen 
applied to soil, irrigation regime (according to field capacity), 
biological yield, organic content of the soil, precipitation, 
genotype, plant height, and spike number per unit area, with a 
value of 1.0, and growing season length (0.999 value), and 
plant density (0.997 value). The soil pH feature (0.909 value) 
was recognized to have a marginal effect on wheat grain 
yield. The rest including of harvest index (0.854 value), 
irrigation water EC (0.804 value), phosphorus applied to the 
soil (0.538 value), grain number per spike (0.335 value), and 
potassium applied to soil (0.133 value), were found to be 
unimportant (Table 2). In this study, spike number per unit 
area and biological yield (1.0 value) had important effects on 
wheat grain yield (Table 2). Farahani and Arzani (2007) 
reported that spike number per unit area and biological yield 
were strongly correlated to grain yield of durum wheat. 
Ghodsi et al., (2005) also reported the significant correlation 
between grain yield and spike number per unit area. Emam et 
al., (2009) showed that nitrogen applied to the soil, as a key 
element in crop nutrition, had an important role in increasing 
wheat grain yield. Culture type as dryland or irrigated 
farming severely affected wheat grain yield (Table 2), and 
mean grain yield in dryland (1966 kg/ha) and irrigated 
farming (4000 kg/ha) was significantly different (P<0.01). 
The relationship of culture type and wheat grain yield has 
been reported by some researchers [e.g.  Ahmadi and Sio Se 
Mardeh 2003; Abhari, et al., 2008; Emam et al., 2007]. 
    Feature selection showed that one of the most important 
features in wheat productivity is location (Table 2). Confir- 
ming the feature selection output, results of general linear 
model showed that wheat grain yield in three locations 
including Badjgah (3228 kg/ha), Gachsaran (2088 kg/ha) and  
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Fig 1. Relationship between wheat yield with biological yield 
(a) and plant height (b). Best-fit linear regression is plotted in 
case where the relationship was significant at P<0.01 
 
 
Maragheh (1411 kg/ha) were significantly different under 
dryland farming (Table 3). In irrigated culture, many of 21 
studied locations, including Agh Ghala (3362 kg/ha) with 
Najaf Abad (6137 kg/ha), Ramin (5333 kg/ha), and Karaj 
(5265 kg/ha), and Ahvaz (3427 kg/ha (with Najaf Abad 
(6137 kg/ha), were significantly different (P<0.01) in the 
point of wheat grain yield (Table 3). Biological yield was one 
of the most relevant features to the grain yield with 1.0 value 
(Table 2). In addition, biological yield was strongly related to  
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Table 3. General linear models between location and wheat grain yield under two culture type (dryland farming and 
irrigated). Statistics are only reported for locations with a significant relationship (P<0.01) with wheat grain  
yield. 

Culture type Location Mean wheat 
grain yield (kg/ha) 

P value 
 

3228  Badjgah 
Gachsaran 2088 0.0000 
Marageh 1411 0.0000 
Gachsaran 2088  

 
 

Dry land farming 

Marageh 1411 0.0000 
Agh Ghala 3362  
Najaf Abad 6137 0.0000 
Ramin 5333 0.0001 
Karaj 5265 0.0022 
Ahvaz 3427  
Najaf Abad 6137 0.0000 
Badjgah 4913  
Najaf Abad 6137 0.0000 
Karaj 5265 0.0021 
Darab 3860  
Najafabad 6137 0.0000 
Gorgan 2665  
Mashhad 4369 0.0067 
Najafabad 6137 0.0000 
Karaj 5265 0.0001 
Isfahan 3846  
Najafabad 6137 0.0000 
Isfahan 3846 0.0000 
Zabol 3002 0.0003 
Mashhad 4369  
Najafabad 6137 0.0000 
Isfahan 3846 0.0033 
Najafabad 6137  
Isfahan 3846 0.0000 
Zabol 3002 0.0000 
Rod Dasht 3175  
Karaj 5265 0.0001 
Zabol 3002  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Irrigation regime 
(according to field capacity) 

Karaj 5265 0.0077 
  

wheat grain yield (R2= 0.73, P<0.01) (Fig. 1a). With increase 
in biological yield from 3221 to 21053 kg/ha maximum 
wheat grain yield (7200kg/ha) was obtained in Najaf Abad 
(Fig. 1a). The positive relationship between biological yield 
and wheat grain yield has been demonstrated by Abhari et al., 
(2008) and Afiuni and Mahlouji (2006). Wheat plant height 
ranged from 56 to 120 cm and maximum wheat grain yield 
was achieved at the height of 91 cm in the genotype of 
Masora. Plant height (R2= 0.85, P<0.01) was also related to 
maximum wheat grain yield (Fig. 1b). Genotype was another 
important feature with a value of 1.0 (Table 2). In this study, 
comparison of 176 genotypes showed that Buchen (7600 
kg/ha), Ostatar (6800 kg/ha), Yavaros (5569 kg/ha), and 
Shiraz (5044 kg/ha) had the maximum wheat grain yield. On 
the other hand, wheat yield in the genotypes of Korifla and 
Sabalan decreased to 1499 and 1668 kg/ha under dryland 
farming, respectively. In one study with 42 wheat genotypes, 
there was a significant difference between genotypes for 
yield and yield components and genotype was considered to 
be an important factor in determining the final grain yield 
(Farahani and Arzani, 2007). While biological yield was an 
important feature in improving wheat grain yield, harvest 
index feature was found to be less important in modern wheat 
genotypes in Iran (Table 2). Sharma (1996) suggested that 
grain yield in wheat may be increased by improving biomass 
at a given level of harvest index. Austin (1984) also showed 
that an alternative for achieving increased grain yield is to 
increase the biomass produced by the crop. In comparison of 

36 wheat genotypes, biological yield was found to be the 
most important factor giving the highest correlation (r=0.75) 
with wheat grain yield (Farid et al., 2007). Furthermore, 
improvement in harvest index appears to be difficult (Farid et 
al., 1996) and recently, increase in wheat grain yield has been 
attributed to increases in biomass production (Ahmadi and 
Sio Se Mardeh; 2003, Afuni and Mahlouji, 2006). It can be 
concluded that the modern wheat cultivars grown in Iran 
show variation in biomass production, and there might be a 
scope in improving wheat grain yield by selecting cultivars 
with a higher biomass.  
  
Conclusion    
 
The results of this study suggest that feature classification by 
feature selection algorithm may be a suitable option for 
determining the important features such as culture type, 
location, soil texture, water content in soil, plant height, 
genotype, and the nutrient content of the soil. The weak point 
of analyzing results of just one experiment (one field) is that 
commonly, the outcomes of this experiment are robust just 
about that specified condition. In fact, in many cases, it is not 
possible to extend the results of separate experiments. As a 
result, obtaining a comprehensive view about the critical 
attitudes involving in grain yield is not possible. This study 
also indicated feature classification by using feature selection 
might be a suitable option for determining the important 
features contributing to wheat grain yield providing a 
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comprehensive view about this trait. Also, the main 
advantages of feature selection method are the reduction of 
the data processing time, decrement in the requirements of 
data storage space, decreasing in the cost of data acquirement 
and the most important, it allows to select a subset of the 
original features which contribute with the largest amount of 
information for a particular problem (reduction in the 
dimensionality of the input data). Determining of important 
features is useful for wheat grain yield increasing in Iran. 
This is the first report in identifying the most important 
factors on wheat grain yield from many fields in Iran using 
feature selection model. 
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