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ABSTRACT 

Hasanuzzaman M, Sarwar SHMG, Islam MS (2020) Identification of yield predictors of wheat (Triticum aestivum L.) under salt stress using 
random forest, multiple and stepwise regression. Int. J. Expt. Agric. 10(1), 20-25. 
 

Salinity is one of the important limiting factors for the production of wheat in the southern coastal region of 

Bangladesh. The effectiveness of the selection of wheat genotypes depends on the perfectly-identified yield 

predictors' variables. The present study was conducted to assess the yield components under the salinity stress 
environment using the multiple regression, stepwise regression and random forest model. This research was 

conducted with ten wheat genotypes, grown in earthen pots with 10 dSm-1 salinity and control in consecutive two 

seasons of 2013-2014 to 2014-2015. All treatments were arranged in a complete randomized design (CRD) with three 
replications. Data were recorded on the shoot and root traits. The results showed that salinity treatment represses the 

development of roots causing grain yield loss of all wheat genotypes. Considering the predictors' variables, such as 

phenology: days to heading, days to maturity; yield attributes: effective tillers plant-1, plant height, spike length, 
spikelets spike-1, grains spike-1; root traits: length, volume, fresh weight, dry weight, random forest, multiple linear 

regression and stepwise regression, all three methods have identified dry root weight and number of grains bearing 

tillers contributes to grain yield per plant under salt stress. Selection through these traits may be effective in a saline 
environment. The performance of random forest is superior to multiple linear regression and stepwise regression 

models showing the lowest MSE.    
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INTRODUCTION 
 

Wheat is the most widely cultivated cereal in the world, a staple food for 40 percent of the world’s population 

that contributes 20 percent of total dietary calories and proteins worldwide (Braun et al. 2010) and in 

Bangladesh most important cereal crops after rice in both economic and consumption (Hossain and da Teixeira 

Silva, 2013; BARI 2010).  
 

Soil salinity severely constrains crop production in the southern part of Bangladesh and worldwide. The total 

global area of saline and sodic soils is estimated to be around 830 million hectares, more than 6% of the world’s 

land and rising (Martinez-Beltranand and Manzur, 2005; Shrivastava and Kumar, 2015). It is estimated that over 

50% of global arable land will be salinized by 2050 (Jamil et al. 2011). In Bangladesh, the coastal region covers 

about 20% area of the country (29,000 km
2
) surrounded by more than 30% of the cultivable lands where 53% of 

the coastal areas are affected by salinity (Haque 2006). Salinity during the dry season is a major constraint to 

crop yield in southern Bangladesh, particularly in coastal zones (Dalgliesh and Poulton, 2011). Yield reductions 

of 50% in durum wheat under dryland salinity (James et al. 2012), 88% in bread wheat under high irrigation 

salinity (Jafari-Shabestari et al. 1995). 
 

Machine learning, part of Artificial Intelligence, comprises of algorithms and statistical models that support the 

system to learn autonomously and improve from experience with simple programming (Wikipedia Contributors, 

2019). Emerging technique ensemble learning produces a unique model from multiple predictions based on the 

same base algorithm (Friedl et al. 1999; Breiman 2001). Random forest is an example of ensemble learning. It is 

non-parametric and can utilize distribution-free data and correlated variables do not affect (Cutler et al. 2007). 

Autocorrelation and multicollinearity reduce the efficacy in linear regression (Draper and Smith, 1998). 
 

Development of a new variety of Salinity tolerant is the only feasible way of improving yield in saline soils 

(Genc et al. 2007) and it is necessary to increase wheat production in by raising the wheat grain yield and the 

most efficient way to increase wheat yield in Bangladesh is to evolve the salt tolerance of wheat genotypes 

(Pervaiz et al. 2002; Shannon 1997). Limited attention has been given to develop a salt-tolerant variety of wheat 

in Bangladesh. As yield is low heritable, indirect selection may be effective. Identification of important primary 

traits that contribute to yield is essential for indirect selection. But, different tools identify different important 

primary traits. The effectiveness of selection depends on choosing the real primary traits depends on yield. 

Under this circumstance, this research was undertaken (1) to determine the important predictor/predictors for 

grain yield under salt stress in wheat and (2) to test the performance of the multiple regression, stepwise 

regression and random forest for yield prediction. This study is an application of statistical, and machine 

learning techniques to find out the primary trait which contributes most to yield per plant under saline condition. 
 

MATERIALS AND METHODS 
 

A pot experiment was conducted in the research field of Genetics and Plant Breeding, Hajee Mohammad 

Danesh Science and Technology University, Dinajpur, Bangladesh. Seeds of ten selected wheat genotypes 
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(Table 1) collected from Bangladesh Wheat and Maize Research Institute (BWMRI), Dinajpur, Bangladesh. The 

plants were grown in pots filled with a sandy loam soil having pH 7.5 and two treatments in the experiment i.e., 

non-saline (0 dS m
-1

) and saline (10 dS m
-1

). The experiment was replicated thrice in a completely randomized 

design and this study was continued in consecutive two seasons of 2013-2014 to 2014-2015. 
 

Table 1. Name and pedigree of wheat genotypes used in the experiment 
 

Entry Name Pedigree 

1 Protiva UP301/C306 

1187-1-1P-5P-5JO-OJO 

2 Shatabdi MRNG/BVC//BLO/PVN/3/PJB-81 

CM98472-1JO-0JO-0O-1JO-0JO-0R2DI 

3 Prodip G. 162/BL 1316//NL 297 

NC2055-4B-020B-020B-4B-0B 

4 BARI Gom 25 ZSH 12/HLB 19//2*NL 297 

5 BARI Gom 26 ICTAL123/3/RAWAL87//VEE/HD2285 

BD(JOY)86-0JO-3JE-010JE-010JE-HRDI-RC5DI 

6 BAW-1151 SOURAV/KLAT/SOREN//PSN/3/BOW/4/VEE#5. 10/5/CNO 

67/MFD//MON/3/ SERI/6/NL297 

BD(DI)112S-0DI-030DI-030DI-030DI-9DI  

7 BAW-1135 

 

BAW-969/SHATABDI 

BD(DI)1319S-0DI-6DI-1DI-DIRC6 

8 BAW-1168 

 

BAW-923/BIJOY 

BD(DI) 1327S-0DI-3DI-1DI-DIRC4 

9 BAW-1182 

 

KAL/BB/YD/3/PASTOR 

CMSS99M00981S-0P0M-040SY-040M-040SY-16M-0ZTY-0M 

10 BAW-1193 

 

SOURAV/3/ALTAR84/AE.SQ.(224)//2*YACO/4/JUNCO//YD/PCI               

BD04JA178T-0DI-0DI-0JA-0JA-0JA 
Source: Bangladesh Wheat and Maize Research Institute (BWMRI), Nashipur, Dinajpur 
 

Each pot contained 10 kg of soil and filled with recommended doses of NPK fertilizers were used in both saline 

and non-saline treatments. The soil filled pots were irrigated with tap water fit for irrigation. Ten seeds were 

sown in each pot and after seedling emergence five plants were maintained in each pot by thinning and the 

plants were harvested at the maturity stage. 
 

Data were recorded on root length, root volume, root fresh weight, root dry weight, spike length, number of 

effective tillers, plant height, days to heading, days to maturity, number of spikelets, number of grains per spike 

and grain yield per plant from ten different plants from each genotype in each replication. Data were partitioned 

into two parts: training data and testing data at 70:30 ratios randomly. Training data were used for model 

development and test data were used for evaluation of the model. Statistical tools, multiple linear regression, 

stepwise regression, and random forest were used to find the best predictors. R 3.5.0 (R Core Team, 2019) with 

randomForest (Liaw and Wiener, 2002) and caret ( Kuhn 2008) packages were utilized to analyze the data. 
 

RESULTS AND DISCUSSION 
 

The number of grain bearing tillers per plant and dry weight of root significantly contributes to grain yield as per 

multiple regression (Table 4) and stepwise regression (Table 2).  
 

Table 2. Showing coefficients of stepwise regression in wheat under salt stress 
  

Variable Estimate SE Pr(>|t|) 

(Intercept) 24.49146 6.63262 0.000713 

Grain bearing tillers per plant 0.91349 0.12367 8.71e-09 

Days to maturity -0.28311 0.06974 0.000244 

Plant height 0.05312 0.03080 0.092947 

Root dry weight 1.10770 0.24784 7.17e-05 
 

Random forest uses two important parameters, mtry and ntree. Parameters mtry and ntree are the number of 

predictors used at each split and the number of trees in the forest respectively. It can be observed that the error 

rate becomes flat inbetween 400 to 500 trees (Fig. 1). This indicates beyond the value of 500, tree number have 

no significant impact on model accuracy. Therefore, for this study, the value for number of trees is kept constant 

at 500. The minimum out of bag error was observed against mtry 4 and higher score were observed below or 

upper of this value (Fig. 2). 
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The number of nodes varies from about 10 to 20 per tree and most of the trees have 13 to 14 nodes based on the 

random forest model (Fig. 3) indicates forest having trees with diversified number nodes gives a diversified 

decision, ultimately makes a single accurate decision. The highest value of mean decrease accuracy (%IncMSE) 

and Gini (IncNodePurity) were observed on root dry weight indicates that it is the most important primary trait 

which contributes maximum to grain yield per plant. The second important predictor was the effective tiller 

number per plant. Root traits volume, weight, and length also contribute to grain yield (Fig. 4). 
 

 

 

 

 

Random forest model performance is further assessed using training (Fig. 5(a)) and testing (Fig. 5(b)) dataset 

respectively. (Fig. 5(a))  shows a decent fit between actual and predicted yield per plant based on the training 

dataset. But, the deviation is higher in the test data set (Fig. 5(b)). Relative MSE results of the three methods for 

grain yield per plant are presented in Table 3. Minimum MSE was observed in the random forest both in train 

and test data but explained variability was very close with multiple regression and stepwise regression. 

Fig. 1. Showing Error rate of random forest with   

         different trees in wheat under salt stress 

 

Fig. 2. Showing different mtry with Out of Bag     

            Error in wheat under salt stress 

 

Fig. 3. Showing the number of nodes of the trees  

            in wheat under salt stress 

 

Fig. 4. Showing mean decrease accuracy (%IncMSE)   

            and mean decrease Gini (IncNodePurity) of  

            different variables in wheat under salt stress 
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Fig. 5. Showing observed versus predicted yield per plant in wheat undersalt stress  

                                 based on the random forest model (a) training data and (b) test data 
 

Table 3. Showing Performance of statistical and machine learning tools used in wheat under salt stress    

environment 
 

 

Tool 

Train Data Test Data 

MSE 
Variance 

Explained (R
2
) 

MSE 
Variance 

Explained (R
2
) 

Multiple Regression 0.91 0.94 1.76 0.81 

Stepwise Regression 0.83 0.95 1.92 0.84 

Random Forest 0.25 0.90 1.35 0.83 
 

This study is an application of statistical and machine learning techniques to find out the primary trait which 

contributes most to yield per plant under saline condition. A higher mean decrease in accuracy and Gini 

indicates higher variable importance. Based on random forest, grain yield per plant is depends on root traits: dry 

weight, volume, fresh weight, length and number of grain bearing tillers per plant (Fig. 4). But according to 

multiple and stepwise regression, grain yield depends on the dry weight of root and grain bearing tillers per 

plant (Table 2 and Table 4) under saline condition indicates salinity represses the development of roots causing 

yield loss. Maas et al. (1994) also reported that salt stress decreases the number of primary and secondary tillers 

causes yield reduction. Grain bearing tillers and dry weight of root should be selected for salt-tolerant high 

yielding wheat variety development. Selection based on root dry weight may be cumbersome. In that case, 

selection should be done based on the number of grain bearing tillers in each plant. 
 

Table 4. Showing coefficients of multiple regression in wheat under salt stress 

Variable Estimate Standard Error Pr(>|t|) 

(Intercept) 24.441883 8.475919 0.00733 

Days to heading -0.033938 0.081108 0.67872 

Grain bearing tillers per plant 0.902166 0.260627 0.00169 

Days to maturity -0.266932 0.087958 0.00504 

Height 0.040722 0.047476 0.39806 

Spike length 0.122323 0.353266 0.73164 

Spikelets per spike 0.020975 0.128771 0.87174 

Grains per spike -0.014877 0.036703 0.68820 

Root length 0.023973 0.077861 0.76036 

Root volume 0.024458 0.216878 0.91099 

Root weight -0.009495 0.221445 0.96609 

Root dry weight 0.998763 0.407455 0.02050 
  

Multicollinearity is a common limiting factor of regression models. MSE and R
2 

evaluate the performance of a 

model, but the accuracy of the model does not depend always on the high value of R
2
. As minimum MSE was 

observed in a random forest indicates the superiority over the other two statistical tools, multiple and stepwise 

regression. Random forest is robust, faster than bagging, distribution-free and gives variable importance 

 

(a) (b) 
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(Breiman 2001; Rodriguez-Galiano et al. 2014). Increase the number of trees reduces error makes the data fit 

(Rodriguez-Galiano et al. 2014). However, random forest acts as ‘‘black box’’ (Prasad et al. 2006). It does not 

compute regression coefficients and confidence intervals (Cutler et al. 2007). However, it measures variable 

importance and can be compared to other regression methods(Gromping 2009). 
 

CONCLUSION 
 

The potentiality of random forest techniques to model grain yield per plant under salt stress environment in 

wheat was explored in this study. It shows that the performance of random forest is superior to the multiple and 

stepwise regression. Saline environment reduces the root growth causes a decrease in grain yield. Grain bearing 

tillers and root dry weight contribute maximum to grain yield under salt stress. Selection through these primary 

traits can be effective for better grain yield under salt stress environment. 
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