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Abstract

The goal of this study was to determine the yield components related to
grain yield in order to improve barley yield under rainfed conditions of Turkey
(Van). Stepwise and Adaptive Lasso methods were performed for selection of
most significant yield components. As cohesion criteria to compare Stepwise
and Adaptive Lasso methods, the adjusted coefficient of determination and
Akaike Information Criterion were used. Results revealed that when there
were dependencies between independent variables stepwise and Adaptive Lasso
achieved the same results. It has been determined that spike number per m?
and grain weight per spike can be used as the most effective selection criteria
for barley breeding studies due to their significant effects on grain yield.

Key words: lasso regression, variable selection, shrinkage methods, two-
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1. Introduction. Barley used as animal feed and malt material in our coun-

try has a production area of 2.7 million hectares and production value 6.7 million
tons [!]. Yield is under the influence of genetic structure and environmental fac-
tors. Grain yield in cereals can be improved by understanding the interrelation-
ships among yield, yield components, vegetative growth, and growth durations.
The success of plant breeding programmes is increased by accurately determining

selection criteria related to grain yield [%].
Multiple linear regression (MLR), correlation and path analysis have been

used in agriculture by plant breeders in order to assist in identifying components
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as selection criteria to increase crop yield [*]. Variable selection is important
in statistical modelling because it leads to better model interpretation and high
prediction accuracy. In MLR Ordinary Least Square (OLS) estimates have two
important problems: prediction accuracy and interoperation. The first problem
means that OLS estimates have low bias but large variance. The second problem
means that analysis having a large number of predictors cannot achieve smaller
and stronger predictors because of dependencies in independent variables [6]. A
new technique called adaptive least absolute shrinkage and selection operator
(Lasso) [6] was used by researcher to provide prediction accuracy and interoper-
ation [7]. It was shown that LASSO does not possess oracle properties [¥] and
an evolution of the Lasso was offered named Adaptive Lasso [?]. Adaptive Lasso
regression is proposed in order to improve the lack of oracle properties of the
Lasso [?]. This method has a procedure which successfully makes prediction and
simultaneously variable selection as Lasso regression.

This study aimed to estimate the relationship between barley grain yield
and yield components and to determine most important components for barley
breeders in order to improve yield under rainfed conditions of Turkey (Van).
MLR, stepwise and Adaptive Lasso techniques were performed in order to achieve
this goal.

2. Materials and methods. Materials. Tokak 157/37, Tarm-92, Orza-96,
Biilbiil-89, Yesevi-93, Aydanhanim, Zeynelaga, Kalayci-97, Cildir-02, Karatay-94,
Efes-3 two rowed barley varieties were used in the study. These varieties have been
developed by The Field Crops Central Research Institute, The Anatolian Agricul-
tural Research Institute, The Bahri Dagdas International Agricultural Research
Institute and Anadolu Beer Malt and Food Organisation. The field experiments
were conducted for two years in 2004-2006 in the province of Van, east of Turkey
(38 0 55'N, 42 0 05'E, 1.725 m above sea level).

The region has continental climate with limited precipitation in summer and
low temperature in winter. The soil of the experimental field has a clayey struc-
ture and is slightly alkaline. It is insufficient in organic matter and nitrogen, and
moderate in phosphorus ['°]. The average rainfall of the first year was 357.9 mm
and the second year’s was 416.9 mm.

Methods. The plot size was 9.6 m? in the study. Seeding was done in
October with 8 rows of each plot and row spacing was 20 cm. The seeding
rate was adjusted for a density of 500 viable seeds m~2. Plots were fertilized at
seeding time with 64 kg P2Os ha! and 25 kg N ha=! (18% N and 46% P5Os,
diammonium phosphate) and 35 kg N ha~! (21% N, ammonium sulphate) was
applied at booting stage.

The data included days to heading (days), spike number per m? (number),
spike length (cm), grain number per spike (number), grain weight per spike (g),
thousand grain weight (g), harvest index (%) and grain yield (kg da™!) measured
across two years.
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Statistical analysis. The regression model for p explanatory variables and
n observations is given as follows:

(1) vi=pPo+ bixzi+- -+ Lpri+e, i=1,2,...,n,

(2) Y =pl, + X5 +e.

The above equations are equivalent to each other. Here Y = [y1,¥2,...,yn]7 is
the vector of dependent variables, 1,, is a column vector of n ones, p is intercept
(Bo), X = [z4;] is an n x p design matrix of explanatory variables, 5 = [31, ..., 5]
is the vector of regression coefficients and e = [eq,...,es] is the vector of the

residual with NIID(0, Io2). OLS estimates can be written as an optimization
problem:

(3) B = argmin |Y — X3|.
B

Adaptive Lasso regression estimates the regression coefficients by the follow-
ing equation in the Lagrangian form [*7]

2

P p

(4) B(alasso) = argmin Y—ZXjﬁj —|—/\Zdzj|ﬁj|, i=1,2,...,p,
B j=1 j=1

2

where is the loss function, A > 0 is a shrinkage parameter which

p
Y — Z%JQ#%‘
]:

regulates strength of penalty and is important for success of Adaptive LASSO,

w; states a data-defined weight, ©; =1/ ‘Bii}li’v, v is a positive constant and B}ni
is initial consistent estimator of 3 obtained from ordinary least square [?] and
f: 18;| = 18|y is called the l;-norm penalty on 3 and B(),) shows parameter
]e:tlimation

2
p p
(5) B(An) =argmin{ [V =" X8|+ AndjnlB;]
j=1 j=1

If A\, — oo and \,/y/n — 0, the adaptive Lasso has oracle property [57].
Model selection. The adjusted coefficient of determination (}_32) and

Akaike Information Criterion (AIC) were used as cohesion criteria to compare

Stepwise and Adaptive Lasso

n—1

—2
(6) R :1—(1—R2)n_—p_1,
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where R? is the determination coefficient, n is the sample size and p is the total
number of explanatory variables in the mode not including the constant. AIC [!1]
is as follows

(7) AIC = —-2ll + 2p,

where [l is the log-likelihood and p is the parameter number.

The statistical analyses were performed by using GLMSELECT procedure in
SAS program ['2]. AIC is used in choose sub-option and none is used in stop for
the model selection.

3. Results and discussion. OLS results in MLR analysis are shown in
Table 1. The table contains regression coefficients, its standard errors, t value,
probability of the estimated variables in predicting barley grain yield and Vari-
ance Inflation Factor (VIF) values for explaining multicollinearity problem. T-test
applying to regression coefficient revealed that spike number per m? and grain
weight per spike had significantly contributed towards grain yield. However, five
variables named days to heading, spike length, grain number per spike, thousand
grain weight and harvest index did not affect the grain yields. All grain yield
components in the current study explained 88% of total variation. The depen-
dency assumption in independent variables was investigated by performing MLR
analysis. VIF values of all independent variables were found smaller than 10. The
results prove that there are no dependencies between independent variables, so
there is no multicollinearity problem in the current data [!3].

Stepwise and Adaptive Lasso methods were used to estimate and select vari-
ables among all grain yield components and the results are presented in Table 2.

Table 1
OLS results in MLR analysis and VIF values

Variables B’s SE t Prob > [t|  VIF
Days to heading (X1) 0.98517 0.54687 1.80 0.0748 1.48
Spike number per m? (X») 0.49907  0.02345  21.28 < 0.0001 145
Spike length (X3) 3.18719 4.07989 0.78 0.4366  2.57
Grain number per spike (X4) —0.68084  1.56932 —0.43 0.6654  4.43
Grain weight per spike (X5) 141.27694  30.92938 4.57 < 0.0001 5.04
Thousand grain weight (Xe) 0.76617  0.87355 0.88 0.3826  2.58
Harvest index (X7) —0.03957 0.48484 —0.08 0.77835 1.29
R? 0.8811

R 0.8725

B — coefficient of regression, SE — Standard Error, R? — coefficient of determination,

R - adjusted coefficient of determination
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Table 2

Results of Stepwise and Adaptive Lasso methods used for selection and estima-
tion of variables in predicting barley grain yield and model selection criteria

Stepwise

Variables B’s Std. B’s  Partial R> Model R?
Spike number per m? (Xz) 0.500102 0.902246 0.719 0.719
Grain weight per spike (X5) 155.735895 0.397881 0.154 0.873
Days to heading (X1) 0.805702 0.063084 0.002 0.875
Number of variables 3
R 0.88
AIC 694.97

Adaptive Lasso
Spike number per m? (X2) 0.493874 0.891009 0.695 0.695
Grain weight per spike (X5) 153.691031 0.392656 0.178 0.873
Days to heading (X1) 0.527991 0.041340 0.002 0.875
Number of variables 3
R 0.88
AIC 695.93

B — coefficient of regression, Std. 5 — standardized coefficient of regression,

R - adjusted coefficient of determination, AIC — Akaike Information Criterion

The table contains the coefficients of regression, standardized coefficients of re-
gression, partial and cumulative R? and AIC values for the methods used in the
current study. The variable selection was made using AIC because the statistical
analyses were performed by using AIC in choose sub-option. Graphical repre-
sentation of variable selection according to AIC was demonstrated in Fig. 1 for
Adaptive Lasso.

In Table 2, stepwise regression result shows that three variables named spike
number per m?, grain weight per spike and days to heading have significant effect
in grain yield prediction. 71.9% of the total variation was explained by spike
number per m? and, respectively, 15.4% by grain weight per spike and 0.2% by
days to heading. So, 87.5% of total variation in barley seed has been disclosed
by all variables in regression models. According to Adaptive Lasso results given
in Table 2 spike number per m?, grain weight per spike and days to heading
were found to be significant. The amount of explained in the total variation by
the variables has been 69.5%, 17.7% and 0.2%, respectively. When performing
Adaptive Lasso regression, 87.5% of total variation in barley grain yield could be
attributed to three variables like in stepwise regression.

Information criteria for Stepwise and Adaptive Lasso are presented in Table 2.
These techniques produced similar results for R and AIC value (88% and 695,
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Fig. 1. Standardized coefficient and AIC for estimation and variable

selection. Legend: SNM2 — spike number per m?, GWS — grain weight

per spike, DH — days to heading, TGW — thousand grain weight, SL —
spike length, GNS — grain number per spike, HI — harvest index

respectively). The same independent variables were selected for both methods.
The independent variables were grain weight per spike, spike number per m? and
days to heading, respectively, the amount of effect in the model.

It was reported that the number of seeds per spike, thousand grain weight
and the number of spikes per m? were the most important yield components on
barley grain yield in the application of stepwise regression analysis [*4]. In our
study, number of seeds per spike and thousand grain weight were not important
even though number of spikes per m? was an important predictor. It was found
in previous studies that spike length, number of seeds per spike, seeds weight
per spike and thousand grain weight were positively correlated with grain yield
and these yield components were demonstrated as appropriate selection criteria
in breeding programmes ['*16]. In this study correlation between grain weight
per spike and grain yield was not analysed but it can be seen in Table 3 that grain
weight per spike effected positively the grain yield. The duration of grain filling
in late-flowering varieties is shortened in the generative period, especially due to
the decrease in precipitation after heading and the increase in temperatures in
the arid and semiarid climatic zones in our country ['7]. The selection of early-
flowering varieties over arid conditions would lead to an increase in the grain filling
times and an increase in dry matter accumulation in the grain. For this reason, the
character of earlier flowering in cool seasons cereals was identified as an important
selection criterion for drought tolerance ['®]. It has also been reported that grain
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Table 3
The results of OLS, Stepwise and Adaptive Lasso in MLR analysis

Variables OLS Stepwise | Adaptive Lasso
Days to heading (X1) 0.98517 0.805702 0.527991
Spike number per m? (X2) 0.49907 0.500102 0.493874
Spike length (X3) 3.18719
Grain number per spike (X4) | —0.68084
Grain weight per spike (X5) 141.27694 | 155.735895 153.691031
Thousand grain weight (Xs) 0.76617
Harvest index (X7) 0.98517
Number of variables 7 3 3
R? 0.8811 0.8786 0.8782
R 0.8725 0.8749 0.8745

weight in arid conditions is largely dependent on the environmental conditions
after flowering stage ['?]. The results of our study also revealed that days to
heading is an important predictor for grain yield. This finding was consistent
with the literature [1719].

OLS, stepwise and Adaptive Lasso results are presented in Table 3. OLS
had seven independent variables with R = 0.8725. Stepwise and Adaptive Lasso
regressions which performed the variable selection had the same three independent
variables with & = 0.8749 and 0.8745, respectively.

The variable selection is important for better model interpretation and high
prediction accuracy [®]. For this purpose the stepwise method has been frequently
used by different researchers [*%2°]. The results obtained in this study show
that OLS estimates did not have any problem about prediction accuracy and
interoperation because of provided independence assumption. Lasso technique
for variable selection in agricultural research was introduced and concluded that
Lasso gives better results for mungbean [7]. In the current study we applied
adaptive Lasso technique and found out that the results of Stepwise and Adaptive
Lasso were the same because independent variables had dependencies assumption.

Recently, erratic and insufficient rainfall due to climatic changes may cause
drought stress during grain filling periods in barley production areas of our coun-
try. It is necessary to establish new approaches against the drought and especially
to take the yield components which are effective over grain yield into barley breed-
ing programmes. As a result of the research, it was determined that the number of
spikes per square meter and the grain weight per spikes were the most important
criteria to be considered in arid areas where large amounts of barley are grown.

4. Conclusions. The stepwise and Adaptive Lasso analysis used in the cur-
rent study showed that days to heading, spike number per m? and grain weight
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per spike are the most important yield components in two-rowed barley under
rainfed conditions in Van. We introduced the Adaptive Lasso method for vari-
able selection in agricultural research, as an alternative to Stepwise. In this study
we revealed that Stepwise and Adaptive Lasso gave the same results because the
assumption of independence was provided.
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