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ABSTRACT

The objective of this study was to construct a forage rye (FR) dry matter yield (DMY) estimation model based on climate data 
by locations in South Korea. The data set (n = 549) during 29 years were used. Six optimal climatic variables were selected 
through stepwise multiple regression analysis with DMY as the response variable. Subsequently, via general linear model, the final 
model including the six climatic variables and cultivated locations as dummy variables was constructed as follows: DMY =
104.166SGD + 1.454AAT + 147.863MTJ + 59.183PAT150 4.693SRF + 45.106SRD 5230.001 + Location, where SGD was spring 
growing days, AAT was autumnal accumulated temperature, MTJ was mean temperature in January, PAT150 was period to 
accumulated temperature 150, SRF was spring rainfall, and SRD was spring rainfall days. The model constructed in this research 
could explain 24.4 % of the variations in DMY of FR. The homoscedasticity and the assumption that the mean of the residuals 
were equal to zero was satisfied. The goodness-of-fit of the model was proper based on most scatters of the predicted DMY 
values fell within the 95% confidence interval.
(Key words : Rye, Climatic factors, Multiple regression model, General linear model)

. INTRODUCTION

The prediction of crop yield becomes more and more 

important nowadays (Kryvobok, 2000). Estimation of the 

yields of main food crops and cash crops have important 

influences on safety and stability of national economic, 

food, and society (Dahikar and Rode, 2014; Zhang et al., 

2012). Meanwhile, climate change may increase the 

fluctuation of crop yield and subsequently has a threatening 

influence on food and feed supply (Miraglia et al., 2009; 

Huang and Han, 2014). Numerous researches on yield 

estimation modeling about food crops such as rice (Yun, 

2003) and corn (Chang and Clay, 2005) have been actively 

carried out in South Korea. Meanwhile, yield estimation 

researches were also actively implemented in economic 

plants such as apple (Lee and Moon, 2014; Kim and Kim, 

2014) and Chinese cabbage (Na et al., 2015; Lee et al., 

2012; Kim, et al. 2015; Ahn et al., 2014) in Korea. 

However, yield estimation modeling researches about forage 

crops have been rarely carried on. Meanwhile, as the 

development of human society and the increasement of 

human population, the need of meat and dairy products had 

dramatically increased (Delgado, 2003), and the land 

competition among food, feed, and biofuel supply also 

became serious (Johansson and Azar, 2007; Rathmann, 

2010; Harvey and Pilgrim, 2011). Thus, researches on feed 

crops and grasses yield estimation should also been paid 

enough attention to as food and cash crops to get the 

highest production efficiency and balance.

Forage rye (Secale cereale Lrye, FR) is the representative 

winter forage crop which is commonly sown in autumn and 

mostly harvested in May of next year. FR has very good 

cold tolerance; meanwhile, it could be suitable in poorer 

soils compared to the soils suitable for most cereal grains 

(Kim et al., 2015). Meanwhile, it is an important cereal 

grain containing high levels of protein and minerals for 

production of mixed animal feeds (Kent, 1983). Therefore, 

FR is preferred recently, significant increase in yield was 

achieved through improvement of agronomic practices, 

especially through using chemical fertilizers and crop 
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rotation, declining in the use of less fertile land, and 

development of high-yield cultivars (Bushuk, 1993). Furthermore, 

for the cultivation characteristic of FR, it grows very 

quickly from late-March to middle-April and is not quite 

strict to edaphic requirement but with a low waterlogging 

tolerance. Meanwhile, FR has good regeneration ability and 

could be harvested for several times. 

Several previous researches about the effects of climatic 

variables on forage crop yield have been reported in South 

Korea. Peng et al. (2015) reported the DMY of forage 

maize was significantly different between some specific 

years (1984, 1993, 2008 versus 1994, 2006, 2011) in South 

Korea, and confirmed that factors such as seeding-harvesting 

accumulated growing degree days, seeding-harvesting rainfall, 

and seeding-harvesting cumulative hours of sunshine may 

explain the DMY differences of forage maize. Kim et al. 

(2012, 2013) reported researches of forage crop suitability 

classification using soil and climate digital database in 

Gangwon Province, South Korea, and conducted that 

Yeongdong area was confirmed as the suitable cultivated 

region for forage crops in South Korea. Furthermore, 

Takahashi (2002) reported a dynamic forage maize yield 

estimation model based on weather variables such as 

temperature and solar radiation via regression analysis.

Theoretically, temperature, sunshine, water, air, fertilizer, 

soil, cultivar, and cultivation technology are main effective 

factors to dry matter yield (DMY) of crops (Cao and Moss, 

1997). However, as the importance of forage cultivation is 

not as important as food crops and cash crops in South 

Korea, the data measurement, recording, and accumulation 

of the full data set including all these variables were not in 

a good situation. Meanwhile, the effects of climatic factors 

(temperature, sunshine, and rainfall) on plant yield were 

considered as the most important ones (Schlenker and 

Roberts, 2006; IPCC, 2007) and meteorological data could 

be easily got from the Korea Meteorological Administration. 

In particular, the fluctuation scope of plant yield was 

increased for the reason of climate change (Peng et al., 

2015), therefore, climatic factors were considered as 

strategic factors and used in this study.

Therefore, the objective of this study was to construct a 

FR dry matter yield estimation model based on climate data 

by locations in South Korea via general linear model. In 

addition, the goodness-of-fit of this model was tested via 

residual diagnostics.

. MATERIALS AND METHODS 

1. Data collection and preparation

The FR data set (including 20 items such as DMY, 

cultivar, and cultivated location, etc.) in this research was 

collected from the results of the adaptability test of 

imported varieties of grasses and forage crops operated by 

national agricultural cooperative federation, the reports on 

joint research projects for new plant variety development 

operated by rural development administration, research 

papers in Journal of the Korean society of grassland and 

forage science, research reports about livestock experiments 

operated by Korean national livestock research institute, and 

Korean crop (farm) survey reports during the 29 years from 

1978 to 2013 (except 1980, 1983, 1984, 1992, 1993, 1997, 

and 1999). The sample size of the raw data was 681 with 

105 forage cultivators. Repeated records and undependable 

records (n=49) were eliminated and 632 data points were 

kept in the final FR data set.

Raw meteorological data including daily mean temperature, 

daily maximum temperature, daily minimum temperature, 

daily precipitation, and sunshine duration was collected from 

website of meteorological administration based on the 

cultivated locations in FR data set. Meteorological data 

from the nearest meteorological administration was used 

when the location has no meteorological office. Afterwards, 

climatic variables including six temperature related variables, 

one sunshine related variable, two precipitation related 

variables and three variables for measuring the coldest 

month (January in Korea) were generated referring to the 

results of previous researches (Peng et al., 2015, Kim et al., 

2014). Temperature related variables included autumnal 

growing days (AGD, day), autumnal accumulated temperature 

(AAT, ), spring growing days (SGD, day), spring 

accumulated temperature (SAT, ), period to accumulated 

temperature 150 (PAT150, day), and period to accumulated 

temperature 100 (PAT100, day). A sunshine related variable 

was spring sunshine time (SST, hr.). Meanwhile, two 

precipitation related variables were spring rainfall (SRF, 
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mm) and spring rainfall days (SRD, day). AGD refers to 

the number of growing days from the sowing date to the 

day on which the mean daily temperature is above 0 in 

autumn, AAT refers to the accumulated temperature from 

the sowing date to the day on which the mean daily 

temperature is above 0 in autumn, SGD refers to the 

number of growing days from the day on which the mean 

daily temperature is above 0 in the next spring to the 

harvest day, SAT refers to accumulated temperature from 1 

January to the harvest day in the next spring, PAT150 

refers to the number of days from 1 January to the day on 

which the accumulated temperature reaches 150 , PAT100 

refers to the number of days from 1 January to the day on 

which the accumulated temperature reaches 100 , SST 

refers to the accumulated sunshine hours from the day on 

which the mean daily temperature is above 5 in the next 

spring to the harvest day. Furthermore, three coldest month 

related variables were highest (maximum) temperature in 

January (HTJ), mean temperature in January (MTJ), and 

lowest (minimum) temperature in January (LTJ). 

Finally, the FR data set and the data set containing 

generated climatic variables were combined into the final 

data set used for statistical analysis. Data points with 

missing values (n=75) were eliminated. Under the normality 

assumption, the outliers (n=8) were deleted after detection 

via box-plots. Therefore, a final data set (n=549) with DMY 

values of FR, 12 cultivated locations, and climatic variables 

was generated and used in the following analyses. As 

showed in Fig. 1, the 12 cultivated locations in the final 

data set were Gyeongsan (n=17), Gimje (n=11), Daegu 

(n=55), Daejeon (n=4), Seongju (n=20), Seonghwan (n=33), 

Suwon (n=290), Yeoncheon (n=55), Iksan (n=44), Cheongwon 

(n=7), Pyeongchang (n=11), and Hwaseong (n=2). 

2. Analysis Method

1) Optimal climatic variables detection

Multiple regression analysis is a basic linear model used 

to assess the association between two or more continuous 

explanatory variables and a single continuous response 

variable (Mardia et al., 1979). The multiple regression 

equation is as follows:

  11)1()1(1   nppnn XY  , ~ i.i.d. N (0, ε δ2)

Where Y is the vector of the response variable, X is the 

vector of explanatory variables, β is the matrix of 

coefficients of explanatory variables, and ε is the vector of 

residual. ε is independent and identically distributed normal 

which have a mean (as 0) and a variance (as δ2). Both 

explanatory and response variables should be normally 

distributed.

Multicollinearity among explanatory variables was checked 

since more than 2 explanatory variables which had the 

same role were included in the model. Multicollinearity is a 

problem in which two or more predictor variables in a 

multiple regression model are strongly correlated and result 

in the inexistence of the inverse matrix ((XTX) 1) and 

subsequently the distortion of regression coefficient (Farrar 

et al., 1967). 

There was a high possibility of multicollinearity in this 

multiple regression analysis for the reason that many 

Fig. 1. Map with sample size of the 12 cultivated 
locations in the final data set.
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climatic variables were included in reality. Therefore, the 

correlation coefficients were calculated through correlation 

analysis among all the response and explanatory variables. 

Based on the variance inflation factor (VIF) and correlation 

coefficients, some variables with multicollinearity were 

eliminated to avoid the distortion due to the confounding 

effects in interpretation. 

2) Final model construction through general linear 

model

General linear model was used for constructing the final 

model including the continuous climatic variables and 

cultivated locations as dummy variables. The general linear 

model in this research is as follows: 

111)1()1(1   nccnppnn ZXY  , ~ i.i.d. N (0, ε δ2)

Where Y is the vector of response variable, X is the 

vector of explanatory variables. β is the matrix of 

coefficients of explanatory variables, Z is the matrix of 

dummy variables (q = 4) γ is the matrix of coefficients of 

dummy variables and ε is the vector of residual. ε is 

independent and standard normally distributed under 

homogeneity. Dummy variable is indicator that takes 0 or 

1. In this research, dummy variables (probable to express  

24 = 16 variables at maximum) were used to express the 12 

cultivated locations. For instance, the dummy variables for 

Gyeongsan and Gimje were (1, 0, 0, 0) and (0, 1, 0, 0), 

respectively. Moreover, the last category which was 

Hwaseong, all the numerical values in the dummy variable 

were 0.

The final model was constructed via general linear model 

using the variables without multicollinearity and selected 

through multiple regression analysis by stepwise approach. 

In the model, only the main effects of climatic variables 

and cultivated locations were included, which means the 

interaction effects were not considered.

3) Model diagnostic 

Residual diagnostics was used to check the goodness- 

of-fit of the model. To check the relation between observed 

values and predicted values, standardized residuals of the 

final model were calculated. Then, Probability-Probability 

plot (P-P plot), scatter plot of standardized residuals against 

predicted values, and the plot of 95% confidence interval 

were prepared to check the goodness-of-fit of the final 

model to the data set used in this research. For P-P plot, 

linear relation between observed values and predicted values 

indicates the model fit the data used in this research well 

under the normality assumption. Moreover, when the scatter 

plot of standardized residuals against the predicted values 

shows a pattern (for example: logarithm, exponential or 

quadratic shape), the model may not fit the data used in 

the research well. In other words, no pattern of 

standardized residuals means the model fit the data used in 

the study well. Furthermore, in the plot of 95% confidence 

interval, the fitness of the model to the data set used in 

the research could be well confirmed if most scatters fall 

into the 95% confidence interval.

All statistical analyses were performed using SPSS 21.0 

(IBM Corp, 2012) in this study.

. RESULTS AND DISCUSSION

The descriptive statistics of all variables in this study 

were presented in Table 1. The mean of DMY was 

8,995.45 (kg/ha) and the first quartile and the third quartile 

were 7,260.00 (kg/ha) and 10,439.00 (kg/ha), respectively. The 

mean and median were similar (8,995.45 vs. 8,700.00) and 

the differences between mean and the first and third 

quartile were similar (1,735.45 vs. 1,443.55). Therefore, it 

was judged that DMY was symmetrically distributed. 

Meanwhile, other variables were also symmetrically distributed. 

AGD, AAT, PAT100, and PAT150 were considered to 

have multicollinearity problems based on the results of 

detection of multicollinearity. In general, it was considered 

that multicollinearity is present when VIF is bigger than 10 

(Allison, 1999). The reason for multicollinearity of AGD 

and AAT might be many temperature related variables was 

included as explanatory variables, and for the multicoll- 

inearity between PAT100 and PAT150, the reason might be 

they were both time related variables and had some 

repeated information. 

To solve the multicollinearity problems, correlation 

analysis including all explanatory variables was performed 

and the correlation matrix was presented in Table 2. The 

strong correlations (correlation coefficient > 0.7) were observed 
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between AGD and AAT, SGD and SAT, LTJ and MTJ, 

PAT100 and PAT150. Due to the multicollinearity, AGD 

and PAT100 were eliminated. Therefore, the rest variables 

included AAT, LTJ, MTJ, HTJ, SGD, SAT, PAT150, SST, 

SRF, and SRD were used in multiple regression analysis.

As showed in Table 3, the optimal model was generated 

using stepwise approach (a p-value less than 0.05 was 

considered) of multiple regression analysis, including the 

explanatory variables selected based on the results of 

multicollinearity and correlation analysis. The adjusted R 

square was 12.4% here (p < 0.01). In this model, the VIF of 

all the explanatory variables (AAT, SGD, PAT150, MTJ, 

Table 1. Descriptive statistics, normality, and multicollinearity diagnostics for all the explanatory variables

　 Mean Median SE
Quartile

VIF
1st 3rd

DMY1) 8995.45 8700.00 124.04 7260.00 10439.00

AGD 68.76 66.00 1.33 61.00 73.00 59.36

AAT 603.40 556.80 17.98 475.20 683.80 58.10

LTJ -8.80 -8.00 0.16 -11.50 -6.70 7.49

MTJ -2.03 -1.93 0.11 -3.62 0.21 9.55

HTJ 5.24 5.10 0.15 3.00 7.70 2.73

SGD 86.07 85.00 0.48 79.00 92.00 8.22

SAT 619.44 603.10 5.60 534.00 690.30 9.76

PAT100 64.38 66.00 0.56 54.00 75.00 34.21

PAT150 73.89 76.00 0.53 63.00 83.00 29.51

SST 352.47 331.80 4.37 284.30 411.00 2.61

SRF 183.25 179.40 3.04 128.30 222.80 2.75

SRD 29.96 30.00 0.33 25.00 34.00 3.01
1) DMY, dry matter yield; AGD, autumnal growing days; AAT, autumnal accumulated temperature; LTJ, lowest temperature in January; 

MTJ, mean temperature in January; HTJ, highest temperature in January; SGD, spring rainfall days; SAT, spring accumulated 
temperature; PAT100, period to accumulated temperature 100; PAT150, period to accumulated temperature 150; SST, spring sunshine 
time; SRF, spring rainfall; SRD, spring rainfall days.

Table 2. Correlation matrix including all the explanatory variables

　 AGD AAT LTJ MTJ HTJ SGD SAT PAT100 PAT150 SST SRF SRD

AGD1) 1 .986** -.102* -.054 -.120** -.128** -.091* .126** .116** -.064 .021 .013

AAT 1 -.052 -.031 -.094* -.093* -.063 .119** .111** -.078 .034 .043

LTJ 1 .865** .452** .260** .097* -.480** -.474** .105* -.123** -.318**

MTJ 1 .674** .203** -.012 -.619** -.594** .008 -.014 -.226**

HTJ 1 .208** .006 -.628** -.613** -.037 .025 -.052

SGD 1 .871** -.406** -.392** .316** .245** .151**

SAT 1 -.154** -.159** .565** .184** .158**

PAT100 1 .980** .056 -.047 .256**

PAT150 1 .023 -.007 .261**

SST 1 -.281** -.146**

SRF 1 .692**

SRD 　 1

* p <0.05, ** p < 0.01
1) AGD, autumnal growing days; AAT, autumnal accumulated temperature; LTJ, lowest temperature in January; MTJ, mean temperature in 

January; HTJ, highest temperature in January; SGD, spring rainfall days; SAT, spring accumulated temperature; PAT100, period to 
accumulated temperature 100; PAT150, period to accumulated temperature 150; SST, spring sunshine time; SRF, spring rainfall; SRD, 
spring rainfall days.
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SRF, and SRD) were less than 3 which means it could be 

concluded that there is no multicollinearity. Furthermore, the 

effects of explanatory variables in regressions could be 

recognized by checking the changing degrees of plus-minus 

signs and magnitudes of Pearson’s correlation coefficients, 

partial correlation coefficients, and part (semi partial) 

correlation coefficients of explanatory variables (Cohen et 

al., 2003). Here, the Pearson’s correlation coefficient is a 

statistic of the strength of a linear relationship between two 

variables (Hauke and Kossowski, 2011), partial correlation 

coefficient is designed to eliminate the effect of one 

variable on two other variables when assessing the 

correlation between these two variables, while part (semi 

partial) correlation coefficient is used to express the specific 

portion of variance explained by a given explanatory 

variable in a multiple regression analysis (Abdi, 2007).

AAT and SRD had no overlapping effects with other 

variables based on the results that the magnitudes of 

correlation coefficients were similar, this means it could be 

concluded that AAT and SRD were independent in 

principle. Therefore, the effects of AAT and SRD could be 

interpreted in the way that DMY will increase 1.401 and 

55.390 respectively when these two variables increase 1 

unit. Meanwhile, other variables might have overlapping 

effects with each other for the same reason, and the effects 

of these variables couldn’t be explained in the same way 

for the reason that they are not independent with each 

other. 

Pearson’s correlation coefficient could be calculated to 

investigate the effects of explanatory variables on the 

response variable. AAT had the biggest Pearson’s correlation 

coefficient which was 0.197, the Pearson’s correlation 

coefficients of the rest variables were shown as descending 

in the sequence of SGD, PAT150, MTJ, SRF, and SRD. 

This means the variables related to the autumn and next 

spring had strong effects on the DMY in this data set. The 

growth and development of FR is active during autumn and 

the next spring, so early seeding in autumn is important for 

FR to live safely through the winter. Meanwhile, the FR 

yield could be ensured if seeding was done in the next 

spring when seeding period was missed in autumn (Lorenz, 

1991).

The cultivated locations were added in the form of 

dummy variables to general linear model with the selected 

climatic variables (AAT, SGD, PAT150, MTJ, SRF, and 

SRD). The result was presented in Table 4. The adjusted R 

square was 24.4% (p < 0.01). The adjusted R square was 

calculated as the partial eta squared because dummy 

variables were included in model. The FR dry matter yield 

estimation model based on climate data by locations in 

South Korea was as follows: 

DMY = 104.166 SGD + 1.454 AAT + 147.863 MTJ + 

59.183 PAT150 4.693 SRF + 45.106 SRD

5230.001 + Location

For a specific location, Location in the formula should 

be substituted by a constant value which was calculated for 

Table 3. Results of optimal stepwise multiple regression model for FR including climatic variables (R square 
=.133**, adjusted R square = .124**)

　 Coefficient Standard
coefficient

t p-value VIF
Correlation coefficient

B SE Pearson’s Partial Part

Constant -1798.158 1525.401 -1.179 0.239

AAT1) 1.407 0.279 0.204 5.051 0.000 1.020 0.197 0.212 0.202

SGD 72.750 11.868 0.280 6.130 0.000 1.301 0.179 0.255 0.245

PAT150 52.241 13.000 0.223 4.019 0.000 1.926 0.081 0.170 0.161

MTJ 172.208 54.098 0.159 3.183 0.002 1.568 0.047 0.135 0.127

SRF -8.118 2.361 -0.199 -3.439 0.001 2.094 -0.026 -0.146 -0.138

SRD 55.390 22.867 0.147 2.422 0.016 2.289 0.082 0.103 0.097

1) AAT, autumnal accumulated temperature; SGD, spring growing days; PAT150, period to accumulated temperature 150; MTJ, mean 
temperature in January; SRF, spring rainfall; SRD, spring rainfall days.
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this specific location as showed in Table 4. For instance, 

the FR dry matter yield estimation model of Gyeongsan 

would be DMY = 104.166SGD + 1.454AAT + 147.863MTJ 

+ 59.183PAT150 4.693SRF + 45.106SRD 4480.321 after 

inputting the Location constant value 749.680. By 

comparing the results of Table 3 with 4, it was found that 

the regression coefficients of SRF and SGD had obvious 

changes by adding the location variable. This might indicate 

that SRF and SGD were not independent with location, 

which means SRF and SGD could reflect the distinct 

characteristics of different cultivated locations. Meanwhile, it 

was shown that there was no change in the coefficient of 

AAT. This was thought to be that farmers in different 

cultivated locations would adjust the seeding date in autumn 

to ensure FR receives enough accumulated temperature 

before winter. SGD had the biggest partial eta squared, the 

partial eta squared of the rest variables were shown as 

descending in the sequence of AAT, PAT150, MTJ, SRF 

and SRD. This might indicate that growing days in spring 

has the biggest effect on DMY and subsequently accumulated 

temperature in autumn also had an important effect. 

Therefore, attention should be paid to early enough seeding 

in autumn to ensure FR get enough accumulated temperature 

before winter, and enough growing days in next spring is 

also important for the growth of FR. The result that the 

effects of MTJ, SRF, and SRD were small may reflect the 

good cold tolerance and strong drought tolerance of FR.

Fig. 2 presented the plots of residual diagnostic for 

assessing the goodness-of-fit of this model. The P-P plot is 

used for comparing the accumulated probability of DMY 

observations and the accumulated probability of predicted 

DMY values. In general, the points arranged on the line 

neatly shows that the normality assumption of the residual 

is satisfied. Here, the P-P plot of regression standardized 

residuals exhibited a fluctuation pattern around the 45- 

degree line; therefore future researches on adding curvilinear 

Table 4. Results of general linear regression model for FR including selected climatic variables and cultivated 
locations (R square = .267**, adjusted R square = .244**)

Parameter Coefficient SE t p-value Partial eta squared

Constant -5230.001 2703.879 -1.934 0.054 0.007

SGD1) 104.166 13.939 7.473 0.000 0.095

AAT 1.454 0.269 5.413 0.000 0.052

MTJ 147.863 56.594 2.613 0.009 0.013

PAT150 59.183 14.549 4.068 0.000 0.030

SRF -4.693 2.416 -1.942 0.053 0.007

SRD 45.106 24.464 1.844 0.066 0.006

Location = Gyeongsan 749.680 1962.213 0.382 0.703 0.000

Location = Gimje -1572.357 1973.213 -0.797 0.426 0.001

Location = Daegu -767.006 1869.336 -0.410 0.682 0.000

Location = Daejeon -1062.324 2202.164 -0.482 0.630 0.000

Location = Seongju -66.067 1905.616 -0.035 0.972 0.000

Location = Seonghwan 1519.265 1871.708 0.812 0.417 0.001

Location = Suwon 130.819 1830.380 0.071 0.943 0.000

Location = Yeoncheon -399.867 1896.736 -0.211 0.833 0.000

Location = Iksan -655.315 1890.159 -0.347 0.729 0.000

Location = Cheongwon -1099.105 2077.795 -0.529 0.597 0.001

Location = Pyeongchang -7036.949 1971.882 -3.569 0.000 0.023

Location = Hwaseong 02) 　 　 　 　
1) SGD, spring growing days; AAT, autumnal accumulated temperature; MTJ, mean temperature in January; PAT150, period to 

accumulated temperature 150; SRF, spring rainfall; SRD, spring rainfall days.
2) This parameter is set to zero because it is redundant.
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forms (quadratic or cubic form) of response variable to the 

model were necessary. Furthermore, the points were 

scattered well without a particular pattern on the figure of 

predicted values of DMY and standardized residuals of 

DMY, this means that the homoscedasticity and the 

assumption that the mean of the residuals are equal to zero 

were satisfied. 

As presented in Fig. 3, though the contribution rate of 

this model is small, the fitness of the model is proper 

based on most scatters of the predicted DMY values fell in 

the 95% confidence interval. The low contribution rate of 

this model could be explained by that many yield related 

variables were not included in this research.

Additionally, researches on interaction terms were also 

applied. Though the goodness-of-fit of the model turned a 

little better, it was difficult to interpret the effect of 

interaction terms. Therefore, the interaction terms were not 

included in the final model to for better predictability and 

simplicity of the model. 

. CONCLUSION

In this study, a yield prediction model for FR using 

climatic variables by locations in Korea was constructed. 

The results suggest that though the adjusted R square of 

this model was 24.4%, the goodness-of-fit and results of 

residual diagnostics were acceptable. In further researches, 

adding curvilinear forms of response variable and more 

yield related explanatory variables to the model were 

necessary to improve the adjusted R square.
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from the model.
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