
Give to AgEcon Search

The World’s Largest Open Access Agricultural & Applied Economics Digital Library

This document is discoverable and free to researchers across the 
globe due to the work of AgEcon Search.

Help ensure our sustainability.

AgEcon Search
http://ageconsearch.umn.edu

aesearch@umn.edu

Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only. 
No other use, including posting to another Internet site, is permitted without permission from the copyright 
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C.

No endorsement of AgEcon Search or its fundraising activities by the author(s) of the following work or their 
employer(s) is intended or implied.

https://shorturl.at/nIvhR
mailto:aesearch@umn.edu
http://ageconsearch.umn.edu/


 
 

Estimating the Effects of Weather Variations on Corn Yields using Geographically 
Weighted Panel Regression 

 

 

Ruohong Cai 
Postdoctoral Research Associate 

Program in Science, Technology and Environmental Policy 
Woodrow Wilson School of Public and International Affairs 

Princeton University 
 
 

Danlin Yu 
Associate Professor 

Department of Earth and Environmental Studies 
Montclair State University 

 
 

Michael Oppenheimer 
Professor 

Department of Geosciences 
Woodrow Wilson School of Public and International Affairs 

Princeton University 
 

 

 

 

 
Selected Paper prepared for presentation at the Agricultural & Applied Economics  
Association’s 2012 AAEA Annual Meeting, Seattle, Washington, August 12-14, 2012  
 
 
 
 
 
 
 
 
 
 
Copyright 2012 by [Ruohong Cai, Danlin Yu, and Michael Oppenheimer]. All rights reserved. 
Readers may make verbatim copies of this document for non-commercial purposes by any means, 
provided that this copyright notice appears on all such copies.



1 
 

 
Estimating the Effects of Weather Variations on Corn Yields using Geographically 

Weighted Panel Regression 
 

Abstract: Through a geographically weighted panel regression analysis, we demonstrate the 

spatially varying relationship between weather and corn yields. A balanced panel data of 958 U.S. 

corn production counties for the period 2002-2006 is used. The results indicate that the 

relationship between weather and corn yield has large spatial variability. In specific, temperature 

tends to have negative marginal effects on corn yield in warmer regions, and positive effects in 

cooler regions. The spatial pattern of precipitation effects is more complicated since it is 

expected to be largely affected by local irrigation systems. 
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Introduction 

Global climate models (GCMs) such as the CSIRO 3.5, CGCM 3.1, and MIROC 3.2 models 

predict that average temperature will keep rising and precipitation will change moderately in the 

continental U.S. for the rest of the century based on the IPCC A1B emission scenario (Coulson et 

al., 2010). These weather variations are expected to have large impacts on crop yields. These 

impacts are also expected to be spatially varying due to regional environmental characteristics 

such as soil quality. In addition to global impacts of climate on crop yields, regional difference in 

these impacts could have some side effects. For example, people may want to migrate from a 

region with negative climate change impacts to a region with mild or positive climate change 

impacts, and the resulting population redistribution could raise socio-economic issues. A study of 

regional differences could provide policy makers with information on the local impacts of 

weather variations. While a large body of literature has examined the linkage between climate 

and crop yields, relatively little research has attempted to compare the impacts of climate change 

on crop yields across regions (Tao et al., 2006; Kucharik and Serbin, 2008; Schlenker and 

Roberts, 2009; Butterworth et al., 2010). Using the data from stations located in various climate 

zones in China, Tao et al. (2006) demonstrated that temperature was negatively correlated with 

crop yields at all stations except the one in northeastern China. Kucharik and Serbin (2008) 

found that spatial variability in climate trends at the county level in Wisconsin has contributed to 

variable trends of soybean and corn yields. Schlenker and Roberts (2009) explored how the 

temperature-yield relationship varies across different U.S. regions and found that southern crops 

have lower sensitivity to extreme heat. Butterworth et al. (2010) demonstrated that climate 

change increases the productivity of oilseed rape in the U.K., with greater benefits in Scotland 

than England. 
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In this study, we use a relatively new method - Geographically Weighted Panel 

Regression (GWPR) to test the hypothesis of spatially varying climate change impacts on crop 

yields. We demonstrate spatially varying local relationships between corn yield and weather 

variations for continental U.S. counties. 

 

Literature review 

Two major approaches have been used to study the relationship between climate change and crop 

yields: crop simulation models and empirical regression models. Crop simulation models are 

useful in simulating how environmental characteristics affect crop growth (Hoogenboom, 2000; 

Jones et al., 2003). However, crop simulation models are not suitable for testing our hypothesis, 

since they are site-specific, requiring local time-invariant information such as soil properties, 

which has already incorporated regional differences. Besides, crop simulation models usually 

require extensive information, making it difficult to apply them to analysis with large spatial 

scale. Empirical regression models have been intensively used to study the impacts of climate 

change on crop yields (Thompson, 1988; Kandiannan et al., 2002; Lobell, Cahill, and Field, 2007; 

Tannura, Irwin, and Good, 2008; Schlenker and Roberts, 2009). Kandiannan et al. (2002) used 

multiple regression models to study the effects of weather on turmeric yield based on a 20-year 

dataset. Tannura, Irwin, and Good (2008) used a modified multiple regression model, first 

developed by Thompson (1988), to study the relationship between corn and soybean yields, 

monthly weather condition during 1960-2006 for Illinois, Indiana, and Iowa. Using a regression 

model, Lobell, Cahill, and Field (2007) analyzed the relationship between crop yield and three 

climatic variables (minimum temperature, maximum temperature, and precipitation) for 12 major 

Californian crops during 1980-2003.  
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Most of these regression models are cross-sectional analysis. Compared to cross-sectional 

data, panel data has several advantages. Panel data allows us to control for unobserved 

heterogeneity using fixed or random effects model. We can also improve estimation efficiency 

by conducting panel data analysis (Wooldridge, 2002). Deschenes and Greenstone (2007) found 

that growing degree days has negative effects on corn and soybean yields using a fixed effects 

model with state by year dummies based on U.S. county-level data. Using panel data at the U.S. 

state-level, McCarl et al. (2008) demonstrated positive effects of temperature on soybean yield 

by estimating a fixed effects model with time trend. Using county-level data during 1950-2005, 

Schlenker and Roberts (2009) estimated a fixed effects model with state-specific quadratic time 

trend, and demonstrated the nonlinear temperature effects on corn, soybeans, and cotton yields. 

Both conventional Ordinary Least Square (OLS) regression models and fixed or random 

effects models assume that coefficient estimates are spatially invariant; therefore, spatial 

heterogeneity of the relationship between weather and crop yields is ignored. Furthermore, 

regression residuals from spatial data are often spatially dependent, violating the basic 

assumption of independent distributed errors. That means even we are only interested in the 

global mean of the relationship, the conventional regression estimation of spatial data is still 

problematic. Spatial models such as the spatial lag model and spatial error model have been 

developed to control for the spatial dependence, however, they only generate globally constant 

estimates and spatial heterogeneity is still not studied. 

Geographically weighted regression (GWR) is a local spatial statistical technique using 

neighboring observations near certain locations to generate local regression estimates which are 

allowed to vary across the space (Brunsdon et al., 1996; Fotheringham et al., 2002), therefore 

spatially heterogeneity could be detected. GWR model is developed based on the assumption that 
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nearby observations are more related than distant observations. Using a distance decay function 

in local regression models, observations near local regression points are assigned with the higher 

weights than the distant observations. GWR could be used to detect the spatially varying 

relationships between climate change and crop yields. Furthermore, by applying GWR to 

investigate the relationship between vegetation and climate, Propastin et al. (2007) found that, 

although constructed differently from spatial lag or error models, GWR also helps reduce the 

magnitude of spatially autocorrelation. Olgun and Erdogan (2009) modeled wheat yield potential 

on certain climatic conditions using GWR. They demonstrated that the relationship between the 

level of wheat potential and various climatic factors exhibited considerable spatial variability. 

Sharma (2011) used GWR to study the relationship between crop yield and precipitation for 93 

counties in Nebraska, and found that the performance of GWR model is significantly better than 

the performance of OLS model. 

For the conventional GWR model, local models are linear regression models estimated 

by OLS. The studies that use GWR to analyze panel data are still rare. As a pioneer work, Yu 

(2010) combined GWR and panel regression model to study the regional development of great 

Beijing area. In this study, we follow Yu (2010) to apply a panel data version of GWR, named 

geographically weighted panel regression (GWPR), to study the spatially varying relationship 

between climate change and crop yields in the continental U.S. at the county level. In the current 

study, instead of using an OLS regression model, we use a fixed effects model for GWR local 

regression. We expect that GWPR could take advantage of panel data and generate more 

thorough results compared to GWR. 
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Methodology 
 

In this study, we use a panel data of 958 U.S. corn production counties for the period 2002-2006. 

A fixed effects model with time trend can be written as: 

𝐲(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕 =  𝐗(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕𝛃+ 𝛼(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈) + 𝑡 + 𝐮(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕                                                                 (1) 

where subscript (𝒍𝒂𝒕, 𝒍𝒐𝒏𝒈) denotes latitude and longitude coordinates, and subscript t indicates 

year. 𝐲(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕 denotes corn yield for county located at certain coordinate at year t. 𝐗(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕 

denotes weather condition at certain coordinate at year t. 𝛃 is a global coefficient. 𝛼(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈) 

denotes time-invariant fixed effects such as local soil quality which does not change over time, 𝑡 

is a linear time trend to remove the effects of agricultural technological improvements over time. 

𝐮(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕 is the error term. 

Following Yu (2010), we use GWPR to study the relationship between weather and crop 

yields for U.S. corn production counties. Our GWPR model has local fixed effects model with a 

time trend and can be written as:  

𝐲(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕 =  𝐗(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕𝛃(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈) + 𝛼(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈) + 𝑡 + 𝐮(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕                                         (2) 

Equation (2) has two differences compared to equation (1). First, equation (2) is for local 

regression only, therefore including fewer observations compared to a global regression. Second, 

the value of 𝛃 now varies across the space, which could be mapped to illustrate the spatially 

varying relationship between 𝐲(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕 and 𝐗(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕. 

We do not estimate random effects model here. We expect that county fixed effects 

𝛼(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈) are correlated with weather conditions 𝐗(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕, which violates the assumption of 

random effects model. For example, a county with more or less precipitation 𝐗(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈)𝒕 may have 
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better irrigation system 𝛼(𝒍𝒂𝒕,𝒍𝒐𝒏𝒈). We confirm this with several statistical tests which help 

determine the appropriate panel regression model. Based on the results from those tests, a two-

way fixed effects model (a fixed effects model with time fixed effects) is preferred. However, we 

use a fixed effects model with time trend for GWPR due to the following considerations. First, it 

should be noted that above tests are conducted to choose the best panel model based on the 

global panel data, while a GWPR model uses a local panel models which has many fewer 

observations compared to the global panel model. We also suspect that time dummies could 

absorb large portion of variations which are useful for estimating the relationship between crop 

yields and climate models for local panel models, which we will explain in the Results section. 

Bandwidth determines the number of observations included in a GWR local regression 

model. There are two spatial kernels for bandwidths. Fixed kernel includes observations within a 

fixed distance around a regression point. However, this approach could generate local models 

with different sample sizes if observations are not evenly distributed across the space, such as 

states or counties. Therefore, we use adaptive kernel which includes specific number of 

observations near the regression point in the local model. Bandwidth could be optimized using 

corrected Akaike Information Criterion (AICc) or cross validation (CV) criterion. Compared to 

cross-sectional data, the selection of bandwidth is more complicated in panel data. Optimization 

of bandwidth based on different cross sections will generate different bandwidths. To simplify 

our analysis, we assume that bandwidths are time-invariant. Besides, using different bandwidths 

for different cross sections could generate unbalanced local model since there will be some 

counties which don’t have values for all the years. After selection of bandwidth, each 

observation in the local model is weighted based on a geographical weighting function using the 
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bi-square scheme. Nearby observations nearer to the regression point are assigned with more 

weight to represents larger impacts. 

We use the “spgwr” package in R for GWR estimation. We use the “gwr.sel” function to 

optimize bandwidth and the “gwr” function to estimate local GWPR coefficients. Since “gwr” 

and “gwr.sel” functions are designed for cross-sectional data, we estimate local models of 

demeaned values for yield and weather using OLS.  

Data 

As a major crop in the U.S., corn is used in our study so that a large spatial analysis can be 

conducted. In the U.S., corn is mostly grown in the Corn Belt states. Corn yield data for 958 U.S. 

counties from 2002 to 2006 were collected from the U.S. Department of Agriculture’s National 

Agricultural Statistics Service (USDA-NASS). We use 2002-2006 data in order to avoid the 

effects from policy changes. We use a balanced panel to simply the GWPR analysis1. 

We incorporate monthly temperature and precipitation data during growing season, 

collected from the National Climatic Data Center (NCDC) based on weather stations.2 These 

weather data are converted from station level into county level before analysis. 

 
 

Results and Discussion 

The spatial distributions of temperature, precipitation, and corn yields for 958 counties during 

2002-2006 are presented in Figures 1-3, respectively. Large spatial variations could be observed. 

In general, temperature decreases from south to north, while precipitation decreases from south 

                                                           
1 A balanced panel data for 2001-2010 would only include 453 counties compared to 958 counties for 2002-2006, 
since many counties has missing yield data during 2008-2010. We also exclude all the western coast counties which 
are far away from the rest of counties. 
2 Each county generally has different corn growing season lengths. We assume that growing season for corn is from 
April to October for all the counties. 
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to north and from east to west. Most counties with high corn yields are located in the Corn Belt 

region. Table 1 shows summary statistics of corn yields and weather data used in this study. 

We start with a GWR analysis of cross-sectional data. We construct a cross section which 

is the average value of weather and crop yields over the period 2002-2006. The results from the 

global OLS regression model show that corn yields are negatively related to both precipitation 

and temperature (Table 2). As mentioned earlier, applying OLS to spatial data may induce 

inefficient results due to possible spatial dependence. To test the existence of the spatial 

autocorrelation in our data, we apply Moran’s I to the residuals of the global OLS regression 

model. As shown in Table 2, Moran’s I is 0.79, indicating strong positive spatial autocorrelation 

between neighboring counties. Therefore, a global linear regression model estimated by OLS is 

not appropriate for analyzing our spatial data. 

We use spatial lag and spatial error models to account for spatial dependence. Compared 

to Moran’s I of the global OLS model, we find that Moran’s I is now reduced to -0.0095 for 

spatial lag model and -0.0065 for spatial error model, indicating that the issue of spatial 

autocorrelation has been addressed by spatial regression models (Table 2). However, spatial 

models do not present spatial heterogeneity. 

Now we apply a GWR model to this average cross section. The AICc of GWR model is 

8125.293, lower than 9241.7 for OLS model, 8643.5 for spatial lag model, and 8652.2 for spatial 

error model, indicating that GWR model is an improvement compared to global OLS model and 

spatial regression models in this study. Towards GWR coefficients, the mean growing season 

temperature coefficient is positive, and the mean growing season precipitation coefficient is 

negative. These values are different from the coefficients based on global OLS model and global 
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spatial regression models, for which growing season temperature and precipitation coefficients 

are both negative. Temperature coefficients vary from -1.17109 to 1.2896, and precipitation 

coefficients vary from -3.25049 to 2.8302, indicating spatial variability of both GWR 

coefficients. The adjusted R-squared of GWR results indicates that local models have varied 

explanatory power across the space. It is noted that Moran’s I for GWR residuals is lower than 

that of OLS model but higher than that of spatial regression models, indicating that GWR helps 

partially address the spatial dependence, but does not work as well as spatial regressions. Figures 

4-7 illustrate the spatial distributions of estimated GWR coefficients for temperature and 

precipitation. However, the number of counties with GWR coefficients that are pseudo-

significant at 5% significance level is limited. We suspect that large portion of variations 

representing the response of corn yield to weather over time has been removed by use the 

average value over five years3. 

Above results are based on a conventional GWR analysis on cross-sectional data. In this 

study, we attempt to take advantage of panel data. We conduct both global panel model and 

GWPR analysis. Our panel data consists of 958 U.S. corn production counties during the period 

2002-2006. We conduct several statistical tests, and determine that a preferred panel model for 

our data is a fixed effects model with time dummies4. For literature of weather-crop yield, it is 

common to include a time trend as an explanatory variable in order to remove the effects of 

technological improvements over time. Therefore, we also estimate a fixed effects model with a 

linear time trend. As shown in Table 3, global fixed effects models with time dummies or time 

trend generate similar coefficient estimates, that corn yields are negatively related to growing 

                                                           
3 Using one year data as cross-section shows more pseudo-significant GWR coefficients compared to an average 
cross-sectional data. However, we are focusing on a GWPR model in this study, those GWR results using one year 
data are not presented here.  
4 These tests include Hausman test to compare random effects model and fixed effects model, LM test to compare 
random effects model and OLS model, and an F test to determine if time-fixed effect is needed.  
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season temperature, while positively related to growing season precipitation. This is consistent 

with the work of Schlenker and Roberts (2009) that the estimated temperature effects are very 

similar if year dummies are used rather than state-specific quadratic time trends. 

The above global fixed effects models do not account for spatial dependence and do not 

demonstrate spatial heterogeneity. Thus we estimate a GWPR model with local fixed effects 

models and time trend to extract spatially varying relationships. Based on a GWR analysis 

conducted earlier, we also expect that GWPR model could help partially address the spatial 

dependence issue. A GWPR bandwidth is optimized by CV criterion, which results in about 156 

observations in each local regression model. Each local regression is thus a fixed effects model 

based on a local panel data of about 31 counties for five years. The mean value of GWPR 

coefficient estimates for both precipitation and temperature are similar to the estimates from two 

global fixed effects models in both sign and magnitude (Table 3). We also find that GWPR 

coefficient estimates show large spatial variability, ranging from -0.230 to 0.271 for precipitation, 

and from -3.047 to 1.564 for temperature. Compared to the earlier GWR analysis on the average 

cross section, we have more pseudo-significant coefficients in GWPR analysis, about 53.1% for 

precipitation and 64.6% for temperature (Figures 9 and 11). We find that corn yields in most 

counties in the north and northeast are positively related to temperature, while negative 

relationships are presented in other regions, consistent with existing literature that temperature 

tends to have positive impacts on crop yields in cold regions. This spatial pattern could be 

explained by the fact that in the southern Corn Belt and other southern states, the average 

temperature is higher than the optimal corn growth temperature; therefore, temperature variations 

tend to have negative marginal effects. In northern U.S., the average temperature is lower than 

the optimal corn growth temperature; therefore, temperature variations tend to have positive 
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marginal effects. Corn yields are negatively related to precipitation in some Indiana and 

Nebraska counties. Compared to temperature coefficients, the number of precipitation 

coefficients with positive effects is more. About 76.8% of counties have positive precipitation 

coefficients, compared to 28.0% of counties with positive temperature coefficients. It indicates 

that an increase in precipitation is more favorable than an increase in temperature for corn 

production in most U.S. counties. Positive precipitation effects also indicate that the average 

precipitation is below the optimal precipitation for most U.S. corn production counties. This 

observation supports Good (2011) in that the most favorable precipitation in July in the heart of 

the Corn Belt should be about 25 percent above average. Compared to a simple spatial pattern of 

temperature coefficients, the spatial pattern of precipitation coefficients is more complicated. 

The yield response to precipitation is expected to be largely affected by local irrigation system. 

In Figure 12, it is observed that some heavily irrigated land tends to have insignificant or 

negatively significant precipitation effects, such as Nebraska and Mississippi river. Sharma 

(2011) also indicated that regions with better irrigation systems, crop yield could be less related 

to temperature and precipitation. 

Although two fixed effects models with time dummies or time trend have been estimated 

for global model, we focus on a fixed effects model with time trend for GWPR model. We argue 

that time dummies for local GWPR model may absorb too much of the useful variations of corn 

yields and weather. The global fixed effects model with time dummies or time trends generate 

similar results, since global variations of county averages should be smaller than local variations 

of county averages and therefore time dummies would not absorb too much useful variations. 

Due to the fact that the GWPR model estimates local models with small sample size, we prefer to 

use a fixed effects model with time trend. We also conduct a GWPR analysis with a fixed effects 
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model with time dummies and observe that only about 18.6% of counties have significant 

GWPR precipitation coefficients, and only about 16.1% of counties have significant GWPR 

temperature coefficient. This result supports our hypothesis that using time dummies in GWPR 

could absorb too much useful variations. Similarly, a GWR analysis of an average cross section 

conducted earlier generates significant coefficients in a limited number of counties. While 

avoiding using time dummies keeps useful variations for estimation, it also keeps other unrelated 

variations which could have been removed by using time dummies, such as policy changes or 

technological improvements. Therefore, we use a linear time trend to help remove technological 

improvements and use the data for the period 2002-2006 to avoid the effect of policy changes5. 

Conclusion 

In this study, we conduct a GWPR analysis to demonstrate the spatial variability of climate-

crop yields relationship for the continental U.S. counties. Our GWPR results show that the 

relationship between corn yields and weather varies across geographic space. In specific, 

temperature tends to have negative effects on corn yields in warmer regions, and positive effects 

in cooler regions, as expected. The spatial pattern of precipitation effects is more complicated. 

The sign and significance of precipitation effects in some regions are believed to be affected by 

local irrigation systems. Future research using only rainfed yield could help explain the effects of 

irrigation systems. 

Our model and results are expected to provide agricultural producers with spatially-explicit 

guidance for future planting decisions under uncertain future climate conditions. The results also 

provide federal and state governments with information about the regional differences of climate 

effects on U.S. corn productions. 
                                                           
5 Farm bill 2002 expired in 2007.  



14 
 

As one of the first studies using GWPR, our analysis does have certain limitations. For 

example, it is assumed that there is no CO2 fertilization effect which is expected to enhance crop 

yields. We used weather data collected from weather stations that are not necessarily in the same 

location as the associated farms; this could reduce the spatial relevance of the climate conditions 

used. Future studies should use spatially interpolated weather data to improve the 

correspondence. We also notice that total precipitation only partially captures extreme 

precipitation events. In addition to total precipitation or extremity of precipitation events, the 

timing of precipitation also matters. Two months with the same amount of precipitation but 

different daily distributions could have dissimilar impacts on corn yields. A month with more 

evenly distributed rainfall is expected to result in higher yields than the month with several 

extreme precipitation events. Due to the availability of climate variables in climate projections 

we used, we did not include the effects of drought or flood in the model. In future studies when 

adequate climate change data becomes available, we recommend considering the intensity and 

timing of extreme precipitation events in the model. Irrigated and rainfed yields are not specified 

due to data limitation. Future research could specify these yields and compare their GWPR 

results.  
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Table 1.  Estimation results for the OLS, Spatial lag model, Spatial error model, and GWR of an average cross section   

        

 Mean Median Standard 
deviation Minimum Maximum 

                

        
Corn yields (Bu/Acre) 125.7 128.2 37.8  0  229.4 

        
Growing season precipitation (Inch) 3.6 3.7 1.2  0.5  9.1 

        
Growing season temperature (degrees Fahrenheit) 65.4 65.2 5.3  53.4  83.6 
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 Table 2.  Estimation results for the OLS, Spatial lag model, Spatial error model, and GWR of an 
average cross section 
  

 

Dependent variable:         OLS model Spatial lag model Spatial error model               GWR  
 

 
Corn Yields        

 
  

  Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.  Min Coef Mean Coef. Max Coef. 

       
  

 

Growing season 
precipitation -0.0498*** (0.0107) -0.0201 (0.0070) -0.0375 (0.0134) -1.1711 0.0187   1.2896 

         
 

Growing season 
temperature -0.1380*** (0.0193) -0.0536 (0.0126) -0.1011 (0.0256) -3.2505 0.0680 2.8302 

         
 

Number of obs:  958  958  958   958  
AIC 9241.7  8643.5  8652.2   8125.3  
Moran's I  0.7912  -0.0095  -0.0065   0.1140  
F-statistic: 22.94        

 
p-value 2.8E-10        

 
Adjusted R-squared 0.0500       0.8665  
LR test   600.12  591.42    

 
Log likelihood -29396.5  -4316.8  -4321.1    

 
λ     0.571    

 
ρ   0.573      

 
               
***, **, * stand for 1%, 5%, and 10% significance level, respectively. 
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           Table 3.  Estimation results for the fixed effects models and GWPR model 
Dependent variable: fixed effects (1) fixed effects (2) GWPR  
Corn Yields           
  Coef. Std. Err. Coef. Std. Err. Min Coef Mean Coef. Max Coef 

 
        

      
   Growing season 

precipitation 0.0546*** (0.0044) 0.0581*** (0)  -0.2303 0.05081 0.2707 

      
   Growing season 

temperature -0.4685*** (0.0399) -0.5393*** (0.04)  -3.0466 -0.6127 
1.5641 

      
   Time dummies Yes 

 
No   

 
No 

 
  

 
   

   Time trend No 
 

Yes   
 

Yes 
 

      
   Number of 

observations:  4790 
 

4790 
   

4790.000 
 n 958 

 
958 

   
958.000 

 T 5 
 

5 
   

5.000 
 

 
        F-statistic: 291.739 

 
386.259 

     p-value < 2.22e-16 
 

< 2.22e-16 

     Adjusted R-squared 0.25073 

 
0.18571 

   
0.5071001 

                   
***, **, * stand for 1%, 5%, and 10% significance level, respectively. 
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Figure 1. Spatial distribution of the average U.S. county-level corn yield during 2002-2006 
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Figure 2. Spatial distribution of the average of U.S. county-level temperature during 2002-2006 

 

 

 

 

 

 

 

 

 

  

 

 



23 
 

  

Figure 3. Spatial distribution of the average U.S. county-level precipitation during 2002-2006 
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 Figure 4. Spatial distribution of the GWR coefficients of growing season temperature. This is a 
GWR analysis based a cross section for 958 counties with the average of 2002-2006. 
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Figure 5. Spatial distribution of the GWR coefficients of growing season temperature. Only 
pseudo-significant counties are mapped. This is a GWR analysis based a cross section for 958 
counties with the average of 2002-2006. 
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 Figure 6. Spatial distribution of the GWR coefficients of growing season precipitation. This is a 
GWR analysis based a cross section for 958 counties with the average of 2002-2006. 
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Figure 7. Spatial distribution of the GWR coefficients of growing season precipitation. Only 
pseudo-significant counties are mapped. This is a GWR analysis based a cross section for 958 
counties with the average of 2002-2006. 
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Figure 8. Spatial distribution of the GWPR coefficients of growing season temperature. This is a 
GWPR analysis based a panel data of 958 counties during 2002-2006. 
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Figure 9. Spatial distribution of the GWPR coefficients of growing season temperature. Only 
pseudo-significant counties are mapped. This is a GWPR analysis based a panel data of 958 
counties during 2002-2006. 
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Figure 10. Spatial distribution of the GWPR coefficients of growing season precipitation. This is 
a GWPR analysis based a panel data of 958 counties during 2002-2006. 
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 Figure 11. Spatial distribution of the GWPR coefficients of growing season precipitation. Only 
pseudo-significant counties are mapped. This is a GWPR analysis based a panel data of 958 
counties during 2002-2006. 
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Figure 12. Irrigated Corn for Grain, Harvested Acres in 2007. 
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