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Abstract 

Chapter 1 – From Field Trials to Farm Adoption: Identifying the Productivity Effect of 

On-Farm Technology Adoption 

Technology adoption is an important farm management decision and is frequently made 

using information that is unavailable to the researcher. Aside from their own experiences, 

producers often rely on extension services to inform their adoption decisions. Here, we propose a 

novel instrumental variable (IV) approach to identify the effect that a new technology, 

genetically modified (GM) corn, has on farm yield using instruments constructed from extension 

information. The proposed approach allows us to explore the degree of the endogeneity bias in 

estimating the impact of GM adoption on farm productivity. Candidate instruments are 

constructed from variety trial data to resemble information acquired by producers from 

university extension variety trial reports and are spatially merged with on-farm production data. 

We find that failure to account for the endogeneity of the adoption decision does indeed result in 

a substantial upward bias in the estimated productivity gains. After correcting for this bias 

through our IV approach, GM corn results in large on-farm yield gains of 19.6 bushels per acre. 

We demonstrate that variety trial data can be used to estimate the on-farm impact of a new 

technology, and this approach is general enough to be applied to additional contexts (i.e., 

technologies, crops, and/or locations). 

 

Chapter 2 – Effects of Warming on Cool-Season Pulse Varieties in North America 

Climate change is expected to have detrimental impacts on agriculture at low latitudes, 

some of which are already being felt. The impacts at high latitudes are less certain and are still 

debated. We examine the impacts of warmer temperatures at high latitudes using a novel cool-



  

season pulses field trial dataset that includes 87 locations in the Northern Plains of the United 

States and western Canada from 2001 to 2023. Using regression analysis, we identify 

temperature thresholds of 29°C for field peas and 30°C for lentils, beyond which yield reductions 

begin due to heat stress. A moderate +2°C warming severely reduces field pea and lentil yields 

by 15.7% and 18.9%, respectively. Projected warming scenarios are extended to estimate the 

impacts on test weight and protein content, finding that warming has small negative effects on 

test weight (-0.9% to -0.1%) and moderate positive effects on protein content (+2.5% to +5.6%). 

Findings suggest that even at high latitudes, breeding programs should prioritize heat resilience 

to mitigate the detrimental effects on yield of pulse crops under future warming scenarios. 

 

Chapter 3 – Heterogeneous Effects of Yield and Quality for Herbicide Tolerant Lentil 

Varieties 

Weeds are a significant biotic stressor on crop production globally. In Canada and the 

United States, traits for herbicide tolerance (HT) developed through genetic engineering (GE) 

have been limited to crops produced for animal feed, fuel, and fiber, while crops produced for 

human food consumption have more limited options for weed control. Clearfield varieties are a 

non-GE alternative that allows producers to selectively target weeds using chemical herbicides. 

Using variety trial data that includes over 6,600 observations from 2001 to 2023, we quantify the 

effects of HT technology on lentil outcomes in western Canada and the Northern Plains of the 

United States. Our main findings reveal the heterogeneous effects of HT on lentil output across 

two important dimensions, yield and test weight. This distinction is important as HT varieties 

result in a yield reduction of 4.2% and an increase in test weight by 0.5%. Although there is a 

yield reduction overall, we find that HT improves yield by 3.4% for each day early season weed 



  

interference. Later in the growing season when weed interference impacts lentil quality, HT 

increases test weight by 0.1% for each additional day of weed interference. Taken together, our 

results suggest that HT technology in lentils provides risk reducing benefits for production and 

may be a potential adaptation strategy for producers facing increased weed pressure at higher 

latitudes due to warmer temperatures.  
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Abstract 

Chapter 1 – From Field Trials to Farm Adoption: Identifying the Productivity Effect of 

On-Farm Technology Adoption 

Technology adoption is an important farm management decision and is frequently made 

using information that is unavailable to the researcher. Aside from their own experiences, 

producers often rely on extension services to inform their adoption decisions. Here, we propose a 

novel instrumental variable (IV) approach to identify the effect that a new technology, 

genetically modified (GM) corn, has on farm yield using instruments constructed from extension 

information. The proposed approach allows us to explore the degree of the endogeneity bias in 

estimating the impact of GM adoption on farm productivity. Candidate instruments are 

constructed from variety trial data to resemble information acquired by producers from 

university extension variety trial reports and are spatially merged with on-farm production data. 

We find that failure to account for the endogeneity of the adoption decision does indeed result in 

a substantial upward bias in the estimated productivity gains. After correcting for this bias 

through our IV approach, GM corn results in large on-farm yield gains of 19.6 bushels per acre. 

We demonstrate that variety trial data can be used to estimate the on-farm impact of a new 

technology, and this approach is general enough to be applied to additional contexts (i.e., 

technologies, crops, and/or locations). 

 

Chapter 2 – Effects of Warming on Cool-Season Pulse Varieties in North America 

Climate change is expected to have detrimental impacts on agriculture at low latitudes, 

some of which are already being felt. The impacts at high latitudes are less certain and are still 

debated. We examine the impacts of warmer temperatures at high latitudes using a novel cool-



  

season pulses field trial dataset that includes 87 locations in the Northern Plains of the United 

States and western Canada from 2001 to 2023. Using regression analysis, we identify 

temperature thresholds of 29°C for field peas and 30°C for lentils, beyond which yield reductions 

begin due to heat stress. A moderate +2°C warming severely reduces field pea and lentil yields 

by 15.7% and 18.9%, respectively. Projected warming scenarios are extended to estimate the 

impacts on test weight and protein content, finding that warming has small negative effects on 

test weight (-0.9% to -0.1%) and moderate positive effects on protein content (+2.5% to +5.6%). 

Findings suggest that even at high latitudes, breeding programs should prioritize heat resilience 

to mitigate the detrimental effects on yield of pulse crops under future warming scenarios. 

 

Chapter 3 – Heterogeneous Effects of Yield and Quality for Herbicide Tolerant Lentil 

Varieties 

Weeds are a significant biotic stressor on crop production globally. In Canada and the 

United States, traits for herbicide tolerance (HT) developed through genetic engineering (GE) 

have been limited to crops produced for animal feed, fuel, and fiber, while crops produced for 

human food consumption have more limited options for weed control. Clearfield varieties are a 

non-GE alternative that allows producers to selectively target weeds using chemical herbicides. 

Using variety trial data that includes over 6,600 observations from 2001 to 2023, we quantify the 

effects of HT technology on lentil outcomes in western Canada and the Northern Plains of the 

United States. Our main findings reveal the heterogeneous effects of HT on lentil output across 

two important dimensions, yield and test weight. This distinction is important as HT varieties 

result in a yield reduction of 4.2% and an increase in test weight by 0.5%. Although there is a 

yield reduction overall, we find that HT improves yield by 3.4% for each day early season weed 



  

interference. Later in the growing season when weed interference impacts lentil quality, HT 

increases test weight by 0.1% for each additional day of weed interference. Taken together, our 

results suggest that HT technology in lentils provides risk reducing benefits for production and 

may be a potential adaptation strategy for producers facing increased weed pressure at higher 

latitudes due to warmer temperatures.  
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Preface 

Agriculture faces many challenges that threaten productivity, food security, and rural 

livelihoods. Many emerging challenges may be offset by producers adopting new technologies 

and practices that result in productivity gains. Cultivar innovation: impacts of adoption and 

potential for adaptation is comprised of three chapters that use production economics to provide 

insights into these challenges and avenues for adaptation. Each chapter explores topics related to 

technology adoption, farm management, and environmental stress by leveraging different 

sources of variety trial data to examine the effects of cultivar innovation (i.e., crop improvement 

through breeding) on agricultural output. A brief overview is given for each chapter in the 

paragraphs below. 

Chapter 1 focuses on a long-standing empirical issue in the agricultural economics 

literature, specifically, accounting for endogeneity in the technology adoption decision. I 

developed a novel instrumental variable (IV) approach to identify the effect that a technology, 

genetically modified (GM) corn, has on farm yield using instruments constructed from extension 

information. Candidate instruments were constructed from variety trial data to resemble 

information acquired by producers from university extension variety trial reports and were 

spatially merged with on-farm production data. I found that failure to account for the 

endogeneity of the adoption decision resulted in a substantial upward bias of 24% in the 

estimated productivity gains. After correcting for this bias through my IV approach, GM corn 

resulted in large on-farm yield gains of 19.6 bushels per acre. This essay demonstrates that 

variety trial data can be used to estimate the on-farm impact of a new technology, and my 

approach is general enough to be applied to additional contexts (i.e., technologies, crops, and/or 

locations). 



xviii 

Chapter 2 provides insights into the impacts of climate change on agricultural production 

at high latitudes, a topic that is still debated in the literature. Specifically, I examined the impacts 

of warmer temperatures in the Northern Plains of the United States and western Canada using a 

novel cool-season pulses field trial dataset. I constructed this dataset using publicly available 

field trial reports from 2001 to 2023. Pulses are typically characterized as being resilient to heat 

stress, however, I found that moderate +2°C warming severely reduces field pea and lentil yield 

by 15.7% and 18.9%, respectively. Projected warming scenarios were extended to estimate the 

impacts on two important quality measures: test weight and protein content. I found that 

warming has small negative effects on test weight (-0.9% to -0.1%) and modest positive effects 

on protein content (+2.5% to +5.6%). These findings suggest that opportunities to offset the 

negative yield impacts may exist through offering price premiums for pulses with elevated 

protein content. However, breeding programs should prioritize heat resilience to mitigate 

detrimental effects on yield of pulse crops under future warming scenarios even at high latitudes. 

In the agricultural production literature, limited attention has been devoted to non-GM 

crop-trait technologies despite being adopted by producers for weed control in some production 

systems. Chapter 3 investigates the effects of a non-GM technology, Clearfield, on lentil yield 

and test weight in western Canada and the Northern Plains of the United States. My main 

findings reveal that herbicide tolerant (HT) varieties result in a yield reduction of 4.2% and an 

increase in test weight by 0.5%. Although there was a yield reduction overall, I found that HT 

improved yield by 3.4% for each day of early season weed interference. Later in the growing 

season when weed interference impacts lentil quality, HT increased test weight by 0.1% for each 

day of weed interference. Taken together, these results suggest that HT technology in lentils 
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provides risk reducing benefits for production and may be a potential adaptation strategy for 

producers facing increased weed pressure at higher latitudes due to warmer temperatures.  

 



1 

Chapter 1 - From Field Trials to Farm Adoption: Identifying the 

Productivity Effect of On-Farm Technology Adoption 

 1.1 Introduction 

Technological innovation has constantly altered the agricultural landscape (Griliches 

1960; Lichtenberg 1989; Olmstead and Rhode 2011) and is a major driver of the large gains in 

on-farm productivity over the past century (Pardey and Alston 2021). Many argue that 

innovation can aid current and future challenges facing agriculture such as adapting to climate 

change and ensuring global food security (Cassman 1999; Smit and Skinner 2002; Godfray et al. 

2010; Ray et al. 2013). Technology generation alone does not result in efficiency gains; rather, 

changes to production occur when producers decide to adopt innovative technologies. Thus, 

technology adoption is an important farm management decision for all producers regardless of 

scale or scope and is a cornerstone of the agricultural economics literature (Feder, Just and 

Zilberman 1985; Sunding and Zilberman 2001). 

A critical challenge of analyzing technology adoption is that it is an ever-present, 

evolving, and dynamic decision-making process based on information that is often unavailable to 

the researcher (Besley and Case 1993; Foster and Rosenzweig 2010; Perry, Hennessy and 

Moschini 2022). Prior to the adoption decision, a producer must assess the expected benefit of 

that new technology and use that information to make a decision ex ante to knowledge of its 

actual on-farm impact (Foster and Rosenzweig 1995; Barkley and Porter 1996; Barkley 2024). 

Another complicating factor is that some forms of technology can be easily experimented with 

on-farm at a low cost while others require substantial up-front acquisition and/or learning costs. 

Either way, the decision maker must collect information, assess its credibility, and form an 

expectation of the on-farm impacts.  
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Producers rely on both their own experience and information from extension services to 

inform their production decisions, the latter of which is especially valuable for evaluating newly 

released technologies (Eklund 1983; Nalley et al. 2009; Genius et al. 2014; Krishnan and Patnam 

2014; Maertens, Michelson and Nourani 2021; Lee and Moschini 2022; Abdulai 2023). Nearly 

92% of extension services globally receive public funds and are administered through 

government, research institutions, and/or universities (Davis, Babu and Ragasa 2020). The goal 

of most public extension services is to deliver impartial, timely, and locally relevant information 

to producers through various channels including field days, web-based decision tools, and online 

and print publications. Producers may access this information directly themselves, or as is 

becoming increasingly common, through another party such as a seed sales representative or 

crop consultant. Importantly, the producer does not need to access the information directly for it 

to influence their decisions as extension information is widely circulated and shared among 

many actors in the agricultural community (Burlig and Stevens 2024). 

Extension information is often generated through agricultural research activities such as 

field trials. In the United States (U.S.), much of the publicly funded agricultural research is 

conducted at land-grant universities and their branch experiment stations. There is at least one 

land-grant university in each state and over 600 experiment stations across the country (Pearson 

and Atucha 2015). Each year, these experiment stations conduct field trials to evaluate the 

performance of crop varieties in different environments, producing millions of data points 

annually. The trials are conducted under credible experimental protocols such as randomized 

complete block designs and best management practices that evolve across space and time. As a 

result, the trial data provides a reliable source of relative yield differences among varieties 

(Brennan 1984; Tack, Barkley and Nalley 2015). Of particular interest to this study, field trials 
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are a rich source of public information that may be repurposed by economists to study issues in 

agricultural production as (Heady 1957) demonstrated nearly 70 years ago. 

We posit that variety trial data can be used to construct plausible instruments to identify 

the effect of endogenous technology adoption on farm productivity. In the proposed novel 

instrumental variable (IV) approach, instruments constructed from variety trial data are used to 

identify the effect of genetically modified (GM) corn on farm yield. Figure 1.1 provides a 

Directed Acyclic Graph (DAG) outlying our identification approach and the three conditions for 

instrument validity: (1) relevance (RA) or the instrument (trial data) is related to the exposure 

variable (GM adoption), (2) the exclusion restriction (ER) is satisfied or trial data only influences 

the outcome (on-farm yield) through adoption, and (3) exchangeability (EC) or the trial data does 

not share common causes with on-farm yield. Of the three, the RA condition can be empirically 

validated in a straightforward manner using so called “strong” instrument tests (Keane and Neal 

2023) while the other two are much harder to establish in practice. For the ER there are two 

causal pathways, one directly to the outcome and the other through an intermediate mechanism. 

For EC there are also two types of violations, shared confounders that affect all three variables of 

interest and confounders that affect the trial data and on-farm yield. In practice, neither the ER 

nor EC conditions can be empirically validated using hypothesis testing. 
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Figure 1.1. DAG outlines the IV assumptions for credible identification and the 
relationships between variables in the empirical strategy. 

 
Note: Valid instruments must satisfy three assumptions: relevance, exclusion restriction, and exchangeability. Trial 
data, GM adoption, and on-farm yield correspond to the instrument, exposure, and outcome variables, respectively. 
The bold arrow indicates the causal effect of interest. Figure was adapted from (Hiu et al. 2024). 

Figure 1.1 highlights the difficulty of obtaining valid instruments in farm settings due to 

the myriad of potential confounders both on- and off-farm. We overcome this challenge by 

processing the trial data in a clever way using two key steps. First, we lag the trial data by one 

year which has the advantage of both establishing the RA condition and blocking any pathway 

that depends on temporal variation (e.g., prices and growing conditions). Second, we difference 

the lagged trial data by subtracting conventional yields from GM yields thereby focusing 

exclusively on the GM yield differential, which will both make the instrument more relevant 

(i.e., “stronger”) and block spatial confounders (e.g., soil quality and climate). We provide more 
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details on this approach in the Empirical Strategy section below. Additionally, a recently 

developed data-driven approach, Some Invalid Some Valid IV Estimator (sisVIVE) (Kang et al. 

2016), is employed to assess potential violations of the ER. To our knowledge, constructing 

instruments from extension information and the accompanying empirical strategy is novel to the 

literature and may be applied in many additional research contexts (i.e., technologies, crops, 

and/or locations). 

The main findings from our analysis are threefold. First, the constructed instruments from 

field trial data are statistically strong and therefore provide a rich opportunity for future research 

to consider when estimating the effect of on-farm technology adoption. Second, failure to 

account for endogeneity does result in a substantial upward bias in the estimated productivity 

gains of approximately 24%. Third, after correcting for this bias the effect of GM corn adoption 

on productivity remains large at 19.6 bushels per acre (b/a), which provides another important 

datapoint in the literature showing the enhanced production efficiency of GM crops. 

The remainder of the paper is organized as follows. The next section provides 

background information on GM crops and recent controversies in public policy arenas 

surrounding GM crops. The third section discusses the data, while the fourth describes our 

empirical strategy. The fifth reports our main results and several robustness checks and the final 

section provides concluding remarks. 

 1.2 Background 

GM corn was commercialized in the U.S. in 1996 with the first varieties containing a trait 

for insect resistance (IR). Shortly thereafter, varieties containing traits for herbicide tolerance 

(HT) became available followed by stacked varieties containing both traits. Traits for IR are 

derived from Bacillus thuringiensis (Bt) and provide targeted pest control. HT crops express 
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tolerance to specific herbicides (e.g., glyphosate), allowing producers to control weeds without 

damaging the crop. GM corn has been widely adopted by producers covering 94% of all U.S. 

corn acres in 2024 (USDA ERS 2025). 

The benefits associated with GM crop adoption have been well documented in the 

literature and include productivity gains (Qaim 2009; Fernandez-Cornejo et al. 2014; Klümper 

and Qaim 2014) as well as environmental and market-wide benefits (Smyth, Kerr and Phillips 

2015; Brookes and Barfoot 2018; Ciliberto, Moschini and Perry 2019; Scheitrum, Schaefer and 

Nes 2020; Ala-Kokko et al. 2021; Hansen and Wingender 2023). Recent controversies have been 

renewed by policymakers expressing health concerns surrounding GM crops (Cirruzzo and 

Cancryn 2025) and new trade disputes and production bans have been initiated (Barrera 2025; 

Garrison 2023). The American Academy of Pediatrics urged parents to avoid foods with 

ingredients sourced from GM crops (Abrams et al. 2024) and Mexico cited this in their efforts to 

ban GM corn imports (Wadman 2024), despite the scientific consensus on the safety of GM 

technology (Institute of Medicine and National Research Council 2004; European Commission 

2010; World Health Organization 2014; National Academies of Sciences Engineering and 

Medicine 2016). Others have suggested that GM adoption has failed to increase on-farm yield or 

decrease pesticide use (Gurian-Sherman 2009; Hakim 2016) and critics in the popular press often 

highlight a National Academies of Sciences Engineering and Medicine (2016) report which 

stated that there was little evidence that GM crops have increased yield potential.  

GM technology adoption and its subsequent impacts remain a salient policy and 

empirical issue. The literature has acknowledged the empirical difficulty of estimating the causal 

effect of endogenous technology adoption. Previous studies have noted that without accounting 

for this parameter estimates obtained from directly estimating the GM effect on yield may be 
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biased (Shankar and Thirtle 2005; Shankar, Bennett and Morse 2008; Mutuc, Rejesus and 

Yorobe 2011; Kouser and Qaim 2014; Sanglestsawai, Rejesus and Yorobe 2014). 

 1.3 Data 

Variety trial data, on-farm production data, and weather data are spatially merged at the 

location-year level. Each dataset is described in the following section which is accompanied by 

Table 1.1 that reports the descriptive statistics of select variables. The technique employed to 

spatially match the data is described in the Empirical Strategy section. 
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Table 1.1. Summary statistics of select variables. 

Variable Mean SD Min Max 

Variety trial data (1992-2009)     
Locations per year 79.61 34.03 7.00 115.00 
Trial conventional yield 163.36 39.00 1.00 308.80 
Trial single IR or HT yield 181.17 41.99 1.00 317.00 
Trial stacked IR and HT yield 194.11 39.76 4.00 302.20 
Trial multiple IR yield 194.10 34.30 1.00 283.20 
Proximity to county (km) 87.19 95.92 1.20 674.32 
     

On-farm data (1980-2010)     

Counties per year 665.71 9.07 637.00 675.00 
County yield 118.96 33.86 4.55 207.46 
GM adoption rate 0.20 0.28 0.00 0.96 
     

Weather data (1980-2010)     
Degree days 0-10℃ 1,549.13 95.23 1,209.68 1,780.27 
Degree days 10-29℃ 1,429.71 239.51 681.49 2,184.32 
Degree days above 29℃ 29.21 27.25 0.00 249.87 
Precipitation (cm) 57.70 14.13 17.94 121.93 
Precipitation squared (cm2) 3,529.05 1,726.39 321.84 14,866.92 

Notes: Variety trial data was obtained from annual field trial reports published by university agricultural extension 
services, on-farm yield and adoption data was obtained from USDA-NASS, and weather data was obtained from 
PRISM. 

 1.3.1 Variety Trial Data 

Trial data was compiled by Nolan and Santos (2012) from university extension corn 

variety trial reports from the ten largest corn producing states in 1997-2009: Illinois, Indiana, 

Iowa, Kansas, Minnesota, Missouri, Nebraska, Ohio, South Dakota, and Wisconsin. The trial 

data spans 236 locations, 17 years, and includes over 20,000 varieties. In-sample locations are 

shown in Figure 1.2. On average, 80 locations conducted trials each year, however, the number 

of locations per year ranges from 7 to 115 (Table 1.1). The data are observed at the variety-
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location-year level and includes information on yield and whether a variety is conventional or 

GM. Of the 20,507 varieties, 60% are conventional and 40% are GM. For each GM variety, the 

trait package is also noted and includes corn borer (CB) resistance; rootworm (RW) resistance; 

HT; CB and HT; RW and HT; CB and RW; and CB, RW, and HT. 

Figure 1.2. Map of in-sample trial locations and counties: 1980-2010.  

 
Note: Analysis focuses on dryland counties and not all trials get matched to a county each year. 

To allow for different GM trait technologies to drive adoption, the trait packages were 

aggregated into one of three technology categories: single trait varieties, stacked trait varieties, 

and multiple trait varieties. Single trait varieties are characterized by one trait for either IR (CB 

or RW) or HT, stacked trait varieties have at least one IR trait and one HT trait (CB and HT; RW 

and HT; and CB, RW, and HT), and multiple trait varieties have multiple IR (CB and RW) traits. 

Table 1.1 provides yield statistics by these groupings.  



10 

In Appendix A, Figure A.1 in the shows the number conventional, single trait, stacked 

trait, and multiple trait varieties in the trial data over time. Notably, the first single trait varieties 

enter trials in 1992, stacked traits entered in 1995, and multiple traits entered in 2004. Prior to 

commercialization, there are a limited number of GM varieties present in trials as initial research 

and development efforts focused on a handful of varieties well adapted to specific local 

conditions (Falck‐Zepeda, Traxler and Nelson 2000). We also observe the number of 

conventional varieties submitted into the trials decrease by 93.6% between 1990-2009, virtually 

reaching zero by 2009. 

 1.3.2 On-Farm Data 

On-farm county-level corn production and harvested area data was obtained from the 

National Agricultural Statistical Service (NASS) Quick Stats database for the years 1980-2010 

USDA NASS (2023) with yield being defined as their ratio. Following previous research (Lusk, 

Tack and Hendricks 2017; Xu et al. 2013) we used 1980 as the first year in the time series to 

allow for a roughly equal number of years pre- and post-GM with approximately 48% of 

observations in the former. Counties were omitted if more than 10% of harvested acres were 

irrigated or if yield was observed for less than two-thirds of the pre- or post-GM years. The 

resulting panel has 20,655 yield observations across 676 counties (Figure 1.2). Figure A.2 shows 

the considerable cross-sectional and temporal variation of on-farm yield and trial yield among 

the three trait technologies. Figure A.3 shows further evidence of this variation by state.  

On-farm GM corn adoption rates were obtained from USDA Economic Research Service 

(ERS) from 2000-2010 (USDA ERS 2025). Due to limited data availability, the adoption rates 

used were reported at the state level, resulting in a spatially mismatched panel. This is alleviated 

by matching the state adoption rates to each in-sample county, although some heterogeneity may 
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be lost in this process. Importantly, the use of state-level aggregate adoption does not introduce 

bias in the GM effect estimate because the measurement error is uncorrelated with the observed 

state-level adoption (Lusk et al. 2017). Following Lusk et al. (2017), missing data from 1996-

1999 were interpolated using predictions from a generalized linear model with a binomial family 

and a logit link function.  

The state-level GM corn adoption rates from 1996-2010 are provided in Table A.1 and 

Figure 1.3 presents the spatial distribution of GM adoption over time. Interestingly, adoption 

rates tend to move southeast overtime in the states included in our sample, perhaps due to the 

earlier commercialization of varieties with CB resistance while RW resistance followed 

thereafter. The former (latter) is a more significant problem in the western (eastern) corn belt 

(National Research Council 2010). 
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Figure 1.3. Spatial distribution of in-sample on-farm GM corn adoption by state: 1996-
2010. 

 
Note: Adoption rates from 2000-2010 were obtained from USDA ERS and rates from 1996-1999 were interpolated. 
Interpolation procedure is described in further detail in the text. 

 1.3.3 Weather Data 

Previous research linking GM adoption to yield has shown that weather is a potential 

confounder that could bias parameter estimates (Xu et al. 2013; Lusk et al. 2017). Precipitation 

and temperature data were obtained from PRISM Climate Group (2023) at the county-level 

following Schlenker and Roberts (2009). Daily minimum and maximum temperatures across the 

growing season (March-August) were interpolated using a sinusoidal approximation and used to 

construct degree day variables between 0-10°C, 10-29°C, and above 29°C. Figure A.4 depicts 

the cross-sectional and temporal variation of the weather variables. 



13 

 1.4 Empirical Strategy 

Our novel IV procedure leverages cross-sectional and temporal variation in information 

from extension variety trials to causally identify the effect of adoption on productivity. This 

procedure is detailed in the following section beginning with instrument construction followed 

by the two-stage least squares (2SLS) estimation. 

 1.4.1 Instrument Construction 

Instruments are constructed to resemble information acquired by producers facing 

uncertainty regarding a novel technology. Either directly through extension services or indirectly 

through intermediaries (e.g., seed sales representatives, crop consultants, etc.) producers acquire 

data on the potential yield gains of a technology from annual variety trial reports. We remain 

agnostic through the exact channel producers receive this data as intermediaries often rely on 

publicly generated data (Wolf, Just and Zilberman 2001; Just, Wolf and Zilberman 2003). 

Our identification strategy is provided in Figure 1.4 and highlights the benefits of our 

approach. Define the trial data as consisting of yields for both conventional and GM varieties, 

given by the set �𝑦𝑦𝑖𝑖,𝑙𝑙,𝑡𝑡� where y is the yield for variety i grown at trial location l in year t. Panel A 

corresponds to the use of these data and shows that (i) RA is not satisfied since the adoption 

decision is made before the trial data for that year is observed and (ii) there are a lot of open 

pathways in both the spatial (i) and temporal (t) dimensions. Examples of spatial confounders 

include soil, climate, and risk preferences; while examples of temporal confounders include 

prices, weather, pests, and disease. 
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Figure 1.4. DAGs outline the IV assumptions for credible identification and steps taken to 
construct valid instruments. 

 
Panel B corresponds to the first step in our instrument construction, which is to lag the 

trial data by one year so that the relevant set becomes �𝑦𝑦𝑖𝑖,𝑙𝑙,𝑡𝑡−1�. The first implication of this 

transformation is that the RA assumption is now satisfied as producers view trial reports from the 

previous year to inform their adoption decision in the current period. The second implication is 

that all the contemporaneous (i.e., temporal) pathways for both the ER and EC are now closed.  

Panel C shows the second step in the instrument construction, where we focus on yield 

differences between the GM and conventional varieties within each year so that anything 

common among the varieties at that location in that year (e.g., growing conditions and/or 

management practices) gets netted out (Hutchins and Irwin 2025). More specifically, if i (j) 

indexes GM (conventional) yield in trial location l in year t then this signal is measured as 

{ } { }max
, 1 , , 1 , , 1max maxl t i l t j l ti GM j CO

z y y− − −∈ ∈
= − . One could also use the average of each group instead, but we 
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consider the maximum to be a better signal as a single variety may result in yield gains that 

materialize on-farm. Averages are considered as a robustness check in the next section. One 

could also use last year’s observed differential, , or a cumulative average of the annual max-

differences over all historical years defined by .1 We focus on the latter in 

our preferred model but also consider single year measures as a robustness check. 

Here again we have two important implications of the described instrument construction, 

the first being that the resulting instrument is now more closely aligned with the GM adoption 

decision as producers considering switching will be more interested in relevant yields rather than 

the absolute yield level. The second implication is that all time-invariant (i.e., spatial) pathways 

for both the ER and EC assumptions are now closed. 

So far, we have focused on the yield information constructed from the trial data or the 

signal producers use to inform their adoption decision. It is likely that producers will place some 

subjective measure of credibility on the signal, which we measure as the cumulative number of 

years that trial information is available. This assumes that as the variety trial signal accumulates 

over longer periods the more credibility the producer will attach to it. We refer to this as the 

noise around the signal and measure it as , 1 ,1

Nnum
l t l t nn

z I− −=
=∑  where ,l tI  is an indicator variable 

that is equal to one if a GM variety appears in trial location l during year t. As with the signal, we 

use the lagged value . 

 
1 This is similar to the distinction between naïve and weighted-average prices in the agricultural supply literature 

(Nerlove 1979). In practice it is impossible to know if producers aggregate the information over time, and if so, what 

discount they assign to sequentially distant information. 

, 1
max
l tz −

, 1 ,1

1 Ncmax max
l t l t nn

z z
N− −=

= ∑

, 1
num
l tz −
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Thus far we have focused on two different aspects of information, next we focus on more 

granular subcategories of information by leveraging trait package differences across GM 

varieties, defined as single trait (CB alone; RW alone; HT alone), stacked traits (CB and HT; 

RW and HT; CB, RW, and HT), and multiple traits (CB and RW). An alternative definition that 

moves CB, RW, and HT into the multiple trait category is considered as another robustness 

check. Using the same approach as above, we define the cumulative maximum yield differential 

for each of these by cmax
l,t -1single_z , cmax

l,t -1stacked_z , and cmax
l,t -1multiple_z ; and the number of trials for 

each of these by , , and . An interesting aspect of these 

trait packages is that they were sequentially rolled out over time with single trait released in 

1996, stacked in 2002, and multiple in 2005. Thus, there are three distinct regimes that capture a 

widening availability of trait packages as depicted in Figure 1.5. It is also interesting to note that 

in some cases (e.g., stacked traits), there is an extensive amount of trial information already 

available to producers when commercialization begins.  

  

, 1_ num
l tsingle z − , 1_ num

l tstacked z − , 1_ num
l tmultiple z −
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Figure 1.5. Temporal attributes of trait technology categories. 

 
Note: Trial indicates the presence of a technology in at least one trial location. Regimes 1, 2, and 3 indicate the 
sequential roll out of each technology over time. Regime 1 spans 1996-2002 and starts when single traits are 
commercially available. Regime 2 spans 2002-2005 and starts when stacked traits are commercially available. 
Regime 3 spans 2005-2010 and starts when multiple traits are commercially available. 

The final dimension of our information measures takes advantage of these commercial 

regimes to allow for switching behavior. This allows for the possibility that the availability of a 

new trait package changes the influence of the previous trait package, similar in spirit to the 

relaxation of the independent alternatives assumption in the revealed preferences literature (Train 

2009). Define a regime-one indicator variable R1 as taking on a value of one if year 

, regime-two R2 if , and regime-three R3 if . We 

expand the set of information measures by interacting these regimes with the yield differential 

(signal) and trial year (noise) variables. 

Until this point, instruments are observed at the location l level in year t-1 while on-farm 

production data and weather data are observed at the county c level in year t. The instrument 

[1996,2002)y∈ [2002,2005)y∈ 2005y ≥
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dataset is merged with the county-level dataset by matching the county’s crop-weighted centroid 

coordinates with the coordinates of the closest trial location in the instruments data (i.e., 

selecting the minimum linear distance in kilometers between a county centroid and trial 

location). Thus, the instruments are now specific to each county c in year t. Crop-weighted 

county centroid coordinates were obtained from Hsiang et al. (2013). The average trial proximity 

is 87.2 kilometers from a county with distances ranging from 1.2 to 674.3 kilometers (Table 1.1). 

We assume that proximity matches counties with trial locations that have similar agroclimatic 

conditions. Thus, producers can acquire information from a location that faces similar constraints 

and reasonably form an expectation regarding how a technology will perform on their farm. 

Importantly, previous work has found that farm proximity to a research station does not have an 

effect on farm productivity post 1950 (Kantor and Whalley 2019). Figure 1.6 shows the linear 

distances between each in-sample county and trial location by year for select years. We also 

observe that the number of in-sample trial locations generally increases over time as GM 

varieties enter more trials. 
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Figure 1.6. Matching in-sample county centroids with the closest in-sample trial location 
for select years: 1996, 2001, 2006 and 2010. 

 
Note: The same matching procedure was conducted for each year in the data. 

These information measures exhibit a substantial amount of cross-sectional and temporal 

variation. Figure 1.7 shows that novel varieties, while technically commercially released at the 

same time, do not enter all trial locations simultaneously. Thus, some producers have earlier 

access to information about new technologies that other producers may not have access to 

depending on whether they view these more distant trials as being locally informative. 

Additionally, the information signal itself exhibits substantial cross-sectional and temporal 

variation as depicted in the trait- and regime-specific cumulative maximum yield differential 

boxplots reported in Figure A.5. 
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Figure 1.7. Spatial distribution of the first year each technology enters a county’s matched 
trial. 

 
 

 1.4.2 Model Estimation 

We estimate the effect of GM adoption on corn yield using 2SLS. In the first stage, GM 

adoption is estimated using trial information alongside the exogenous regressors from the 

primary equation of interest, which follows Lusk et al. (2017) and Xu et al. (2013): 

(1.1)  , , , ,c t c c t c ty GMα θ µ= + + +'
c tx β  

where 𝑦𝑦𝑐𝑐,𝑡𝑡 is corn yield in county c and year t measured in b/a; 𝐺𝐺𝐺𝐺𝑐𝑐,𝑡𝑡 is the covariate of interest 

measuring the fraction of acres planted with a GM variety; 𝛼𝛼𝑐𝑐 is a county fixed effect; 𝒙𝒙𝒄𝒄,𝒕𝒕 is a 

vector of controls including a linear time trend, cumulative precipitation and its square, and low, 

medium, and high degree days; and 𝜇𝜇𝑐𝑐,𝑡𝑡 is the error term. The trend variable controls for changes 

to technology and management practices that are not associated with GM adoption. County fixed 
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effects account for factors like soil type and climate. Standard errors are clustered by year to 

allow for a wide range of spatial correlation among the error terms. 

The first stage regression includes the controls and fixed effects from the primary 

regression as well as the instruments from the variety trial information. In its simplest form this 

is given by 

(1.2)  , , 1 , 1 2 , 1 ,
cmax num

c t c c t c t c tGM z zα γ γ ε− −= + + + +'
c tx β  

where the z variables are the cumulative maximum yield differential ( cmax
c,t-1z ) and number of trials 

( , 1
num
c tz − ) from the matched field trial locations. As discussed above, these variables are further 

extended to be specific bundles of technology, so the first stage becomes 

(1.3)  , , 1 , 1 2 , 1 3 , 1

4 , 1 5 , 1 6 , 1 , .

cmax cmax cmax
c t c c t c t c t

num num num
c t c t c t c t

GM single_z stacked_z multiple_z

single_z stacked_z multiple_z

α γ γ γ

γ γ γ ε
− − −

− − −

= + + + +

+ + + +

'
c tx β

 

Lastly, we allow the parameters of the information variables to switch across commercial 

regimes so that the final (preferred) first stage regression becomes 

(1.4) 

, , 1 1 , 1 2 , 1

2 3 , 1 4 , 1 5 , 1

3 6 , 1 7 , 1 8 , 1

cmax num
c t c c t c t

cmax cmax num
c t c t c t

cmax cmax cmax
c t c t c t

GM R single_z single_z

R single_z stacked_z stacked_z

R single_z stacked_z multiple_z

α γ γ

γ γ γ

γ γ γ

− −

− − −

− − −

 = + + × + × 
 + × + × + × 

+ × + × + ×

'
c tx β

9 , 1 , .num
c t c tmultiple_zγ ε− + × + 

 

Note that we permit a full range of interactions for the cumulative maximum yield differentials 

but only the first regime-of-occurrence interactions for the number of trials, which reflects our 

assumption that the credibility of the signal is most important when new technologies first 

become available. 

 1.5 Results 

In this section we first present the results from our preferred speciation given by 

Equations (1.1) and (1.4) above. Since we cannot empirically validate either the ER or EC 
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conditions, we include county fixed effects, a time trend, and weather variables as additional 

covariates in both the first and second stages of the IV model as these have been shown to be 

important for identification in the literature (Xu et al. 2013; Lusk et al. 2017). Following our 

main results, we also conduct several robustness checks to investigate the role of 

overidentification and instrument validity and consider alternative specifications and 

instruments, potential confounding factors (e.g., pest pressure and seed price), and an alternative 

measurement of GM adoption. 

 1.5.1 Preferred Specification 

The results from the first stage of the 2SLS model are reported in Table 1.2, and we see 

that seven of the nine candidate instruments are statistically different from zero at conventional 

significance levels. All six yield differentials instruments are positively associated with GM 

adoption, suggesting that higher in-trial yield gains are associated with higher on-farm adoption. 

Of the three years-in-trial instruments, only the one for multiple trait technologies was 

statistically significant on its own, however, a joint test for all three has a p-value less than 0.001. 

Taken together, this suggests that both the signal (GM yield gains) and the noise of that signal 

(number of trial years) are associated with on-farm adoption, which is consistent with previous 

research on seed variety selection (Barkley and Porter 1996; Nalley et al. 2009; Barkley 2024). 

Table 1.3 reports the results from the second stage alongside those from ordinary least squares 

(OLS), the former of which estimates a GM effect on yield of 19.6 b/a while the latter is much 

higher at 24.2 b/a. This represents a substantial upward bias of approximately 24%. 
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Table 1.2. First stage regression results of the preferred model for GM adoption. 

  First stage of IV 
  GM adoption rate 

Variables   

Single cumulative max yield R1 (b/a) 0.002*** (0.001) 
Single cumulative max yield R2 (b/a) 0.002*** (0.001) 
Single cumulative max yield R3 (b/a) 0.004*** (0.001) 
Stacked cumulative max yield R2 (b/a) 0.001*** (0.000) 
Stacked cumulative max yield R3 (b/a) 0.002*** (0.000) 
Multiple cumulative max yield R3 (b/a) 0.001** (0.000) 
Single years in trial R1 -0.011 (0.008) 
Stacked years in trial R2 0.015 (0.010) 
Multiple years in trial R3 0.104*** (0.022) 
Degree days 0-10℃ 0.000 (0.000) 
Degree days 10-29℃ 0.000 (0.000) 
Degree days above 29℃ 0.000 (0.001) 
Precipitation (cm) 0.002 (0.003) 
Precipitation squared (cm2) 0.000 (0.000) 
Time trend 0.020*** (0.003) 
County fixed effect Yes 
  

Fit statistics   

R2 0.85 
RMSE 0.111 
Wald (first stage) 49.848*** 
Observations 20,612 

Notes: Standard errors are in parenthesis and are clustered by year. *, **, and *** denote statistically significance at 
the 10%, 5%, and 1% level, respectively. The first nine rows correspond to the instruments based on field trial 
information. R1, R2, and R3 represent the varying coefficients for each of the three regimes from 1996-2002, 2002-
2005, and 2005-2010. 
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Table 1.3. GM effect on corn yield results from the second stage of the preferred model. 

  OLS Second stage of IV 
  Yield (b/a) Yield (b/a) 

Variables     

GM adoption rate 24.181*** (6.730) 19.564*** (6.641) 
Degree days 0-10℃ 0.050** (0.019) 0.051** (0.019) 
Degree days 10-29℃ 0.022 (0.014) 0.023 (0.015) 
Degree days above 29℃ -0.678*** (0.074) -0.675*** (0.075) 
Precipitation (cm) 1.931*** (0.276) 1.931*** (0.288) 
Precipitation squared (cm2) -0.018*** (0.002) -0.017*** (0.003) 
Time trend 1.044*** (0.187) 1.166*** (0.181) 
County fixed effect Yes Yes 
   
Fit statistics     

R2 0.797 0.797 
RMSE 15.23 15.246 
Sargan  33.379*** 
Observations 20,612 20,612 

Notes: Standard errors are in parenthesis and are clustered by year. *, **, and *** denote statistically significance at 
the 10%, 5%, and 1% level, respectively. 

Given that nine instruments are used to estimate one endogenous variable, weak 

instrument detection and overidentification are of particular concern. The Kleibergen and Paap 

(2006) Wald test is conducted since standard errors are clustered, and results confirm that weak 

instruments are not a major concern (Table 1.2). However, a Sargan test was conducted, and the 

results suggest that instrument validity is indeed a concern (Table 1.3). Since each instrument is 

constructed to represent different types of variety trial information and likely explain different 

aspects of adoption, this result is not too alarming (i.e., if one instrument is invalid, it does not 

necessarily imply that all of the instruments are invalid) (Murray 2006). To investigate this 
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concern more fully, we conduct an extensive array of robustness checks including an alternative 

sisVIVE estimator that directly addresses this issue. 

 1.5.2 Data Driven IV Selection 

While we have economic justifications that support the validity of our instruments, the 

Sargan test indicates that some of the instruments lead to statistically different estimates on the 

impact of GM adoption compared to the others in the candidate instrument set. We also do not 

have ex-ante knowledge on which of the proposed instruments could violate the ER (i.e., we do 

not have complete knowledge about how producers use variety trial information to inform their 

on-farm decisions). 

To address this concern, we utilize a recently developed data-driven approach developed 

by Kang et al. (2016), sisVIVE, which uses a penalized regression for the second stage equation 

while having all of the instruments added as additional regressors. If some instruments violate 

the ER, they will have non-zero coefficients in the second stage equation. Imposing a penalty 

allows this modified second stage equation to be estimated, which otherwise faces perfect 

collinearity. Similar to penalized regressions such as Lasso or elastic net, the challenge is to 

estimate the tuning parameter that governs the degree of penalization. sisVIVE performs a K-

fold cross validation to select the optimal penalization parameter (λ). High values of λ impose a 

larger penalization and most of the instruments will be classified as valid while low values of λ 

will result in most of the instruments being classified as invalid.  

The results obtained from the sisVIVE estimator confirm the Sargan test results that some 

of the nine instruments are invalid. Table A.2 reports the estimates of λ and the corresponding 

estimates of the GM effect, number of invalid IVs, and invalid IVs. After the 10-fold cross 

validation, the optimal λ chosen was 24.7. Given this penalization parameter, three GM yield 
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gain (signal) and one number of years (noise) instruments were deemed valid by the sisVIVE 

estimator (single cumulative max yield R3, stacked cumulative max yield R2, multiple 

cumulative max yield R3, and multiple years in trial R3). This reaffirms the result that producers 

use different types of information (i.e., the signal and noise) to assess technology bundles 

overtime to inform their adoption decision. Moreover, the sisVIVE estimator results in a similar 

GM effect obtained from the preferred model at 20.3 b/a as illustrated in Figure 1.8. 
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Figure 1.8. GM effect point estimates obtained from alternative specifications. 

 
Note: Point estimates are reported at the 95% confidence interval with standard errors clustered by year. The (1) 
preferred specification and robustness checks including (2) data driven IV selection, (3) alternative subsets of 
instruments, (4) alternative measurement of instruments, (5) pest pressure covariates, (6) price ratio covariate, and 
(7) alternative GM adoption rates are all described in more detail in the text. 

 1.5.3 Alternative Subsets of Instruments 

Overidentification was assessed further by specifying additional models that limit the 

number of instruments. We consider six alternative subsets of the nine instruments from the 

preferred model. The first two subsets considered separate the signal from the noise: (3a) the 

yield differential instruments only versus (3b) the number of years only. In both cases the 

associated GM estimate remains stable (Figure 1.8), implying that both types of information can 

provide credible identification. It is worth noting, however, that the standard error is much larger 

for the model that only includes the number of years instruments, which suggests that, given a 

choice, one should construct the signal instruments. 

The next three subsets are based on instruments associated with the three distinct trait 

packages: (3c) single trait (four instruments), (3d) stacked trait (three instruments), and (3e) 

multiple trait (two instruments). We again find similar estimates compared to the preferred 
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model (Figure 1.8) suggesting that the evolution of GM technology does not need to be fully 

articulated in order to achieve credible identification. It is also worth noting that the standard 

error is much larger for the multiple trait model, suggesting some efficiency concerns associated 

with using later versions of the technology. 

The final subset considers more direct linkages between the technology and its initial 

regime, considering only the first regime-of-occurrence interactions for both the signal and the 

noise (3f): single trait in R1 (two instruments), stacked trait in R2 (two instruments), and 

multiple trait in R3 (two instruments). As with the other subsets above, we find stable results 

compared to the preferred model (Figure 1.8). Taken together, the results from our preferred 

model are robust to several restrictions on the number of instruments used, providing evidence 

that variety trial data can provide credible identification using more parsimonious models than 

our nine-instrument approach. 

 1.5.4 Alternative Measurement of Instruments 

Next, we focus on how the instruments are measured by maintaining the number of 

instruments at nine while altering their construction. First, we consider three alternative 

measurements: (4a) the max yield difference from the previous year, (4b) the mean yield 

difference from the previous year, and (4c) the cumulative mean yield difference from all 

previous years. These alternatives result in a similar GM effect ranging from 19.4-20.0 b/a 

(Figure 1.8), thereby suggesting that there are various credible ways that the yield signal can be 

measured from the variety trial data.  

We also consider whether the size of the signal matters by restricting attention to yield 

differences that are (4d) greater than zero b/a and (4e) greater than 15 b/a. In practice these 

variables are constructed by zeroing out any value in the yield differential variables that is less 
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than zero or less than 15 b/a and then re-estimate the model. For these alternatives, the GM effect 

again remains stable (Figure 1.8), suggesting that it is not necessary to distinguish between the 

size of the yield premium signal when constructing instruments. 

The final alternative we consider focuses on the trait category definitions by 

recategorizing (CB, RW, and HT) as a multiple trait variety (4f) given that two IR traits are 

present. Yet again the GM effect remains stable (Figure 1.8). 

 1.5.5 Pest Pressure 

While focusing on lagged within-trial differences implicitly controls for many 

confounding factors that vary at the location-year level such as weather, soil, and management 

practices (Figure 1.4), it remains possible that pest pressure may be an unmeasured confounding 

variable which would violate the EC assumption. We consider this by re-estimating the model 

with three proxy weather variables for pest pressure: two preseason (December to March) freeze 

exposure variables (between -40 to -20°C and between -20 to -5°C) and cumulative precipitation 

in June. These variables were constructed using the same weather data in the primary 

specification from PRISM Climate Group (2023). Weather variables were considered as proxies 

since weather outcomes can influence many aspects of key stages of insect development. For 

example, sustained freeze exposure can increase egg mortality, reducing the pest population 

during the growing season (Chiang 1973; Godfrey et al. 1995; Ellsbury and Lee 2004; Toepfer 

and Kuhlmann 2005; Trnka et al. 2007; Jaksons, Falkner and Moltchanova 2022). Another 

sensitive stage for corn rootworm specifically is egg hatch which occurs around June in the 

Midwest. Egg mortality increases during this time if there is heavy rainfall (Trnka et al. 2007; 

Aglasan, Goodwin and Rejesus 2023).  
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When proxy variables for pest pressure were included in the estimation, the GM effect 

increases only slightly from 19.6 to 21.4 b/a (Figure 1.8) which suggests that accounting for pest 

pressure does significantly impact our results. 

 1.5.6 Seed Price 

While it is unknown how exactly seed price is set, it has generally been observed that 

GM seed price increased substantially over the first decade of commercialization. This may be 

due in part to factors such as market concentration, intellectual property rights, and increased 

development costs (MacDonald, Dong and Fuglie 2023). Of interest to this study, is whether 

observed within-trial yield differences are considered when firms set their price, which could 

violate the ER assumption by linking our instruments to on-farm yield if the price effect does not 

solely operate through the adoption decision. We examine this possibility by incorporating a 

price ratio in the estimation constructed from price data for GM and non-GM corn seed collected 

from USDA NASS (2023). Since this data starts in 2002, missing ratios were interpolated back 

to 1996 using a linear trend regression. Including this ratio in the estimation results in a 

parameter estimate of 19.5 b/a (Figure 1.8) which suggests that it is not a major concern. 

 1.5.7 Alternative GM Adoption Rates 

The final alternative model we consider focuses on the potential measurement error that 

the GM adoption interpolation approach may be introducing. As discussed in the Data section, 

the GM adoption rates were obtained from USDA ERS (2025) from 2000-2010, and missing 

data was interpolated from 1996-1999. For the last robustness check, the preferred specification 

is re-estimated using a different GM adoption dataset that does not rely on interpolation in the 

first three years. This adoption data was obtained from Lee, Ji and Moschini (2022) and is 

constructed by Kynetec USA using farm-level observations of seed choices by U.S. producers. 
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Notably, Kynetec’s data begins in 1996. Re-estimating the preferred model using this data results 

in a GM effect of 19.0 b/a (Figure 1.8). Thus, we conclude that interpolating GM adoption rates 

for the years 1996-1999 has a negligible effect on the parameter estimates. 

 1.6 Conclusions 

Since adoption is an on-farm decision variable, it is empirically challenging to identify its 

effect on farm outcomes such as yield productivity due to endogeneity concerns. In this paper, 

we proposed a novel empirical approach that uses instruments constructed from extension 

information (i.e., variety trial data) to identify the effect of a new technology on farm yield. Our 

results indicate that failure to account for the endogeneity of the adoption decision results in a 

substantial upward bias in the estimated productivity gains. After correcting for this bias through 

our IV approach, the GM effect on yield remains large at 19.6 b/a. Although previous estimates 

in the literature may be biased upward, our results are inconsistent with the claim that GM corn 

does not increase productivity (Gurian-Sherman 2009; Hakim 2016; National Academies of 

Sciences Engineering and Medicine 2016). Instead, we conclude that the GM effect is 

quantitatively different but not qualitatively different. Moreover, this point estimate was robust 

to several alternative specifications including restrictions on the number of instruments used. 

This suggests that variety trial data can provide credibly identified results under more 

parsimonious models than our preferred approach. 

Quantifying realized yield gains from technology adoption remains an important issue in 

the agricultural economics literature. To our knowledge, this article is the first to use variety trial 

data to causally identify the effect of on-farm technology adoption on production outputs. 

Variety trial data has been used by agricultural economists to study yield performance (Qaim 

2003; Nolan and Santos 2012; Chavas, Shi and Lauer 2014; Nalley et al. 2016; Shew et al. 
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2021), management practices (Mulimbi et al. 2023), and to conduct climate change analysis 

(Lobell et al. 2011; Tack, Barkley and Nalley 2014; Tack et al. 2016). These previous studies 

help researchers understand the drivers of adoption (i.e., improved yield, disease resistance, etc.) 

but do not causally explain the on-farm effects of adoption. Our study demonstrates that variety 

trial data can bridge this gap in the methodology and is general enough to be applied in 

additional contexts (i.e., technologies, crops, and/or locations). 

Perhaps the greatest limitation of this approach stems from the current data management 

challenges associated with developing large scale field trial datasets. Generally, field trials are 

conducted under a larger institutional umbrella; however, the experiment stations where they are 

conducted tend to be decentralized. This is generally seen as a positive since experiment stations 

may conduct trials relevant to their local stakeholders, but this decentralization makes data 

management challenging. Each land-grant university (or CGIAR experiment station) has their 

own procedure for collecting, storing, and publishing data (Hyman et al. 2017; Leonelli et al. 

2017). This results in a substantial amount of variability between data products (or reports) with 

respect to data quality, quantity, and format. Due to the heterogeneous nature of this data, a large 

amount of time and labor is often required to assemble and clean the data with this process 

becoming more complex as the scope of the analysis increases to include more states or countries 

(Brown et al. 2020).  

Open data and data sharing initiatives have increased interest in combining and reusing 

datasets in many academic fields including those under the agricultural umbrella (Hyman et al. 

2017; Leonelli et al. 2017; Finger et al. 2024). Notably, this study was possible, in part, due to 

other researchers sharing an existing dataset that they assembled and used in previous work 

(Nolan and Santos 2012). In some corners of the academic literature, there has been increased 
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recognition that field trial data can be applied to different research contexts (Reynolds et al. 

2017; Reynolds et al. 2012). Importantly, field trials are not only conducted for the sake of 

evaluating variety performance, but also trials are conducted to examine specific management 

practices (e.g., irrigation, seeding rates, fertilizer use, pesticide use, etc.). There may be 

opportunities to learn from other fields that have developed public databases of experimental 

data such as genomics, phenomics, and bioinformatics (Tardieu et al. 2017; Bolger et al. 2019; 

Esposito et al. 2019; McFarland et al. 2020) to enable researchers to take advantage of the large 

amounts of data produced from expensive field trials. 
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Chapter 2 - Effects of Warming on Cool-Season Pulse Varieties in 

North America 

 2.1 Introduction 

Climate change is expected to have detrimental impacts on agriculture and has already 

affected crop productivity globally (Ray et al. 2019; Ortiz-Bobea et al. 2021). More severe and 

frequent extreme weather events increase production variability and decrease productivity, 

threatening food security and rural livelihoods (Rosenzweig and Parry 1994; Lobell et al. 2008; 

Vermeulen, Campbell and Ingram 2012). The impacts of climate change are spatially 

heterogeneous and are expected to affect regions at lower latitudes more severely than those at 

higher latitudes. Similar to other temperate regions, projected climatic changes in the Northern 

Plains of the United States and western Canada include warmer temperatures, more frost-free 

days, and increased precipitation (Wienhold et al. 2018; Mapfumo et al. 2023). Some argue that 

warmer temperatures may benefit temperate regions through gains in productivity (Costinot, 

Donaldson and Smith 2014; Lesk, Rowhani and Ramankutty 2016; Jägermeyr et al. 2021; 

Helman and Bonfil 2022) or through the expansion of suitable land areas for production (Zabel, 

Putzenlechner and Mauser 2014; Yue, Zhang and Shang 2019; Manners, Varela-Ortega and Van 

Etten 2020; Heikonen et al. 2025). Others have found that the net effect of warmer temperatures 

on yield is negative despite reductions in cold damage providing some benefits to yields 

(Tolhurst and Ker 2025). Nevertheless, the impact of climate change on agriculture at high 

latitudes remains a topic of debate. 

Cool-season pulse crops have been characterized as resilient to weather extremes, such as 

heat, drought, excess water, and freeze exposure, under present-day climatic conditions (Cutforth 

et al. 2007). The impacts of future weather extremes on pulse crops such as field pea and lentil 
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are unknown as previous studies have focused on cereal grains and oilseed crops (e.g., barley, 

canola, corn, oats, soybean, and wheat) (Arthur and Abizadeh 1988; Kutcher, Warland and 

Brandt 2010; An and Carew 2015; Carew et al. 2018; Kukal and Irmak 2018; Morgounov et al. 

2018; Qian et al. 2018; Qian et al. 2019). In this study, we examine the impacts of abiotic stress 

on field pea and lentil yields in the high latitudes of North America. We focus a region that 

includes parts of the Northern Plains of the United States (Montana, North Dakota, Washington, 

and Idaho) and western Canada (Saskatchewan and Manitoba). In recent decades, this area has 

become a major production region for pulse crops, producing 30% of the world’s field pea and 

38% of the world’s lentil supply (FAO 2023). Field pea and lentil are consumed by low-income 

and high-income countries alike, serving as important sources of protein and nutrients in low- 

and middle-income countries (Joshi and Rao 2016; Joshi, Timilsena and Adhikari 2017; Khazaei 

et al. 2019) and used as ingredients in enriched protein foods and plant-based proteins in high-

income countries (Clément et al. 2018; Warne et al. 2019; Troya et al. 2022; Panescu et al. 

2023). Aside from their relevance to food security, pulses increase crop diversity in the region 

which is considered to be a climate change adaptation strategy (Degani et al. 2019; Hufford, 

Berny Mier y Teran and Gepts 2019; Bowles et al. 2020; Tamburini et al. 2020). 

Our approach combines variety-specific field pea and lentil yield observations with 

weather data to estimate yields as a function of observed weather. Then, we project yield 

outcomes under future climate scenarios. The yield observations were collected from a novel 

field trial dataset constructed from variety trial reports conducted in four U.S. states (Idaho, 

Montana, North Dakota, and Washington) and two Canadian provinces (Manitoba and 

Saskatchewan). This dataset includes over 18,000 observations from 796 field pea and 220 lentil 

varieties grown across 87 locations in the U.S. and Canada from 2001 to 2023. Additionally, 
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models are extended to estimate the impacts of weather and future warming on two quality 

measures (test weight and protein content). We identify temperature thresholds of 29°C and 

30°C for field pea and lentil, respectively, beyond which each additional degree day of extreme 

heat reduces field pea yield by 1.0% and lentil yield by 2.6%. Even after accounting for less 

freeze damage, the net effect of warming on field pea and lentil yields is negative (-6.8% to -

18.9%). Additional results find that the net effect of warming on field pea protein content is 

moderately positive (+2.5% to +5.6%) while the effect on field pea and lentil test weight is small 

and negative (-0.9% to -0.1%).  

 2.2 Methods 

 2.2.1 Data 

Since on-farm production data for field pea and lentil at the variety level was limited, a 

novel dataset was created from publicly available field trial reports from the largest producing 

field pea and lentil provinces in Canada (Manitoba and Saskatchewan) and states in the U.S. 

(Idaho, Montana, North Dakota, and Washington)2. In Canada, these trials were conducted 

through producer associations while trials in the U.S. were conducted through university 

experiment stations. In both cases, these trials were conducted using randomized control block 

design with the explicit goal of providing producers with independent and unbiased information 

on variety performance. Data was collected for field pea and lentil yield at the variety-location-

year level. Quality measures including test weight and protein content were collected at the 

variety-location-year level when available (this information was not collected at every trial). 

Additional information on agronomic practices including planting date, harvest date, and 

 
2 With the exception of Alberta because actual yield by location was not publicly available. Alberta Pulse Growers 

variety trial reports only included percent yield relative to a check variety and were aggregated by soil zone. 
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irrigation were collected at the location-year level. Irrigated field trials were not included in-

sample. We only included locations that appeared in the data for at least two years and cultivars 

that appeared for at least two trial years in-sample. This extensive data included 18,407 

observations, spanned 87 locations, 23 years, and included 376 field pea and 139 lentil varieties. 

The field trial data was combined with location specific weather data. Gridded daily 

maximum temperatures, minimum temperatures, and precipitation during the growing season for 

each location were obtained from Daymet at the 1x1 kilometer level (Thornton et al. 2022). The 

growing season was defined at the crop-location-year level and started on the day of planting and 

continued through the day of harvest. Planting and harvest dates were typically noted in the field 

trial reports. For location-years missing these dates, planting date predicted values were obtained 

by regressing the planting date on the longitude and latitude with year fixed effects (or a year 

trend). Similarly, harvest date predicted values were obtained by regressing the harvest date on 

longitude, latitude, and planting date with year fixed effects (or a year trend). Following 

Schlenker and Roberts (2009), a sinusoidal distribution was fit between the daily minimum and 

maximum temperatures to estimate exposure for each degree Celsius. These exposure variables, 

along with daily precipitation, were subsequently summed across the growing season. 

 2.2.2 Regression Models 

For field pea and lentil, the following model was estimated to obtain variety-specific 

weather effects on yield 

(2.1)  ( )1 ;ijt i j ijty t fα α α ε= + + + +ijtw β  

where ijty  was log yield for variety i at location j in year t. iα  and jα  were the variety and 

location fixed effects, respectively. t  was a linear trend, ( );f ijtw β  captured the potential 
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nonlinear effects of weather ijtw  on output, and ijtε  was the error term capturing unobservable 

output determinants. Variety fixed effects, iα , controlled for genetic changes induced by 

breeding efforts. Time-invariant and spatially-variant factors like soil type were controlled for 

using location fixed effects, jα . The trend variable t  controlled for any changes in best 

management practices over time. The standard errors were clustered by year because the error 

terms ijtε  were likely heteroskedastic and spatially correlated. 

The potentially nonlinear effects of weather on yield were obtained through estimating 

the following equation 

(2.2)  ( ) 2
1 2 3 4 5 6; ijt ijt ijt ijt ijt ijtf DDLow DDMedium DDHigh F P Pβ β β β β β= + + + + +ijtw β  

where ijtDDLow  were the degree days between 0°C and the lower threshold, ijtDDMedium  were 

the degree days between the lower and upper threshold, and ijtDDHigh  were the degree days 

above the upper threshold. Together, these variables provided a piecewise linear effect of 

temperature on yields. ijtF  was exposure in days to freezing temperatures and captured the 

potential benefits of warmer temperatures on yield, and ijtP  was cumulative precipitation. 

The predicted yield impacts under +1 and +2°C warming used the average weather at 

each location from 1994 to 2023 to calculate the change in yield relative to the baseline climate. 

The projected impacts were calculated as follows 

(2.3)  ( )100 1k
kimpact e − = − 

0w w β  

where k specified the warming scenario, kw  was the weather for the warming scenario k, 0w  

was the baseline average weather, and βwere the estimates obtained after estimating Equations 
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(2.1) and (2.2). kw  for each warming scenario were calculated by increasing the baseline 

weather by +1 and +2°C and recalculating the weather variables. 

Additional models (average temperature, average minimum and maximum temperatures, 

and step function) along with the preferred piecewise linear model were compared against a 

baseline model with no temperature information. The baseline model was specified as 

(2.4)  ( ) 2
1 2; ijt ijtf P Pβ β= +ijtw β . 

Next, the average temperature model was specified as 

(2.5)  ( ) 2 2
1 2 3 4; ijt ijt ijt ijtf P P AvgT AvgTβ β β β= + + +ijtw β  

where ijtAvgT  was the average daily temperature. The average minimum and maximum 

temperature model was specified as 

(2.6)  ( ) 2 2 2
1 2 3 4 5 6; ijt ijt ijt ijt ijt ijtf P P MinT MinT MaxT MaxTβ β β β β β= + + + + +ijtw β  

where ijtMinT  and ijtMaxT  were the daily minimum and maximum temperatures, respectively.  

To investigate the effects of weather on quality, the dependent variable in Equation (2.1) 

was replaced with log test weight and log protein. The effects on test weight were estimated for 

both field pea and lentil. Prior to estimation, a filter is applied to remove extreme outliers in the 

data. We only included field pea test weights less than 50 bu/lb and lentil test weights between 

30 and 90 bu/lb. The effects on protein content were estimated for field pea only due to limited 

observations of lentil protein content in the data. 

 2.3 Results 

Figure 2.1 shows the locations of the dryland field pea and lentil trials across the 

Northern Plains of the U.S. and western Canada. 68.5% of the trial locations in the data conduct 

both field pea and lentil trials with the remaining 26.0% and 5.5% conducting only field pea and 
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lentil trials, respectively. Field pea trials were conducted at 69 locations while lentil trials 

occurred at 54 locations between the years 2001-2023. We only included varieties that appeared 

in at least two trial years. There were 376 unique field pea varieties, and 139 lentil varieties 

present in the data. In Appendix B, Tables B.1 and B.2 provide in-sample location characteristics 

(e.g., number of years, first year, last year, number of cultivars, and number of observations) for 

field pea and lentil trials, respectively. Varieties were entered into trials by both public and 

private breeding programs. On average, a field pea variety was observed in a trial for 5.2 years 

and a lentil variety for 8.0 years. The number of years any variety was in a trial was wide ranging 

and spanned the number of years in the data from two to 23 years as shown in panel A of Figures 

B.1 and B.2. Panel B reflects that newer varieties have fewer trial years in the data and that 

newer varieties entered the trials up until the last year of the time series in 2023. On average, a 

field pea variety appeared in 6.6 trial locations per year while a lentil variety appeared in 6.2 trial 

locations per year. Substantial in-trial yield variation was observed for both field peas and lentils 

as shown in Figure B.3. 
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Figure 2.1. Map of in-sample field pea and lentil trial locations: 2001-2023. 

 
Notes: Data was collected from annual variety trial reports from Canada (Manitoba and Saskatchewan) and the U.S. 
(Idaho, Montana, North Dakota, and Washington). Variety trial reports were published by producer associations in 
Canada and university extension services in the U.S. 

The trial data was matched with daily weather information throughout the growing 

season for each location-year. Tables B.3 and B.4 report the yield (MT), growing season dates 

(e.g., seeding and harvest day of the year), and weather variables (e.g., daily minimum and 

maximum temperature, cumulative precipitation, and freeze exposure) by location for field pea 

and lentil, respectively. The growing season was specific to each location-year and was defined 

from seeding to harvest day. The average growing season for field peas was May 5 through 

August 20 and May 2 through August 25 for lentils. Characteristic of the Northern Plains of the 

U.S. and prairie provinces of Canada, Figures B.4 and B.5 show the considerable amount of 

variation observed in the weather data. 
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 2.3.1 Temperature Thresholds 

Following the procedure outlined in Schlenker and Roberts (2009), degree days were 

calculated using a sinusoidal interpolation of temperature exposure within each day. To capture 

the nonlinear effects of extreme heat exposure on field pea and lentil production, a piecewise 

linear model was specified and estimated using the degree day variables. The piecewise linear 

model incorporated three measures of temperature exposure: degree days between 0°C and the 

lower threshold, degree days between the lower and upper thresholds, and degree days above the 

upper threshold. For field pea and lentil, the minimum bound was set to 0°C, the minimum 

temperature for germination (Roberts et al. 1988; Ney and Turc 1993). Temperature thresholds 

were selected by minimizing the mean squared errors of the crop-specific regressions (Equation 

2.1). 

For field peas, the lower threshold was identified as 12°C and the upper threshold as 

29°C as reported in Table B.5. For lentils, the lower threshold was 6°C and upper threshold was 

30°C as reported in Table B.6. These thresholds were consistent with values reported in the 

literature from experimental settings (Kumar et al. 2021; Devi et al. 2023; Bhandari et al. 2020; 

Sita et al. 2017). Thus, extreme heat is crop-specific and occurs when temperatures are above 

29°C for field peas and above 30°C for lentils. These extreme heat thresholds are greater than 

those identified for barley (27°C), canola (25°C), and oats (27°C) and are similar to those 

identified for corn, flax, spring rye, soybean, and spring wheat (29-30°C) (Schlenker and Roberts 

2009; Robertson et al. 2013; Tolhurst and Ker 2025). This suggests that field pea and lentil may 

be relatively more heat resilient (or exhibit similar levels of susceptibility to heat stress) than 

other crops commonly grown in this region. Nevertheless, the extreme heat thresholds are less 

than those identified for crops more common to lower latitudes such as cotton, rice, sorghum, 
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and hard red winter wheat (32-34°C) (Schlenker and Roberts 2009; Tack et al. 2015; 

Bheemanahalli et al. 2016; Tack et al. 2016; Tack, Lingenfelser and Jagadish 2017; Miller, Tack 

and Bergtold 2021). 

 2.3.2 Nonlinear Temperature Effects 

The results from estimating the preferred piecewise linear model are reported in Table 

B.7. Log yield for both crops was regressed on the three degree day variables, freeze exposure, 

precipitation and its square, and a linear time trend. Cultivar and location fixed effects were also 

included. An additional degree day of extreme heat results in a 1.0% yield reduction for field pea 

and a 2.6% yield reduction for lentil. For field pea, an additional day of freeze exposure reduces 

yield by 3.5%. Freeze exposure was found to be positive for lentils, but this coefficient is not 

statistically significant. Precipitation was found to have positive effects for both field pea and 

lentil, however, excess water had negative effects on both crops as indicated by the precipitation 

squared coefficients. 

Out-of-sample comparisons were made to assess the predictive capability of the preferred 

piecewise linear model and additional models (average temperature and average minimum and 

maximum temperatures). The results in Table B.8 show that all models, apart from the average 

temperature model for field pea, reduce the root mean squared error relative to the baseline 

model with no weather information. 

Figure 2.2 shows the response of crop yield to temperature exposure is nonlinear and 

heterogeneous by crop. For field pea, additional days of extreme heat (above 29°C) and 

additional degree days between 12-29°C result in yield reductions while additional degree days 

between 0-12°C increases yield. Additional degree days between 0-6°C and of extreme heat 
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(above 30°C) result in lentil yield reductions and additional degree days between 6-30°C 

increases yield. 
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Figure 2.2. Nonlinear temperature-yield relationship for field peas and lentils. 

 
Notes: Graphs at the top of each frame display changes in log yield that occur if the crop is exposed for one day to a 
particular 1°C temperature interval. Dashed lines show 95% confidence intervals using robust standard errors 
clustered by year. Histograms at the bottom of each frame display the average temperature exposure among all 
locations in the data. 

 2.3.3 Yield Impacts Under Uniform Warming Scenarios 

To examine the overall impact of these varying effects, yield outcomes were predicted 

across uniform temperature changes from +1 and +2°C. Figure 2.3 shows that warming scenarios 

of +1 and +2°C results in net yield reductions for both crops. Under a +1°C warming scenario, 

field pea yield decreases by 6.8% while lentil yield decreases by 8.1%. A +2°C warming 

scenario results in a 15.7% reduction for field peas and 19.0% for lentils. Although warmer 

temperatures reduce exposure to damaging freeze, the effects of extreme heat persist and result 

in a net negative effect on yield. These reductions in yield are less severe than the estimated 

28.4% to 57.8% yield reduction on Canadian barley, canola, oats, and wheat reported by 

Tolhurst and Ker (2025). However, field pea and lentil losses are more severe than those 

associated with corn and soybean losses which range from no change to a 5.2% reduction 

(Tolhurst and Ker 2025) and hard red spring wheat which range from a 1.0% to 13.2% reduction 

in Manitoba (Carew et al. 2018).  
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Figure 2.3. Warming impacts on field pea and lentil yield across uniform changes in 
temperature. 

 
Notes: Estimated warming impacts are given as a percent change in yield relative to historical climate. Error bars 
show 95% confidence intervals using robust standard errors clustered by year. 

 2.3.4 Quality Impacts Under Uniform Warming Scenarios 

In addition to yield, we estimated the warming impacts on measures of quality, 

specifically, test weight and protein content. Field pea test weight ranged from 60.0-64.8 lb/acre, 

and lentil test weight ranged from 58.1-64.2 lb/acre as shown in Table B.9. Figure B.6 shows the 

spatial and temporal variation of field pea and lentil test weight. Due to limited lentil protein 

data, the warming impacts were estimated for field pea protein only. Table B.10 shows protein 

content by location which ranges from 18.2-26.8%, and Figure B.7 shows the variation of field 

pea protein.  

Using the optimal temperature thresholds identified in Tables B.5 and B.6, Equation 2.1 

was estimated again for test weight and protein. Table B.11 shows the results from estimating the 
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preferred piecewise linear model for test weights and protein content. Extreme heat has a 

negative effect on field pea test weight and a positive effect on lentil test weight, however, the 

temperature effects on test weight were not significant. For field peas, an additional degree day 

of extreme heat results in a 0.2% increase in protein content. We also find evidence that breeding 

efforts have increased pea protein annually by 0.6%. 

The overall warming impacts on field pea and lentil test weights are small and negative 

as shown in Figure 2.4. Under a +1°C warming scenario, field pea test weight decreases by 0.1% 

while lentil yield decreases by 0.4%. A +2°C warming scenario results in a 0.3% reduction for 

field peas and 0.9% for lentils. Overall, these findings suggest that warming has a small negative 

effect on field pea and lentil test weights. Figure 2.5 shows that warming has a net positive 

impact on field pea protein content. Under a +1°C warming scenario, protein content increases 

by 2.5% and a +2°C increases protein content by 5.6%. These results suggest that extreme heat 

has the opposite effect on yield and protein content in field peas. This is consistent with the 

agronomic literature which has found that higher temperatures lead to higher protein content 

(Walter et al. 2022) and other studies that have reported negative correlations between field pea 

yield and protein (Daba and Morris 2022; Franck et al. 2024).  

  



48 

Figure 2.4. Warming impacts on field pea and lentil test weight across uniform changes in 
temperature. 

 
Notes: Estimated warming impacts are given as a percent change in test weight relative to historical climate. Error 
bars show 95% confidence intervals using robust standard errors. 
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Figure 2.5. Warming impacts on field pea protein across uniform changes in temperature. 

 
Notes: Estimated warming impacts are given as a percent change in protein relative to historical climate. Error bars 
show 95% confidence intervals using robust standard errors. 

 2.4 Discussion 

The impact of climate change at high latitudes remains a topic of debate. We contribute 

to this discussion by constructing a novel cool-season pulses field trial dataset to examine the 

effects of warming on field pea and lentil in the high latitudes of North America. Overall, our 

findings suggest that future warming scenarios will have detrimental effects on field pea and 

lentil yields without adaptation. Although pulse crops are generally perceived as being resilient 

to heat stress, we find that extreme heat does result in yield losses. We identified an extreme heat 

threshold of 29°C for field peas and 30°C for lentils. An additional degree day above the extreme 

heat thresholds results in a 1.0% reduction in yield for field peas and 2.6% reduction for lentils. 
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The net effect of warming on yield and quality vary in magnitudes and directions. The net 

warming impact on field pea and lentil yields is negative (-18.9% to -6.8%). The impacts of 

warming on field pea protein content are moderately positive (+2.5% to +5.6%) while the effects 

on field pea and lentil test weight are small and negative (-0.9% to -0.1%). This suggests that 

there may be opportunities to offset negative yield impacts on farm revenue by constructing price 

premiums for field peas with elevated protein content (Mohammed et al. 2018; Franck et al. 

2024). Additionally, breeding effects and cultivar recommendations could be more tailored to the 

target market (i.e., peas for starch versus protein extraction) (Tao et al. 2017; Daba and Morris 

2022).  

Gains in productivity may be diminished through the impacts of climate change, 

requiring large investments in public research and development (Ortiz-Bobea et al. 2025). 

Improvements in cultivar genetics are an important climate change adaptation strategy that 

requires breeding program investment (Howden et al. 2007; Atlin, Cairns and Das 2017). 

Historically, these investments have resulted in increased productivity and planted acres of pulse 

crops in the U.S. Northern Plains and western Canada (Bueckert and Clarke 2013; Bolek and 

Gray 2019; Carew, Florkowski and Zhang 2013). However, our results suggest that existing 

varieties are not robust to heat stress and genetic traits that improve heat resilience should be 

prioritized to maintain (or increase) productivity. 
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Chapter 3 - Heterogeneous Effects of Yield and Quality for 

Herbicide Tolerant Lentil Varieties 

 3.1 Introduction 

Weeds are a significant biotic stressor globally causing up to 34% of crop losses—

equivalent to the losses from pathogens (16%) and animal pests (18%) combined (Oerke 2006). 

Aside from yield losses, weed interference can decrease grain quality, interfere with harvesting, 

and increase input costs associated with weed control (Soltani et al. 2017). In the United States 

and Canada, crops with traits for herbicide tolerance (HT) and chemical herbicides are the 

primary tools used for weed control (Brunharo et al. 2022). Since their commercialization in the 

mid-1990s, HT crops have improved yield levels and facilitated the adoption of conservation 

practices such as no till (Green 2012; Perry, Moschini and Hennessy 2016; Claassen et al. 2018; 

Dong et al. 2024). Traits for HT have been developed through either conventional breeding (e.g., 

mutagenesis) or genetic engineering (GE) techniques. Genetically modified (GM) crops are the 

most popular HT crop trait technologies (GM-HT) in North America. In the U.S., 90% of corn, 

96% of soybean, and 93% of cotton acres are planted with varieties containing at least one GM-

HT trait (USDA ERS 2025). In Canada, 95% of canola, 81% of soybean, and 88% of corn acres 

are planted with varieties containing at least one GM-HT trait (Danielson and Watters 2023). 

Notably, GM technology has generally been limited to crops grown for animal feed, fuel, or fiber 

due to concerns regarding unforeseen human and environmental risks (Herring and Paarlberg 

2016; Smyth 2017).  

For crops that are more commonly used for human food consumption, such as wheat, 

lentil, and rice, traits for HT have been introduced via conventional breeding methods. The most 

popular non-GM-HT crops have traits for imidazolinone (IMI) resistance and are sold under the 
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brand Clearfield (Tan et al. 2005; Mallory-Smith and Sanchez Olguin 2011). The adoption rates 

for Clearfield crops are less than those of GM-HT crops although the reporting on Clearfield 

adoption is limited. For example, in Canada, Clearfield wheat varieties only account for less than 

2% of insured planted wheat acres (Brunharo et al. 2022; Canadian Grain Commission 2024a). 

In the U.S. mid-South, 40% of the long-grain rice acres plant Clearfield varieties (Durand-Morat, 

Nalley and Thoma 2018; Durand-Morat and Nalley 2019). To our knowledge, lentil acres in 

Canada have the highest Clearfield adoption rate in North America with over 70% of insured 

lentil acres planting Clearfield in 2024 (Canadian Grain Commission 2024a).3 Although 

Clearfield lentil adoption in the U.S. is unknown, it may be reasonable to assume that it is lower 

than in Canada due to Clearfield seed cost being more expensive in the U.S. (Bourgault et al. 

2024). 

Lentils are an important source of protein and nutrients for individuals in low- and 

middle-income countries (Joshi and Rao 2016) and are more frequently being consumed by those 

in high-income countries in the form of enriched protein foods and plant-based proteins (Khazaei 

et al. 2019; Troya et al. 2022; Panescu et al. 2023). In the semi-arid region of western Canada 

and the Northern Plains of the U.S., lentil is commonly grown in a cereal-oilseed rotation under 

dryland conditions (Miller et al. 2002). This region of North America has become a globally 

relevant producer of lentils, producing 38% of the world supply and contributing to 54% of the 

export market (FAO 2023). Over the past two decades, harvested lentil acres in Canada have 

doubled, and in 2024, 3.6 million and 556,000 acres were harvested in Saskatchewan and 

Alberta, respectively (Statistics Canada 2025). In the U.S., acreage has more than doubled with 

acres expanding mainly in Montana and North Dakota where 690,000 and 162,000 acres were 

 
3 In 2024, 86% of lentil acres were insured (Canadian Grain Commission 2024a; Statistics Canada 2025). 
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harvested in 2024, respectively (USDA NASS 2025). This expansion in production is attributed 

to both genetic and agronomic improvements in lentil over the past several decades (Muehlbauer 

et al. 2006; Siddique et al. 2012). Including a lentil crop in a cereal-oilseed rotation provides 

several benefits such as improved soil quality, reduced disease incidence, and nitrogen fixation 

which reduces the amount of fertilizer required (Krupinsky et al. 2002; Zentner et al. 2002; 

Lupwayi and Kennedy 2007; Burgess, Miller and Jones 2012).  

On the other hand, lentil is particularly susceptible to weed infestation due to its short 

stature, slow development, and sparse canopy (Yenish et al. 2009; Brunharo et al. 2022). 

Management practices such as higher plant densities improve the ability of lentil to compete with 

weeds (McDonald, Hollaway and McMurray 2007; Baird, Shirtliffe and Walley 2009). There are 

limited chemical weed control options due to lentil’s sensitivity to herbicides and few herbicides 

control for both grasses and broadleaf weeds (Wall and McMullan 1994). Metribuzin is 

commonly used for broadleaf weed control (Cessna 1998); however, because of its phytotoxicity, 

it must be applied early in the growing season and crop injury may be exacerbated if growing 

conditions are stressful (e.g., drought, heavy rain, high temperatures, or freeze) (Bogdan n.d.).  

To improve weed control, the first Clearfield lentil varieties with IMI resistance were 

commercialized in 2007. IMI herbicides control many grass and broadleaf weeds and can be 

applied to a lentil crop during a wider time window in the growing season without crop injury. 

BASF’s Clearfield IMI resistant trait is bred into lentil varieties developed by the University of 

Saskatchewan Crop Development Center (CDC). Since Clearfield is bred into CDC varieties, 

which are developed using check-off levies collected by the Saskatchewan Pulse Growers 

Association, seed sales of these varieties outside Saskatchewan are subject to royalty fees 

including seeds sold in the U.S. (Bolek and Gray 2019). Thus, another open question is whether 
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the benefits associated with HT lentil adoption are revenue positive through increased yield 

and/or quality or are cost reducing through less input requirements. While our data preclude us 

from analyzing profitability directly, we can focus on both yield and quality outcomes thereby 

providing insights on production efficiencies.   

In this study, we investigate the HT effect on lentil quantity (yield) and quality (test 

weight) in the U.S. and Canada. Variety trial data that includes over 6,600 observations from 

2001 to 2023 is used to disentangle the relative output effects between conventional and HT 

lentil. Our main findings reveal the heterogeneous effects of HT on lentil output. First, we find 

that HT results in a yield penalty, decreasing lentil yield by 4.15%. Second, HT increases test 

weight by 0.52%. Third, under weather conditions more conducive to weed interference early in 

the growing season, HT increases yield by 3.44% for each day of extreme heat. Later in the 

growing season when weed interference impacts lentil quality, HT increases test weight by 

0.08% for each additional day of extreme heat. Taken together, HT technology in lentil provides 

risk reducing production benefits. 

The rest of the paper is organized as follows. The next section discusses the data and 

model estimation. The third section details the results as well as a series of robustness checks. 

Lastly, in the fourth section we offer some concluding remarks. 

 3.2 Methods 

Two main sources of data were used in the study: variety trial and daily weather data. 

Both data sets are described in the subsections below. To proxy for weed pressure, weather 

variables were constructed for two distinct time windows, the critical period for weed control 

(CPWC) and post CPWC. The CPWC for lentil and the procedure employed to estimate the 

preferred model are also detailed in the subsections below. 



55 

 3.2.1 Variety Trial Data 

North American pulse variety trial data was compiled and discussed in Chapter 2. Data 

was collected from publicly available field trial reports from the largest producing lentil 

provinces in Canada (Manitoba and Saskatchewan) and states in the U.S. (Idaho, Montana, North 

Dakota, and Washington).4 Figure 3.1 shows the trial locations included in the data. In Canada, 

these trials were conducted through producer associations while trials in the U.S. were conducted 

through university experiment stations. In both cases, these trials were conducted using 

randomized control block design with the explicit goal of providing producers with independent 

and unbiased information on variety performance. Data was collected for lentil yield and test-

weight at the variety-location-year level, in addition to variety characteristics such as market type 

and whether a variety was HT. To ensure a direct comparison between varieties, only market 

types with both conventional and HT varieties were included in-sample (e.g., large red, small 

red, extra small red, large green, medium green, small green, French green, green cotyledon, and 

Spanish brown). Additional information on agronomic practices including planting date, harvest 

date, irrigation, tillage, and previous crop were collected at the location-year level when 

available. All trials were assumed to be dryland unless irrigation was indicated. Irrigated field 

trials were not included in-sample. 

  

 
4 With the exception of Alberta because actual yield by location was not publicly available. Alberta Pulse Growers 

variety trial reports only include percent yield relative to a check variety and were aggregated by soil zone. 
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Figure 3.1. Map of in-sample dryland lentil trial locations: 2001-2023. 

 
Notes: Data was collected from annual variety trial reports from Canada (Manitoba and Saskatchewan) and the U.S. 
(Idaho, Montana, North Dakota, and Washington). Variety trial reports were published by producer associations in 
Canada and university extension services in the U.S. 

This extensive data included 6,612 observations, spanned 67 locations, 23 years, and 

included 174 conventional and 27 HT lentil varieties. Each year, the number of trials ranged 

from two to 34 and the number of cultivars ranged from seven to 70 as shown in Table C.1 in 

Appendix C. In 2007, the first HT cultivars entered the trials making up 7.0% of the cultivars 

that year, growing up to 40.4% of the cultivars over time (Table C.1). Tables C.2 and C.3 present 

summary statistics for lentil yields and test weights, respectively. Average lentil yield was 0.74 

MT/a with conventional and HT cultivars yielding 0.69 MT/a and 0.84 MT/a, respectively. 

Average lentil test weight was 60.71 pounds per bushel (lb/bu) and conventional and HT test 

weights were 60.83 and 60.48 lb/bu, respectively. There was a substantial amount of variation in 

lentil yield across locations, cultivars, and years as shown in Figure C.1 with yield increasing 
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over time. There was also meaningful variation in lentil test weight although test weight was 

relatively more stable over time (Figure C.1).  

 3.2.2 Critical Period for Weed Control 

The CPWC is the period when a crop must be kept weed free to prevent significant yield 

loss due to weed interference (Knezevic et al. 2002). For lentil, this period typically begins at the 

five-node stage and ends at the ten-node stage (Fedoruk, Johnson and Shirtliffe 2011) with a new 

node emerging every four to five days during the growing season (Saskatchewan Pulse Growers 

2023). Therefore, we defined the CPWC as beginning on day 20 and ending on day 50 after the 

observed planting date. Figure 3.2 shows a timeline using the average growing season in the data 

as an example. The average seeding and harvest dates observed in the data were May 2 and 

August 25, respectively. As mentioned above, the seeding and harvest days were typically noted 

in the trial reports. For location-years missing these dates, seeding date predicted values were 

obtained by regressing the seeding date on the location longitude and latitude with year fixed 

effects (or a year trend). Similarly, harvest date predicted values were obtained by regressing the 

harvest date on the location longitude, latitude, and planting date with year fixed effects (or a 

year trend). The average CPWC started on May 22 and ended on June 21. The average post 

CPWC was June 22 through August 25 or day of harvest. The seeding and harvest dates, as well 

at the CPWC and post CPWC, varied at the location-year level. 
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Figure 3.2. Timeline of average lentil growing season, critical period for weed control 
(CPWC), and post CPWC. 

 
Notes: The average growing season observed in the data was May 2-August 25. The CPWC began on day 20 and 
ended on day 50 after planting. The average CPWC observed was May 22-June 21, and the remainder of the 
growing season was defined as post CPWC. All the dates varied at the location-year level in the data. 

 3.2.3 Weather Data 

To explore some potential nuances of HT technology, the variety trial data was combined 

with location-year specific weather data to proxy for weed pressure. Environmental factors can 

either promote weed growth or create stressful conditions that make a crop less competitive. For 

example, heat (e.g., temperatures above 30°C) increases the growth rate of many weed species 

while warmer temperatures and drought can reduce crop competitiveness (Patterson 1995; Guo 

and Al-Khatib 2003; Sarangi et al. 2016). Remaining agnostic to the precise mechanism by 

which weather impacts weeds/lentil, weather variables for precipitation, beneficial lentil degree 

days, extreme heat, and freeze were created to assess the heterogeneous effects of HT. 

Gridded daily maximum temperatures, minimum temperatures, and precipitation during 

the growing season for each location were obtained from Daymet at the 1x1 kilometer level 

(Thornton et al. 2022). The temperature variables were calculated as degree days spent between 
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6-30°C and degree days above 30°C during the CPWC and post CPWC. Degree days 6-30°C 

captured the temperatures that were beneficial to lentil growth and development (i.e., increase 

lentil competitiveness against weeds). In contrast, degree days above 30°C captured temperatures 

that were detrimental to both lentil yield and test weight due to heat stress (i.e., decrease lentil 

competitiveness) (Chapter 2). The temperature variables were constructed at the daily level using 

sinusoidal approximation of temperature exposure between the observed temperature minimum 

and maximum and then summed across the CPWC and post CPWC time windows. Daily 

precipitation was also summed across the CPWC and post CPWC. Figure C.2 shows the 

substantial amount of variation among the weather variables. We also observed meaningful 

differences between weather during the CPWC and post CPWC in the data. 

 3.2.4 Model Estimation 

A fixed effects regression model was employed to estimate lentil yield performance for 

cultivar i at location l in year t: 

(3.1)  𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼𝑙𝑙𝑙𝑙 + 𝛽𝛽𝐻𝐻𝐻𝐻𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 

where 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 was yield measured in MT/acre for lentil type i, at location l, in year t. 𝛼𝛼𝑙𝑙𝑙𝑙 was the 

location-by-year fixed effects. The location dimension of the fixed effect controlled for factors 

such as soil type, climate, and location management practices while the year dimension 

controlled for changes to management practices over time. By crossing the location-by-year 

fixed effects, we were able to control for factors that vary at the location-year level such as 

weather, disease, pest pressure, and spatial differences in management practices. 𝐻𝐻𝐻𝐻𝑖𝑖 was an 

indicator variable that took on a value of one if the cultivar contained a trait for HT, and 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 was 

the error term that captured unobservable variables. 𝛽𝛽 was the primary effect of interest and was 
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the HT effect on lentil yield. Standard errors were clustered by year to account for the widest 

possible range of spatial correlation across all locations. 

To examine the HT effects on quality, we replaced the dependent variable, 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖, with test 

weight measured in lb/bu. Test weight is a measure of a grain’s density, or the weight of the 

grain packed in a specific volume (Canadian Grain Commission 2024b). Previous work has used 

it as a proxy for quality (Ko and Ramsey 2022). Thus, 𝛽𝛽 becomes the HT effect on lentil quality. 

Next, the model in Equation 3.1 was extended to include weather variables 𝑤𝑤𝑙𝑙𝑙𝑙 at the 

location-year level for two distinct time windows. By constructing proxy variables for weed 

pressure, we can disentangle the effects of HT under weather conditions more or less conducive 

to weed interference. The following regression model was estimated for both lentil yield and test 

weight: 

(3.2)  𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼𝑙𝑙𝑙𝑙 + 𝛽𝛽𝐻𝐻𝐻𝐻𝑖𝑖 + 𝛾𝛾𝐻𝐻𝐻𝐻𝑖𝑖𝑤𝑤𝑙𝑙𝑙𝑙 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖. 

There was limited information in the literature regarding weather variability and weed pressure 

in lentil production systems. Therefore, we estimated Equation 3.2 for each weather variable 

separately (e.g., precipitation, medium degree days, high degree days, and freeze for the CPWC 

and post CPWC windows). In addition to 𝛽𝛽 the HT effect on lentil yield, estimating Equation 3.2 

gives the additional parameter estimate of 𝛾𝛾, the effect of HT on lentil yield under conditions 

favorable/unfavorable to weed pressure. In addition to yield, Equation 3.2 is also estimated for 

test weight. 

 3.3 Results 

 3.3.1 HT Effect on Yield 

Variety trial data was used to estimate the effect of HT technology on lentil yield and test 

weight (Equation 3.1). The nuances of HT were assessed further by interacting the HT variable 
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with daily weather information during the CPWC and post CPWC (Equation 3.2). Table 3.1 

reports the effects of HT on lentil yield across several dimensions. We find a significant yield 

difference between conventional and HT varieties. On average, HT varieties decrease lentil yield 

by 4.15% (P < 0.01) (Table 3.1, model 1). Interacting HT with extreme heat (DD High) during 

the CPWC results in a positive effect on yield of 3.44% (P < 0.01) with an overall HT yield 

penalty of 5.33% (P < 0.01) (Table 3.1, model 4), similar to the homogenous effect. This result 

suggests that HT improves lentil yield outcomes when early season weed interference is high. 

Incorporating additional terms such as HT x Post CPWC DD High (model 10) and HT x CPWC 

Precipitation, HT x Post CPWC Precipitation, and HT x Post CPWC DD High (model 11) 

resulted in a stable HT x CPWC DD High estimate between 3.01-3.18% (P < 0.01) (Table 3.1). 

The interaction of HT with precipitation (model 2), medium degree days (model 3), and freeze 

(model 5) during the CPWC resulted in statistically insignificant effects and all interaction terms 

post CPWC (models 6-9) were not significant (P > 0.10) (Table 3.1). 
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Table 3.1. Effects of HT technology on log lentil yield (MT/a) across several dimensions. 

Variables 1 2 3 4 5 6 7 8 9 10 11 

HT -0.0415*** 
(0.0071) 

-0.0445** 
(0.0170) 

-0.1667* 
(0.0859) 

-0.0533*** 
(0.0072) 

-0.0490*** 
(0.0078) 

-0.0054 
(0.0251) 

-0.0383 
(0.0786) 

-0.0566*** 
(0.0094) 

-0.0420*** 
(0.0068) 

-0.0614*** 
(0.0089) 

-0.0699 
(0.0439) 

            
HT x CPWC 
Precipitation 

 0.0004 
(0.0015) 

        0.0030 
(0.0018) 

HT x CPWC DD 
Medium 

  0.0004 
(0.0003) 

        

HT x CPWC DD 
High 

   0.0344*** 
(0.0035) 

     0.0301*** 
(0.0047) 

0.0318*** 
(0.0075) 

HT x CPWC 
Freeze 

    0.0680 
(0.0426) 

      

            
HT x Post CPWC 
Precipitation 

     -0.0033 
(0.0020) 

    -0.0015 
(0.0021) 

HT x Post CPWC 
DD Medium 

      0.0000 
(0.0001) 

    

HT x Post CPWC 
DD High 

       0.0031 
(0.0018) 

 0.0020 
(0.0021) 

0.0020 
(0.0023) 

HT x Post CPWC 
Freeze 

        0.0195 
(0.0252) 

  

Year-Location FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R-Squared 0.8688 0.8688 0.869 0.8691 0.8689 0.8689 0.8688 0.8689 0.8688 0.8691 0.8692 

Observations 6,596 6,596 6,596 6,596 6,596 6,596 6,596 6,596 6,596 6,596 6,596 

Notes: Model 1 is the base scenario of a homogeneous HT effect on yield. Models 2-5 interacts precipitation, DD medium, DD high, and freeze during the 
CPWC with the HT variable. Models 5-9 interacts precipitation, DD medium, DD high, and freeze during the post CPWC with the HT variable. Model 10 
interacts the HT variable with DD high during the CPWC and post CPWC. Model 11 interacts the HT variable with DD high and precipitation during the CPWC 
and post CPWC. Standard errors are in parentheses and are clustered by year. *, **, and *** denote statistically significance at the 10%, 5%, and 1% level, 
respectively. 
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These results suggest that there was an overall yield penalty associated with planting a 

HT variety. However, for each additional degree day of extreme heat during the CPWC, the HT 

effect on yield was positive, nearly canceling out the yield penalty. This was consistent with two 

independent findings others have documented in the literature. The first being that the early 

establishment of weeds can result in weeds having a competitive advantage over crops, thereby 

reducing yield (Knott and Halila 1988; Kropff, Weaver and Smits 1992; Bosnic and Swanton 

1997). The second is that extreme heat increases the competitiveness of weeds in production 

systems and can further reduce yield if complete weed control is not achieved (Patterson 1995; 

Guo and Al-Khatib 2003; Sarangi et al. 2016; Landau, Hager and Williams 2021; Landau, Hager 

and Williams 2022).  

 3.3.2 HT Effect on Test Weight 

Table 3.2 reports the effects of HT on lentil quality (test weight) across several 

dimensions. HT varieties increase lentil test weight by 0.52% (P < 0.01) (Table 3.2, model 1). 

Interacting HT with extreme heat (DD High) post CPWC results in a positive effect on test 

weight of 0.08% (P < 0.01) (Table 3.2, model 8). This suggests that HT improves test weight 

outcomes when late season weed interference is high. Incorporating additional terms such as HT 

x CPWC DD High (model 10) and HT x CPWC Precipitation, HT x CPWC DD High, and HT x 

Post CPWC Precipitation (model 11) resulted in a stable HT x Post CPWC DD High estimate 

between 0.07-0.08% (P < 0.01) (Table 3.2). The interaction of HT with freeze during the CPWC 

(model 5) increases test weight by 0.70% (P < 0.05) and precipitation post CPWC (model 6) 

decreased test weight by 0.04% (P < 0.05) (Table 3.2). The interaction of HT with precipitation 

(model 2), medium degree days (model 3), and high degree days (model 4) during the CPWC 
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and medium degree days (model 7) and freeze (model 9) post CPWC resulted in statistically 

insignificant effects (P > 0.10) (Table 3.2). 
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Table 3.2. Effects of HT technology on log lentil test weight (lb/bu) across several dimensions. 

Variables 1 2 3 4 5 6 7 8 9 10 11 

HT 0.00524*** 
(0.00166) 

0.00844*** 
(0.00230) 

-0.00269 
(0.01037) 

0.00470** 
(0.00187) 

0.00447** 
(0.00183) 

0.00946** 
(0.00351) 

0.02200 
(0.01944) 

0.00153 
(0.00162) 

0.00518*** 
(0.00170) 

0.00155 
(0.00177) 

0.00290 
(0.00292) 

            
HT x CPWC 
Precipitation 

 -0.00038 
(0.00032) 

        -0.00005 
(0.00030) 

HT x CPWC 
DD Medium 

  0.00003 
(0.00004) 

        

HT x CPWC 
DD High 

   0.00157 
(0.00133) 

     -0.00012 
(0.00158) 

-0.00024 
(0.00154) 

HT x CPWC 
Freeze 

    0.00704** 
(0.00289) 

      

            
HT x Post 
CPWC 
Precipitation 

     -0.00038** 
(0.00018) 

    -0.00007 
(0.00021) 

HT x Post 
CPWC DD 
Medium 

      -0.00002 
(0.00002) 

    

HT x Post 
CPWC DD 
High 

       0.00076*** 
(0.00015) 

 0.00077*** 
(0.00013) 

0.00073*** 
(0.00014) 

HT x Post 
CPWC Freeze 

        0.00248 
(0.00224) 

  

Year-Location 
FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R-Squared 0.4965 0.4967 0.4967 0.4966 0.4968 0.4969 0.4968 0.4984 0.4965 0.4984 0.4984 

Observations 5,116 5,116 5,116 5,116 5,116 5,116 5,116 5,116 5,116 5,116 5,116 

Notes: Model 1 is the base scenario of a homogeneous HT effect on test weight. Models 2-5 interacts precipitation, DD medium, DD high, and freeze during the 
CPWC with the HT variable. Models 5-9 interacts precipitation, DD medium, DD high, and freeze during the post CPWC with the HT variable. Model 10 
interacts the HT variable with DD high during the CPWC and post CPWC. Model 11 interacts the HT variable with DD high and precipitation during the CPWC 
and post CPWC. Standard errors are in parentheses and are clustered by year. *, **, and *** denote statistically significance at the 10%, 5%, and 1% level, 
respectively. 
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These results suggest that HT varieties have small positive effects on test weight. This is 

consistent with other findings documenting that weed interference later in the growing season 

competes with lentil pod and seed development, reducing seed size and quality (Smitchger, 

Burke and Yenish 2012). The interaction effects between HT x CPWC Freeze and HT x Post 

CPWC Precipitation on test weight were more difficult to interpret since there is less literature 

documenting the interactions between weed pressure and quality.  

 3.3.3 Robustness Checks 

We scrutinize our results by conducting a series of robustness checks. Figures 3.3 and 3.4 

show the point estimates for the HT effect on yield and test weight, respectively, obtained from 

alternative specifications. We generally conclude that the HT effect on yield of -0.042 (P < 0.01) 

(Figure 3.3, model 1) and the HT effect on test weight of 0.005 (P < 0.01) (Figure 3.4, model 1) 

were robust across various specifications. 

Figure 3.3. Point estimates for the HT effect on yield from alternative specifications. 

 
Notes: Point estimates are reported at the 95% confidence interval with standard errors clustered by year. The 
preferred model and alternative specifications are described in more detail in the text. 
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Figure 3.4. Point estimates for the HT effect on test weight from alternative specifications. 

 
Notes: Point estimates are reported at the 95% confidence interval with standard errors clustered by year. The 
preferred model and alternative specifications are described in more detail in the text. 

Both tillage practices and crop rotations can impact weed pressure and crop yield. To 

investigate if these management practices change the HT effect, tillage and previous crop fixed 

effects were incorporated into Equation 3.1 and the model was re-estimated. In the data, tillage 

was an indicator variable that took on a value of zero if trials were conducted on no-till plots or 

one if trials were conducted on plots that were tilled. Previous crop indicates the crop that was 

grown on that plot before the lentil trial was conducted (e.g., barley, spring wheat, winter wheat, 

etc.). The inclusion of tillage and previous crop fixed effects resulted in a HT effect on yield of -

0.04 (P < 0.10) (Figure 3.3, model 2) and a HT effect on test weight of 0.01 (P < 0.01) (Figure 

3.4, model 2). From this we can conclude that the HT effect obtained from the preferred model 

was robust to these management practices. 

The remainder of the robustness checks consider various subsets of the data. We consider 

subsets that focused on side-by-side comparisons of conventional and HT varieties in the trials 

by dropping the years prior to HT entering the trials (2007) (model 3) and prior to HT becoming 
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common in trials (2010) (model 5). We also filtered out older cultivars that first appeared prior to 

HT (model 4) and prior to HT being common in the trials (model 6). The HT effect on yield 

(Figure 3.3) and test weight (Figure 3.4) remained stable across these alternatives.  

Next, we dropped varieties in the data that were not registered in Canada and varieties 

that were not adopted in Canada between 2008-2023. Both checks function to filter out more 

experimental varieties that entered the trials and focus on varieties that were more likely to be 

commercially available. The former functions to compare HT varieties with conventional 

varieties that have successfully been registered in Canada (i.e., demonstrated an improvement to 

yield, disease resistance, etc.) while the latter functions to compared HT and conventional 

varieties that have been adopted by producers. No such registry exists in the U.S., likewise, data 

on variety adoption rates were unavailable for the U.S. Lentil varieties registered in Canada were 

obtained from the Canadian Food Inspection Agency (2024). Lentil varieties adopted by insured 

acres in Canada were obtained from the Canadian Grain Commission (2024a) at the provincial 

level. The HT effect on yield (Figure 3.3, models 7-8) and test weight (Figure 3.4, models 7-8) 

remained stable. This further suggests that although variety trial data may include experimental 

varieties that appear in the trials for a limited number of locations or years, they do not 

significantly impact the results. 

The last set of robustness checks subsets the data into one province (Saskatchewan) and 

two states (Montana and North Dakota). Manitoba, Idaho, and Washington have less than 700 

observations each, thus, we did not subset these states. We observe small differences in the HT 

yield effects by state including -0.07 (P < 0.01) for Saskatchewan, -0.04 (P < 0.10) for Montana, 

and 0.05 (P > 0.10) for North Dakota (Figure 3.3, models 9-11). Similar differences in the HT 

effect on test weight were observed including 0.0001 (P > 0.10) for Saskatchewan, 0.0135 (P < 
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0.01) for Montana, and 0.0176 (P < 0.05) for North Dakota (Figure 3.3, models 9-11). Overall, 

the HT effect is robust to alternative specifications and subsets of the data. 

 3.4 Conclusions 

This study documents the heterogeneous effects of HT lentil technology. First, the HT 

effect impacts lentil quantity and quality differently decreasing yield by 4.2% and increasing test 

weight by 0.5%. Despite the overall yield penalty, producers may gain utility from the 

technology through risk protection (i.e., producers have more flexibility with respect to herbicide 

applications). Second, by interacting HT with weather variables to proxy for weed interference, 

we uncovered that extreme heat impacts lentil outcomes differently. During the CPWC, HT 

improves yield outcomes when weed interference is high. Post CPWC, HT improves test weight 

when weed interference is high. This further suggests that HT varieties have risk reducing 

benefits on production, and HT technology provides enhanced weed control at different points 

throughout the growing season.  

Our results offer initial insights into a crop-trait technology adopted by Canadian lentil 

producers. With farm-level data, more credible identification may be achieved. It is possible that 

the on-farm effects of HT lentil may be greater than those captured here since the management 

practices used in trial may not be reflective of management practices on-farm. Additionally, the 

benefits of HT lentil may manifest through changes in herbicide applications that may reduce 

herbicide costs.  

These findings highlight the importance of considering the linkages and compounding 

effects of biotic and abiotic stress when evaluating the efficacy of agricultural technologies. 

Climate change is likely to accelerate the growth and expansion of crop pests, diseases, and 

weeds, particularly in temperate regions at higher latitudes (Rosenzweig et al. 2001; Yang et al. 
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2024). Moreover, abiotic and biotic stress often occur simultaneously, limiting the opportunities 

for effective weed control. Our findings suggest that adopting HT lentil technology may be an 

important climate change adaptation strategy as warmer temperatures at higher latitudes not only 

impact lentil productivity directly (Chapter 2), but potentially indirectly through increased weed 

pressure.  
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Appendix A - From Field Trials to Farm Adoption: Identifying the 

Productivity Effect of On-Farm Technology Adoption 

Appendix Figure A.1. Number of corn varieties in trial data by trait: 1990-2009. 

 
Notes: Variety trial data was obtained from annual field trial reports published by university extension services. IR 
and HT refer to insect resistant and herbicide tolerant traits, respectively. GM varieties became commercially 
available in 1996—several years after entering the trials in 1992. By 2009, conventional varieties have largely 
disappeared from the trials. 
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Appendix Figure A.2. Spatial and temporal variation of corn yields on-farm (1980-2010) 
and in-trial by each trait category (1992-2009). 

 
Notes: County yield was calculated from production and area harvested data obtained from USDA NASS (2023) 
and trial yield was obtained from Nolan and Santos (2012). On-farm data varies at the county-year level and trial 
data varies at the variety-location-year level. 
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Appendix Figure A.3. In-sample spatial and temporal variation of on-farm corn yield by 
state: 1980-2010. 

 
Notes: County-level yield was calculated from production and area harvested data obtained from USDA NASS, and 
boxplots were constructed for each year.
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Appendix Table A.1. In-sample state-level GM corn adoption rates: 1996-2010. 

Year Iowa Illinois Indiana Kansas Minnesota Missouri Nebraska Ohio 
South 
Dakota Wisconsin 

1996 0.10 0.06 0.05 0.10 0.12 0.09 0.10 0.03 0.15 0.07 
1997 0.13 0.07 0.07 0.13 0.16 0.11 0.13 0.04 0.20 0.09 
1998 0.16 0.10 0.09 0.17 0.19 0.14 0.17 0.06 0.25 0.11 
1999 0.20 0.12 0.11 0.21 0.24 0.17 0.22 0.07 0.32 0.14 
2000 0.30 0.17 0.11 0.33 0.37 0.28 0.34 0.09 0.48 0.18 
2001 0.32 0.16 0.12 0.38 0.36 0.32 0.34 0.11 0.47 0.18 
2002 0.41 0.22 0.13 0.43 0.44 0.34 0.46 0.09 0.66 0.26 
2003 0.45 0.28 0.16 0.47 0.53 0.42 0.52 0.09 0.75 0.32 
2004 0.54 0.33 0.21 0.54 0.63 0.49 0.60 0.13 0.79 0.38 
2005 0.60 0.36 0.26 0.63 0.66 0.55 0.69 0.18 0.83 0.46 
2006 0.64 0.55 0.40 0.68 0.73 0.59 0.76 0.26 0.86 0.50 
2007 0.78 0.74 0.59 0.82 0.86 0.62 0.79 0.41 0.93 0.64 
2008 0.84 0.80 0.78 0.90 0.88 0.70 0.86 0.66 0.95 0.75 
2009 0.86 0.84 0.79 0.91 0.88 0.77 0.91 0.67 0.96 0.77 
2010 0.90 0.82 0.83 0.90 0.92 0.79 0.91 0.71 0.95 0.80 

Notes: Adoption rates from 2000-2010 were obtained from USDA ERS and rates from 1996-1999 were interpolated. Interpolation procedure is described in more 
detail in text.
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Appendix Figure A.4. Spatial and temporal variation of weather variables: 1980-2010. 

 
Note: Weather data was obtained from PRISM. Degree day bins were calculated from interpolation between 
minimum and maximum temperatures. Weather variables were observed at the county-level and boxplots were 
constructed for each year. 
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Appendix Figure A.5. Cumulative maximum corn yield in trials by technology and regime: 
1996-2010. 

 
Notes: Cumulative maximum yield variables were observed at the county-level and boxplots were constructed for 
each year. 
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Appendix Table A.2. Data driven IV selection results obtained from sisVIVE.  

Estimates of λ 
Estimates of GM 
Effect 

Number of Invalid 
IVs Invalid IVs 

39.22 19.56 0  
36.72 19.65 1 7 
35.86 19.67 2 2,7 
34.60 19.68 3 1,2,7 
28.98 20.03 4 1,2,5,7 
24.72 20.34 5 1,2,5,7,8 
12.06 26.28 6 1,2,5,7,8,9 
0.42 30.88 7 1,2,5,6,7,8,9 
0.00 31.01 8 1,2,4,5,6,7,8,9 

Notes: Estimated using the R package sisVIVE. Optimal λ=24.72. In the final column, the numbers correspond to 
the following instruments: 1= Single cumulative max yield R1 (b/a), 2= Single cumulative max yield R2 (b/a), 3= 
Single cumulative max yield R3 (b/a), 4= Stacked cumulative max yield R2 (b/a), 5= Stacked cumulative max yield 
R3 (b/a), 6= Multiple cumulative max yield R3 (b/a), 7= Single years in trial R1, 8= Stacked years in trial R2, 9= 
Multiple years in trial R3. 

  



95 

Appendix B - Effects of Warming on Cool-Season Pulse Varieties in 

North America 

Appendix Table B.1. In-sample field pea trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

       
Idaho       

Craigmont, ID 46.24, -
116.47 8 2012 2019 46 190 

Genesee (Kambitsch 
Farm), ID 

46.55, -
116.93 2 2011 2012 30 42 

Genesee, ID 46.55, -
116.93 15 2005 2022 91 315 

Moscow (Parker Farm), 
ID 46.74, -117 3 2007 2010 20 45 

Moscow, ID 46.74, -117 13 2007 2019 70 289 

Nez Perce, ID 46.23, -
116.24 3 2007 2009 27 62 

       
Manitoba       

Arborg, MB 50.91, -97.22 7 2011 2023 62 117 

Boissevain, MB 49.23, -
100.06 7 2010 2019 54 131 

Carberry, MB 49.87, -99.36 5 2017 2023 45 95 

Hamiota, MB 50.17, -
100.59 12 2010 2023 68 234 

Melita, MB 49.27, -101 12 2010 2023 68 241 
Morden, MB 49.19, -98.1 8 2010 2023 63 172 
Portage, MB 49.97, -98.29 5 2017 2022 46 114 

Roblin, MB 51.23, -
101.36 4 2017 2023 42 101 
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Appendix Table B.1 Continued. In-sample field pea trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

Souris, MB 49.62, -
100.26 3 2021 2023 30 61 

Swan River, MB 52.11, -
101.27 6 2018 2023 44 170 

Thornhill, MB 49.2, -98.23 5 2011 2015 33 81 
       
Montana       

Bozeman, MT 45.68, -
111.05 13 2008 2020 53 199 

Broadview, MT 46.1, -108.88 9 2011 2020 58 164 

Conrad, MT 48.17, -
111.95 14 2001 2023 121 368 

Creston, MT 48.2, -114.32 9 2008 2018 48 156 

Havre, MT 48.55, -
109.68 17 2007 2023 152 601 

Huntley, MT 45.9, -108.3 13 2001 2023 76 231 

Joplin, MT 48.56, -
110.77 3 2010 2012 22 43 

Moccasin, MT 47.05, -
109.91 21 2001 2021 128 518 

Richland, MT 48.82, -
106.05 15 2009 2023 158 651 

Sidney, MT 47.71, -
104.16 10 2001 2018 68 190 

       
North 
Dakota 

     

Arnegard, ND 47.81, -
103.44 3 2006 2010 16 26 

Carrington, ND 47.45, -99.12 22 2001 2023 237 909 
Crosby, ND 48.92, -103.3 8 2007 2016 27 80 
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Appendix Table B.1 Continued. In-sample field pea trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

Dazey, ND 47.19, -98.2 7 2006 2012 33 90 

Dickinson, ND 46.88, -
102.79 15 2001 2023 80 213 

Golden Valley, ND 46.94, -
103.84 4 2013 2016 13 31 

Hettinger, ND 46.01, -
102.66 13 2001 2023 103 323 

Langdon, ND 48.75, -98.39 21 2001 2023 142 447 

Mckenzie, ND 47.87, -
103.04 4 2012 2016 15 33 

Minot, ND 48.23, -101.3 14 2001 2023 136 414 

New Town, ND 47.98, -
102.49 4 2006 2010 18 37 

Powers Lake, ND 48.56, -
102.65 3 2006 2008 14 28 

Ray, ND 48.34, -
103.16 4 2006 2010 20 40 

Sheridan County, ND 47.58, -
100.34 2 2010 2013 6 12 

Stanley, ND 48.32, -
102.39 3 2008 2012 15 27 

Williston, ND 48.18, -
103.63 12 2001 2016 116 397 

Wishek, ND 46.26, -99.56 9 2004 2012 34 103 
       
Saskatchewan 

Avonlea, SK 50.01, -
105.06 3 2021 2023 21 54 

Codette, SK 53.16, -
104.01 3 2021 2023 21 54 

Glaslyn, SK 53.36, -
108.37 9 2011 2022 42 192 
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Appendix Table B.1 Continued. In-sample field pea trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

Hodgeville, SK 50.11, -
106.96 5 2011 2019 38 114 

Indian Head, SK 50.32, -103.4 8 2011 2019 38 181 

Kamsack, SK 51.56, -
101.89 5 2015 2019 33 124 

Limerick, SK 49.65, -
106.27 3 2015 2019 32 75 

Lucky Lake, SK 51, -107.15 8 2015 2023 38 178 

Meath Park, SK 53.43, -
105.37 8 2011 2019 38 178 

Melfort, SK 52.86, -
104.61 9 2011 2019 38 201 

Milden, SK 51.29, -
107.31 3 2011 2014 26 55 

Moose Jaw, SK 50.39, -
105.55 4 2020 2023 31 80 

Redvers, SK 49.57, -101.7 3 2021 2023 21 54 

Rosthern, SK 52.66, -
106.34 12 2011 2023 43 260 

Saskatoon (Skarsgard), 
SK 

52.14, -
106.69 2 2017 2019 30 52 

Saskatoon (Sutherland), 
SK 52.14, -106.6 12 2011 2023 43 232 

Saskatoon, SK 52.14, -
106.69 4 2018 2022 32 82 

Scott, SK 52.29, -
108.95 10 2011 2023 43 212 

St. Brieux, SK 52.63, -
104.89 4 2020 2023 31 80 

Swift Current, SK 50.29, -
107.79 12 2011 2022 43 265 

Yorkton, SK 51.21, -
102.46 3 2011 2014 26 59 
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Appendix Table B.1 Continued. In-sample field pea trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

Washington      

Dusty, WA 46.81, -
117.65 3 2011 2013 36 72 

Farmington, WA 47.09, -
117.05 5 2011 2023 57 122 

Palouse, WA 46.91, -
117.08 5 2011 2015 39 115 

Walla Walla, WA 46.08, -
118.31 7 2011 2021 84 181 

       
Total NA 23 2001 2023 376 12063 

Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). Min year is the first year a location appears in the data and max year is 
the last. Number of observations is the number of unique yield observations at a location. 
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Appendix Table B.2. In-sample lentil trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

       
Idaho       

Craigmont, ID 46.24, -116.47 8 2010 2019 43 149 
Genesee (Kambitsch 
Farm), ID 46.55, -116.93 4 2011 2014 30 71 

Genesee (Zenner 
Farm), ID 46.55, -116.93 2 2012 2013 24 35 

Genesee, ID 46.55, -116.93 13 2005 2022 41 179 
Moscow (Parker 
Farm), ID 46.74, -117 2 2007 2008 6 12 

Moscow, ID 46.74, -117 11 2007 2019 51 186 
Nez Perce, ID 46.23, -116.24 3 2007 2009 18 40 
       
Manitoba       

Hamiota, MB 50.17, -100.59 4 2015 2019 23 61 
Melita, MB 49.27, -101 4 2015 2019 23 61 
       
Montana       

Bozeman, MT 45.68, -111.05 12 2001 2020 39 122 
Broadview, MT 46.1, -108.88 2 2011 2013 20 25 
Conrad, MT 48.17, -111.95 14 2001 2021 40 146 
Creston, MT 48.2, -114.32 11 2008 2018 31 118 
Havre, MT 48.55, -109.68 15 2008 2022 61 223 
Huntley, MT 45.9, -108.3 11 2001 2019 36 123 
Joplin, MT 48.56, -110.77 3 2010 2012 21 45 
Kalispell, MT 48.23, -114.34 3 2005 2007 21 46 
Moccasin, MT 47.05, -109.91 19 2001 2020 68 312 
Richland, MT 48.82, -106.05 16 2008 2023 62 289 
Sidney, MT 47.71, -104.16 8 2001 2017 32 98 
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Appendix Table B.2 Continued. In-sample lentil trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

      
North Dakota      

Arnegard, ND 47.81, -103.44 4 2006 2010 18 29 
Carrington, ND 47.45, -99.12 19 2002 2022 44 256 
Crosby, ND 48.92, -103.3 7 2006 2013 25 78 
Dickinson, ND 46.88, -102.79 10 2011 2022 22 111 
Golden Valley, ND 46.94, -103.84 3 2013 2015 21 40 
Hettinger, ND 46.01, -102.66 12 2010 2022 33 174 
Mckenzie, ND 47.87, -103.04 3 2010 2014 17 26 
Minot, ND 48.23, -101.3 12 2005 2023 43 138 
New Town, ND 47.98, -102.49 5 2006 2010 22 49 
Powers Lake, ND 48.56, -102.65 2 2007 2008 11 17 
Ray, ND 48.34, -103.16 4 2007 2010 22 44 
Sheridan County, ND 47.58, -100.34 2 2010 2012 12 22 
Stanley, ND 48.32, -102.39 6 2008 2013 22 57 
Williston, ND 48.18, -103.63 10 2005 2015 45 273 
       
Saskatchewan      

Avonlea, SK 50.01, -105.06 2 2021 2023 17 30 
Elrose, SK 51.2, -108.03 9 2011 2023 50 220 
Hodgeville, SK 50.11, -106.96 6 2010 2019 49 162 
Limerick, SK 49.65, -106.27 6 2012 2019 49 165 
Lucky Lake, SK 51, -107.15 5 2015 2019 32 138 
Melfort, SK 52.86, -104.61 6 2011 2019 49 169 
Milden, SK 51.29, -107.31 4 2011 2014 41 112 
Moose Jaw, SK 50.39, -105.55 4 2012 2022 47 87 
Rosthern, SK 52.66, -106.34 12 2010 2023 50 284 
Saskatoon (Floral), SK 52.14, -106.69 4 2012 2021 43 89 
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Appendix Table B.2 Continued. In-sample lentil trial location characteristics. 

Location Coordinates 

Number 
of 
Years 

Min 
Year 

Max 
Year 

Number 
of 
Cultivars 

Number of 
Observations 

Saskatoon 
(Skarsgard), SK 52.14, -106.69 2 2017 2019 2 3 

Saskatoon 
(Sutherland), SK 52.14, -106.6 11 2010 2020 50 311 

Saskatoon, SK 52.14, -106.69 3 2015 2019 30 80 
Scott, SK 52.29, -108.95 6 2013 2022 41 144 
St. Brieux, SK 52.63, -104.89 3 2021 2023 17 44 
Swift Current, SK 50.29, -107.79 12 2010 2022 50 305 
       
Washington      

Dusty, WA 46.81, -117.65 3 2011 2013 28 57 
Farmington, WA 47.09, -117.05 5 2011 2023 33 83 
Palouse, WA 46.91, -117.08 5 2011 2015 33 89 
Walla Walla, WA 46.08, -118.31 7 2011 2021 41 117 
       
Total NA 23 2001 2023 139 6344 

Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). Min year is the first year a location appears in the data and max year is 
the last. Number of observations is the number of unique yield observations at a location. 
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Appendix Figure B.1. Number of trial-years for each field pea cultivar and its relation to 
cultivar release. 

 
Notes: The number of years each field pea cultivar appeared in the trials were counted and plotted in panel (A). The 
number of years were plotted against the year in which the cultivar first appeared in a trial as shown in panel (B). 
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Appendix Figure B.2. Number of trial-years for each lentil cultivar and its relation to 
cultivar release. 

 
Notes: The number of years each lentil cultivar appeared in the trials were counted and plotted in panel (A). The 
number of years were plotted against the year in which the cultivar first appeared in a trial as shown in panel (B). 
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Appendix Figure B.3. Spatial and temporal variation of field pea and lentil yield: 2001-
2023. 

 
Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). The data varies at the variety-location-year level. 
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Appendix Table B.3. Mean (standard deviation) growing season dates, yield, daily 
temperatures, cumulative precipitation, and freeze exposure at field pea trial locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min Temp 
(°C) 

Max Temp 
(°C) 

Precipitation 
(cm) Freeze 

        
Idaho        

Craigmont, ID 0.78 
(0.28) 

120.13 
(12.81) 

236.05 
(13.16) 9.08 (4.13) 23.06 

(6.38) 18.07 (5.61) 0.33 
(0.47) 

Genesee, ID 1.07 
(0.46) 

116.41 
(12.15) 

228.38 
(14.69) 9.43 (4.07) 24.28 

(6.65) 13.65 (4.25) 0.24 
(0.29) 

Genesee 
(Kambitsch 
Farm), ID 

1.55 
(0.16) 

126.44 
(1.5) 

231.59 
(2.5) 8.79 (3.59) 23.54 

(6.39) 13.74 (1.49) 0.09 
(0.12) 

Moscow, ID 0.9 
(0.4) 

121.34 
(10.61) 

240.04 
(21.37) 8.85 (3.76) 24.77 

(6.48) 11.44 (3.62) 0.23 
(0.26) 

Moscow 
(Parker Farm), 
ID 

0.59 
(0.37) 

124.29 
(6.27) 

235.18 
(4) 8.65 (3.63) 24.72 (6.6) 11.16 (3.07) 0.21 

(0.15) 

Nez Perce, ID 0.33 
(0.2) 

113.06 
(5.47) 

226.35 
(1.27) 7.7 (4.58) 23.21 

(7.16) 15.4 (4.6) 1.71 
(1.89) 

        
Manitoba        

Arborg, MB 1.85 
(0.53) 

135.11 
(4.35) 

238.89 
(7.89) 

11.81 
(4.23) 

23.47 
(4.67) 23.74 (7.55) 0.27 

(0.3) 
Boissevain, 
MB 

2.22 
(0.44) 

132.45 
(5.46) 

245.8 
(10.44) 

10.24 
(4.03) 

23.84 
(4.79) 26.55 (7.75) 0.31 

(0.36) 

Carberry, MB 2.13 
(0.64) 

128.82 
(2.69) 

236.75 
(5.06) 

10.51 
(4.63) 

24.69 
(5.17) 20.09 (5.12) 1.19 

(1.23) 

Hamiota, MB 1.84 
(0.51) 

131.59 
(5.67) 

244.98 
(12.49) 9.75 (4.38) 23.3 (4.99) 28.16 (8.83) 0.96 

(1.06) 

Melita, MB 1.76 
(0.43) 

125.37 
(6.62) 

226.51 
(10.24) 

10.55 
(4.71) 

24.38 
(5.27) 22.38 (7.74) 0.79 

(0.97) 

Morden, MB 1.8 
(0.48) 

133.57 
(9.02) 

243.76 
(13.93) 

11.79 
(4.26) 25.03 (4.8) 25.75 

(11.31) 
0.59 
(0.8) 

Portage, MB 2.16 
(0.43) 

139.56 
(9.46) 

238.22 
(6.94) 

12.43 
(3.97) 

25.04 
(4.62) 19.21 (5.91) 0.15 

(0.21) 
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Appendix Table B.3 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at field pea trial 
locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min Temp 
(°C) 

Max Temp 
(°C) 

Precipitation 
(cm) Freeze 

Roblin, MB 1.81 
(0.38) 

133.24 
(8.64) 

238.43 
(6.37) 9.49 (4.53) 23.19 

(5.21) 19.42 (5.87) 1.53 
(1.77) 

Souris, MB 2.91 
(0.62) 

136.54 
(5.76) 

244.62 
(3.76) 

11.54 
(3.99) 

25.43 
(4.78) 25.3 (5.17) 0.29 

(0.5) 
Swan River, 
MB 

2.03 
(0.51) 

134.74 
(4.8) 

239.5 
(5.46) 

10.37 
(4.23) 23.97 (4.8) 20.86 (4.9) 0.44 

(0.56) 

Thornhill, MB 2 
(0.42) 

128.37 
(5.29) 

234.58 
(4.65) 

10.75 
(4.44) 

23.28 
(5.09) 28.49 (5.58) 0.67 

(0.69) 
        
Montana        

Bozeman, MT 0.99 
(0.29) 

112.8 
(7.79) 

222.71 
(11.13) 6.65 (4.34) 22.74 

(7.01) 20.07 (4.61) 2.14 
(1.92) 

Broadview, 
MT 

0.56 
(0.24) 

106.57 
(8.34) 

224.37 
(8.27) 7.87 (5.04) 23.55 

(7.52) 24.88 (7.78) 2.56 
(2.07) 

Conrad, MT 1.15 
(0.43) 

116.87 
(11.05) 

227.67 
(13.1) 7.65 (4.45) 23.43 

(6.61) 15.73 (4.01) 1.68 
(1.9) 

Creston, MT 1.84 
(0.69) 

114.8 
(9.38) 

229.24 
(10.66) 6.77 (4.13) 23.63 

(6.77) 15.3 (7.47) 1.75 
(2.09) 

Havre, MT 0.99 
(0.31) 

108.57 
(5.74) 

211.46 
(13.86) 7.56 (5.16) 23.65 

(7.04) 15.6 (6.68) 2.34 
(1.94) 

Huntley, MT 0.87 
(0.39) 

102.16 
(15.73) 

212.08 
(9.62) 8.64 (5.63) 24.5 (7.76) 18.92 (6.76) 2.28 

(3.33) 

Joplin, MT 0.7 
(0.29) 

109.61 
(10.41) 

231.95 
(6.91) 6.95 (4.87) 22.36 

(7.27) 24.88 (3.66) 3.2 
(3.13) 

Moccasin, MT 0.82 
(0.3) 

108.09 
(9.32) 

217.31 
(11.79) 6.36 (5.13) 21.98 

(7.34) 20.98 (7.6) 3.79 
(2.67) 

Richland, MT 1.2 
(0.6) 

122.24 
(10) 

235.98 
(19.37) 8.26 (4.7) 23.78 

(6.08) 21.37 (9.36) 1.73 
(1.57) 

Sidney, MT 0.97 
(0.55) 

111.42 
(6.3) 

216.15 
(10.04) 9.54 (5.58) 24.89 

(6.66) 22.29 (8.63) 1.32 
(1.27) 
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Appendix Table B.3 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at field pea trial 
locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min Temp 
(°C) 

Max Temp 
(°C) 

Precipitation 
(cm) Freeze 

        
North Dakota        

Arnegard, ND 0.6 
(0.31) 

125.52 
(4.77) 

217.67 
(3.12) 

10.75 
(4.91) 

26.17 
(6.98) 20.38 (8.96) 0.46 

(0.63) 
Carrington, 
ND 

1.48 
(0.42) 

121.97 
(8.1) 

219.65 
(8.71) 11 (5.23) 23.91 

(5.87) 25.48 (8.44) 1.04 
(1.45) 

Crosby, ND 0.97 
(0.39) 

132.77 
(8.51) 

239.86 
(12.4) 

10.72 
(4.24) 24.53 (5.3) 25.04 (3.62) 0.41 

(0.5) 

Dazey, ND 1.49 
(0.38) 

121.9 
(11.04) 

217.26 
(11.04) 

10.73 
(5.18) 

23.77 
(5.75) 

27.45 
(12.43) 

0.74 
(1.6) 

Dickinson, ND 0.87 
(0.34) 

117.44 
(9.28) 

214.2 
(7.41) 9.26 (5.34) 24.23 

(6.49) 23.4 (6.67) 1.36 
(1.35) 

Golden 
Valley, ND 

1.05 
(0.3) 

132.94 
(6.52) 

242.13 
(8.21) 11.03 (3.8) 25.72 

(5.24) 25.27 (8.26) 0.32 
(0.51) 

Hettinger, ND 0.99 
(0.47) 

116.94 
(8.67) 

215.35 
(8.89) 9.34 (5.35) 24.66 

(6.66) 23.01 (8.66) 1.2 
(0.89) 

Langdon, ND 1.82 
(0.41) 

129.84 
(8.98) 

238.98 
(11.06) 

10.72 
(4.47) 

23.28 
(5.26) 30.2 (7.97) 0.67 

(0.9) 

Mckenzie, ND 0.89 
(0.25) 

128.69 
(5.33) 

231.08 
(7.42) 

10.93 
(4.47) 25.6 (5.51) 25.24 (0.64) 0.5 

(0.35) 

Minot, ND 1.2 
(0.35) 

127.96 
(15.37) 

233.08 
(18.27) 

11.47 
(4.66) 

25.01 
(5.54) 22.67 (9.9) 0.58 

(0.81) 
New Town, 
ND 

0.62 
(0.35) 

127.11 
(4.28) 

223.06 
(3.14) 

10.31 
(4.53) 26 (6.27) 17.99 (6.11) 0.48 

(0.49) 
Powers Lake, 
ND 

0.76 
(0.27) 

129.2 
(2.02) 

230.33 
(4.84) 

10.13 
(4.34) 

25.16 
(6.05) 21.16 (6.54) 0.44 

(0.49) 

Ray, ND 0.66 
(0.14) 

127.73 
(4.42) 

222.65 
(2.63) 

10.43 
(4.52) 

25.57 
(6.04) 19.83 (6.54) 0.43 

(0.67) 
Sheridan 
County, ND 

1.39 
(0.27) 

123.96 
(5.49) 

224.95 
(4.49) 

11.46 
(4.46) 

23.66 
(5.66) 31.2 (4.74) 0.43 

(0.22) 

Stanley, ND 0.97 
(0.18) 

128.11 
(6.4) 

232.64 
(6.82) 

10.02 
(4.41) 

24.43 
(5.74) 30.23 (3.42) 0.66 

(1.05) 
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Appendix Table B.3 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at field pea trial 
locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min Temp 
(°C) 

Max Temp 
(°C) 

Precipitation 
(cm) Freeze 

Williston, ND 0.94 
(0.36) 

118.89 
(6.11) 

213.45 
(6.69) 9.83 (5.34) 24.67 

(6.34) 18.55 (7.34) 1.15 
(1.39) 

Wishek, ND 1.02 
(0.36) 

120.31 
(11.39) 

219.18 
(11.23) 

10.12 
(5.62) 23.83 (6.2) 27.11 (7.63) 1.38 

(1.92) 
        
Saskatchewan        

Avonlea, SK 1.64 
(0.21) 

129.5 
(6.15) 

234.58 
(3.3) 9.89 (4.61) 25.6 (5.55) 16.01 (5.43) 0.99 

(1.39) 

Codette, SK 1.56 
(0.62) 

135.84 
(6.2) 

245.92 
(3.28) 

10.59 
(3.92) 

23.92 
(4.89) 15.3 (4.53) 0.54 

(0.93) 

Glaslyn, SK 1.43 
(0.32) 

130.58 
(6) 

247.34 
(5.17) 8.29 (3.8) 21.18 

(4.32) 31.2 (5.23) 0.88 
(1.28) 

Hodgeville, 
SK 

1.07 
(0.21) 

122.37 
(9.54) 

234 
(9.38) 8.76 (4.33) 23.9 (5.47) 20.98 (9.65) 1.62 

(2.74) 
Indian Head, 
SK 

1.32 
(0.35) 

124.31 
(7.84) 

232.63 
(7.44) 9.45 (4.55) 22.51 

(5.24) 24.19 (5.6) 1.27 
(2.29) 

Kamsack, SK 1.42 
(0.22) 

123.53 
(7.03) 

233.79 
(6.39) 9.03 (4.81) 22.67 

(5.15) 21.46 (6.97) 2.01 
(2.73) 

Limerick, SK 0.79 
(0.18) 

114.49 
(7.39) 

223.61 
(5.48) 7.44 (5.26) 23.3 (6.31) 17.55 (9.38) 3.28 

(3.09) 
Lucky Lake, 
SK 

0.79 
(0.21) 

123.43 
(8.37) 

234.78 
(6.17) 9.18 (4.6) 24.46 

(5.66) 16.8 (7.32) 1.54 
(2.16) 

Meath Park, 
SK 

1.33 
(0.43) 

129.97 
(7.92) 

245.03 
(7.91) 9.19 (4.08) 21.8 (4.57) 27.43 (5.7) 1.02 

(2.35) 

Melfort, SK 1.73 
(0.26) 

128.94 
(7.9) 

242.68 
(7.51) 9.26 (4.24) 22.19 

(4.66) 25.25 (6.89) 1.16 
(2.17) 

Milden, SK 1.06 
(0.16) 

129.01 
(3.56) 

239.34 
(3.77) 9.53 (4.04) 22.54 

(4.92) 26.28 (5.63) 0.49 
(0.54) 

Moose Jaw, 
SK 

1.18 
(0.29) 

128.86 
(5.61) 

235.43 
(2.95) 9.67 (4.72) 25.44 

(5.53) 13.48 (2.15) 1.21 
(1.28) 

Redvers, SK 0.83 
(0.14) 

130.85 
(6.2) 

232.25 
(3.69) 10.62 (4.7) 24.65 

(5.43) 
24.24 
(10.21) 

0.94 
(1.5) 
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Appendix Table B.3 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at field pea trial 
locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min Temp 
(°C) 

Max Temp 
(°C) 

Precipitation 
(cm) Freeze 

Rosthern, SK 1.53 
(0.39) 

129.05 
(7.86) 

242.73 
(6.76) 9.21 (4.14) 22.74 

(4.66) 24.15 (6.26) 1.09 
(1.9) 

Saskatoon, SK 1.74 
(0.36) 

130.37 
(5.11) 

242.46 
(2.68) 9.49 (4.32) 24.26 

(5.54) 16.52 (4.58) 1.06 
(1) 

Saskatoon 
(Skarsgard), 
SK 

1.3 
(0.32) 

117.72 
(9.02) 

230.33 
(5.51) 7.57 (5.09) 22.25 

(5.31) 18.13 (0.8) 3.25 
(4.24) 

Saskatoon 
(Sutherland), 
SK 

1.5 
(0.51) 

127.3 
(7.62) 

240.15 
(6.57) 9.29 (4.31) 23.47 

(5.08) 20.2 (5.29) 1.14 
(1.8) 

Scott, SK 1.2 
(0.35) 

126.89 
(7.98) 

241.39 
(7.13) 8.77 (4.05) 22.78 

(5.03) 22.3 (6.62) 1.08 
(2.02) 

St. Brieux, SK 1.3 
(0.46) 

133.39 
(5.17) 

243.45 
(2.87) 9.98 (4.13) 23.23 (5) 21.08 (4.09) 1.01 

(1.1) 
Swift Current, 
SK 

1.45 
(0.4) 

123.4 
(7.75) 

234.23 
(6.84) 8.94 (4.55) 24 (5.79) 18.35 (8.18) 1.42 

(1.79) 

Yorkton, SK 1.61 
(0.32) 

135.01 
(0.82) 

243.74 
(3.12) 10.59 (3.8) 22.82 

(4.43) 
29.97 
(10.37) 

0.19 
(0.33) 

        
Washington        

Dusty, WA 1 
(0.17) 

112.74 
(8.25) 

224.14 
(9.66) 8.33 (4.19) 24.99 

(6.74) 12.42 (5.91) 0.64 
(0.16) 

Farmington, 
WA 

1.04 
(0.25) 

122.54 
(7.68) 

232.81 
(7.27) 8.58 (3.79) 24.89 

(6.37) 11.55 (3.23) 0.36 
(0.41) 

Palouse, WA 1.15 
(0.21) 

119.21 
(9.84) 

230.69 
(7.95) 8.42 (4.09) 25.2 (6.6) 10.51 (1.93) 0.53 

(0.46) 
Walla Walla, 
WA 

1.13 
(0.63) 

107.87 
(8.36) 

218.77 
(6.74) 

11.43 
(4.68) 

26.81 
(6.65) 11.08 (5.72) 0.05 

(0.11) 
Notes: Yield, seeding day, and harvest day were obtained from variety trial data collected from annual field trial 
reports published by university extension services (U.S.) and producer associations (Canada). Seeding and harvest 
day is denoted by the day of the year (e.g., 138 is equivalent to May 19). Weather data was obtained from Daymet. 
Data varies at the variety-location-year level.  
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Appendix Table B.4. Mean (standard deviation) growing season dates, yield, daily 
temperatures, cumulative precipitation, and freeze exposure at lentil trial locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min 
Temp 
(°C) 

Max 
Temp 
(°C) 

Precipitati
on (cm) Freeze 

        
Idaho        

Craigmont, ID 0.53 
(0.28) 

123.65 
(9.2) 

244.58 
(11.69) 

8.89 
(3.9) 

22.98 
(6.13) 

18.26 
(5.58) 

0.32 
(0.38) 

Genesee, ID 0.58 
(0.19) 

117.27 
(9.21) 

235.01 
(16.82) 

9.54 
(4.04) 

24.36 
(6.53) 

13.34 
(4.21) 

0.32 
(0.63) 

Genesee 
(Kambitsch Farm), 
ID 

0.82 
(0.3) 

123.15 
(5.77) 

231.45 
(6.21) 

9.25 
(3.9) 

24.52 
(6.56) 

11.83 
(3.35) 

0.23 
(0.35) 

Genesee (Zenner 
Farm), ID 

0.61 
(0.25) 

101.94 
(9.96) 

229.87 
(3.49) 

8.35 
(4.76) 

23.12 
(7.56) 

18.94 
(0.81) 

1.76 
(2.14) 

Moscow, ID 0.54 
(0.33) 

124.27 
(8.28) 

252.01 
(14.34) 

9.05 
(3.56) 

25.31 
(6.14) 

10.21 
(2.14) 

0.21 
(0.3) 

Moscow (Parker 
Farm), ID 

0.47 
(0.17) 

121.82 
(6.01) 

237.42 
(2.5) 

8.63 
(3.67) 

25.13 
(6.62) 

10.12 
(3.51) 

0.23 
(0.21) 

Nez Perce, ID 0.22 
(0.13) 

115.45 
(4.47) 

229.8 
(3.28) 

7.97 
(4.45) 

23.6 
(7.1) 15.4 (4.6) 1.32 

(1.78) 
        
Manitoba        

Hamiota, MB 1.17 
(0.33) 

127.42 
(1.9) 

250.32 
(14.44) 

9.18 
(4.6) 23.03 (5) 29.46 

(9.71) 
1.42 
(1.06) 

Melita, MB 1.33 
(0.17) 

124.82 
(3.72) 

229.26 
(4.58) 

10.06 
(4.48) 

24.61 
(5.05) 

22.08 
(7.43) 

0.74 
(0.45) 

        
Montana        

Bozeman, MT 0.73 
(0.29) 

114.07 
(8.22) 

227.16 
(11.12) 

6.91 
(4.23) 

23.36 
(6.83) 

19.67 
(4.23) 

1.76 
(1.7) 

Broadview, MT 0.41 
(0.1) 

111.78 
(3) 

226.9 
(5.5) 

8.28 
(5.11) 

23.73 
(7.43) 32.3 (6.77) 2.45 

(1.65) 
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Appendix Table B.4 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at lentil trial locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min 
Temp 
(°C) 

Max 
Temp 
(°C) 

Precipitatio
n (cm) Freeze 

Conrad, MT 0.7 
(0.33) 

117.19 
(13.54) 

235.37 
(15.67) 

7.67 
(4.49) 

23.58 
(6.67) 

16.71 
(4.36) 

1.84 
(1.95) 

Creston, MT 0.93 
(0.35) 

114.98 
(8.64) 

240.25 
(10.19) 

6.75 
(3.99) 

23.58 
(6.8) 

17.03 
(7.28) 

1.78 
(1.88) 

Havre, MT 0.67 
(0.29) 

108.54 
(6.32) 

217.85 
(13.9) 

7.66 
(5.27) 

23.93 
(7.23) 

15.88 
(6.83) 

2.62 
(1.93) 

Huntley, 
MT 

0.38 
(0.18) 

104.82 
(13.44) 

219.99 
(10.97) 9 (5.41) 25.13 

(7.82) 
18.25 
(6.95) 

1.7 
(2.15) 

Joplin, MT 0.54 
(0.29) 

109.44 
(10.15) 

233.65 
(5.19) 

6.97 
(4.86) 

22.44 
(7.24) 

25.11 
(3.44) 

3.2 
(3.13) 

Kalispell, 
MT 

0.57 
(0.23) 

111.26 
(6.07) 

218.4 
(6.09) 

6.01 
(4.31) 

23.53 
(7.08) 19 (6.24) 2.21 

(1.8) 
Moccasin, 
MT 

0.54 
(0.22) 

109.21 
(9.76) 

222.72 
(13.04) 

6.59 
(5.04) 

22.25 
(7.25) 

22.12 
(7.62) 

3.46 
(2.49) 

Richland, 
MT 

0.59 
(0.29) 

121.46 
(10.89) 

242.87 
(22.32) 

8.06 
(4.85) 

23.59 
(6.34) 

22.14 
(10.12) 

2.37 
(2.3) 

Sidney, MT 0.54 
(0.28) 

111.57 
(6.34) 

217.96 
(11.52) 9.43 (5.5) 24.7 

(6.69) 
23.32 
(8.88) 

1.18 
(1.16) 

        
North 
Dakota 

       

Arnegard, 
ND 

0.72 
(0.41) 

125.09 
(4.09) 

222.32 
(7.83) 

10.14 
(4.96) 

25.57 
(6.6) 22 (8.01) 0.57 

(0.56) 
Carrington, 
ND 

0.82 
(0.31) 

125.59 
(8.7) 

235.01 
(18.65) 

11.4 
(4.87) 

24.36 
(5.52) 

25.78 
(11.51) 

0.67 
(0.77) 

Crosby, ND 0.67 
(0.31) 

135.49 
(5.5) 

239.38 
(16.76) 

11.22 
(3.98) 

24.96 
(5.47) 

24.15 
(8.14) 

0.17 
(0.33) 

Dickinson, 
ND 

0.78 
(0.26) 

122.32 
(11.84) 

223.66 
(9.7) 9.9 (5.14) 24.9 

(6.23) 
24.63 
(9.02) 

1.13 
(1.03) 

Golden 
Valley, ND 

1 
(0.29) 

132.85 
(7.29) 

259.91 
(16.99) 

10.32 
(4.33) 

24.6 
(5.95) 

33.15 
(8.01) 

0.81 
(0.51) 
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Appendix Table B.4 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at lentil trial locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min 
Temp 
(°C) 

Max 
Temp 
(°C) 

Precipitatio
n (cm) Freeze 

Hettinger, 
ND 

0.9 
(0.29) 

113.55 
(11.27) 

224.44 
(7.48) 

9.24 
(5.65) 

24.46 
(6.99) 25.99 (8.1) 2.25 

(2.75) 
Mckenzie, 
ND 

0.76 
(0.17) 

128.95 
(6.38) 

249.2 
(34.27) 

9.82 
(4.99) 

23.86 
(6.39) 

30.01 
(4.87) 

1.26 
(1) 

Minot, ND 0.72 
(0.26) 

128.26 
(8.66) 

237.94 
(17.21) 

11.33 
(4.44) 

25.07 
(5.45) 

24.03 
(10.32) 

0.51 
(0.84) 

New Town, 
ND 

0.67 
(0.28) 

127.96 
(4.11) 

226.32 
(6.77) 

10.03 
(4.5) 

25.55 
(6.1) 19.05 (5.8) 0.53 

(0.44) 
Powers Lake, 
ND 

0.64 
(0.08) 128 (1) 233.5 

(0.5) 
9.84 
(4.55) 

24.51 
(6.15) 

24.75 
(2.92) 

0.57 
(0.62) 

Ray, ND 0.71 
(0.2) 

127.97 
(4.4) 

228.86 
(9.01) 

9.89 
(4.66) 

24.65 
(5.82) 

23.15 
(3.88) 

0.63 
(0.68) 

Sheridan 
County, ND 

1.01 
(0.11) 

120.64 
(1.5) 

242.63 
(12.47) 

11.18 
(4.52) 

24.59 
(5.97) 

26.45 
(1.98) 

0.29 
(0.42) 

Stanley, ND 0.62 
(0.18) 

131.56 
(5.99) 

240.93 
(8.68) 

10.31 
(4.19) 

24.07 
(5.35) 

32.08 
(7.64) 

0.54 
(0.82) 

Williston, 
ND 

0.49 
(0.24) 

124.66 
(7.27) 

222.48 
(11.04) 

10.58 
(5.02) 

25.49 
(6.16) 

17.93 
(7.76) 

0.81 
(1.29) 

        
Saskatchewa
n 

       

Avonlea, SK 0.96 
(0.1) 

127.5 
(5.51) 

232.5 
(5.51) 

9.74 
(4.85) 

25.82 
(5.74) 11.8 (0.24) 1.35 

(1.75) 

Elrose, SK 0.68 
(0.2) 

127.57 
(4.03) 

243.47 
(5.82) 9.4 (3.91) 24.28 

(5.19) 
19.23 
(7.18) 

0.6 
(0.85) 

Hodgeville, 
SK 

0.91 
(0.23) 

125.02 
(4.22) 

244.37 
(2.25) 

8.96 
(4.12) 

23.27 
(5.32) 

27.08 
(6.43) 

1.23 
(0.89) 

Limerick, SK 0.6 
(0.16) 

123.57 
(3.79) 

236.52 
(6.62) 8.7 (4.45) 23.93 

(5.67) 
21.26 
(10.06) 

1.19 
(1.14) 

Lucky Lake, 
SK 

0.56 
(0.15) 

124.2 
(2.64) 

242.06 
(6.03) 

8.95 
(4.16) 24 (5.08) 19.46 

(9.49) 
1.07 
(1.15) 
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Appendix Table B.4 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at lentil trial locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min 
Temp 
(°C) 

Max 
Temp 
(°C) 

Precipitati
on (cm) Freeze 

Melfort, SK 1.16 
(0.34) 

130.6 
(3.62) 

248.52 
(5.14) 

9.35 
(3.72) 

22.33 
(4.26) 

23.29 
(5.67) 

0.37 
(0.36) 

Milden, SK 0.78 
(0.34) 

129.02 
(3.92) 

245.87 
(5.62) 

9.55 
(3.82) 

22.72 
(4.87) 25.85 (6.4) 0.33 

(0.18) 

Moose Jaw, SK 0.63 
(0.18) 

125.08 
(3.1) 

236.45 
(6.38) 

9.37 
(4.98) 

24.75 
(5.92) 

17.43 
(6.62) 

1.23 
(1.2) 

Rosthern, SK 1 (0.3) 129.86 
(3.92) 

247.66 
(6.09) 

9.31 
(3.98) 

22.78 
(4.88) 

25.12 
(8.87) 

0.78 
(0.85) 

Saskatoon, SK 0.87 
(0.28) 

125.7 
(0.96) 

241.88 
(5.48) 

8.64 
(4.29) 

23.18 
(4.72) 23.2 (6.4) 1.03 

(0.77) 
Saskatoon 
(Floral), SK 

0.87 
(0.33) 

125.71 
(1.93) 

242.56 
(6.05) 

9.44 
(4.42) 

23.34 
(5.43) 

23.35 
(8.31) 

1.18 
(0.87) 

Saskatoon 
(Skarsgard), SK 

1 
(0.36) 

126.05 
(1) 

242.8 
(6.51) 8.37 (3.9) 23.02 

(4.35) 
19.72 
(3.06) 

0.64 
(0.55) 

Saskatoon 
(Sutherland), SK 

1.01 
(0.34) 

127.89 
(3.37) 

246.55 
(5.48) 9.2 (4.03) 22.84 

(4.78) 
24.76 
(7.97) 

0.7 
(0.66) 

Scott, SK 0.79 
(0.21) 

127.32 
(3.21) 

249.39 
(5.8) 

8.74 
(3.94) 

22.89 
(4.99) 

21.32 
(5.66) 

0.83 
(0.88) 

St. Brieux, SK 1.18 
(0.37) 

132.35 
(4.06) 

243.88 
(6.63) 10.1 (4.1) 23.36 

(5.16) 
21.38 
(8.57) 

0.69 
(1.09) 

Swift Current, 
SK 

1.03 
(0.33) 

124.16 
(3.82) 

241.07 
(6.36) 

9.05 
(4.33) 

23.82 
(5.78) 

21.34 
(9.96) 

1.1 
(0.94) 

        
Washington        

Dusty, WA 0.52 
(0.23) 

114.66 
(3.65) 

234.77 
(5.01) 

8.69 
(4.08) 

25.88 
(6.69) 12 (4.98) 0.58 

(0.21) 
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Appendix Table B.4 Continued. Mean (standard deviation) growing season dates, yield, 
daily temperatures, cumulative precipitation, and freeze exposure at lentil trial locations. 

Location 
Yield 
(MT) 

Seeding 
Day 

Harvest 
Day 

Min Temp 
(°C) 

Max 
Temp (°C) 

Precipitatio
n (cm) Freeze 

Farmington, 
WA 

0.64 
(0.24) 

117.97 
(4.03) 

237.32 
(5.18) 

8.57 
(3.88) 

24.76 
(6.5) 13.2 (4.94) 0.37 

(0.38) 
Palouse, 
WA 

0.81 
(0.23) 

115.03 
(4.04) 

235.32 
(5.93) 8.43 (4.1) 25.13 

(6.68) 11.94 (3.17) 0.53 
(0.28) 

Walla 
Walla, WA 

0.48 
(0.26) 

112.34 
(3.85) 

231.31 
(6.44) 

12.1 
(4.56) 

27.84 
(6.49) 10.11 (5.67) 0.01 

(0.02) 
Notes: Yield, seeding day, and harvest day were obtained from variety trial data collected from annual field trial 
reports published by university extension services (U.S.) and producer associations (Canada). Seeding and harvest 
day is denoted by the day of the year (e.g., 138 is equivalent to May 19). Weather data was obtained from Daymet. 
Data varies at the variety-location-year level.  
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Appendix Figure B.4. Spatial and temporal variation of seasonal temperatures, freeze 
exposure, and precipitation by year in field pea trials: 2001-2023. 

 
Notes: Weather data was obtained from Daymet. Weather variables were observed at the location-level and boxplots 
were constructed for each year.  
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Appendix Figure B.5. Spatial and temporal variation of seasonal temperatures, freeze 
exposure, and precipitation by year in lentil trials: 2001-2023. 

 
Notes: Weather data was obtained from Daymet. Weather variables were observed at the location-level and boxplots 
were constructed for each year.  



118 

Appendix Table B.5. Optimal thresholds for field pea piecewise linear degree day model. 

Variables Thresholds Mean (SD) DDs Min DDs Max DDs 

DD Low 0-11°C 1093.30 (113.52) 802.33 1707.01 
DD Medium 11-29°C 694.49 (102.56) 385.90 1076.79 
DD High >29°C 11.73 (11.62) 0 98.71 

Notes: Thresholds were selected by looping over all combinations between 6-13°C for the first threshold and 27-
36°C for the second threshold. The optimal thresholds were selected by identifying the combination that maximized 
the R-squared in the preferred model.  

Appendix Table B.6. Optimal thresholds for lentil piecewise linear degree day model. 

Variables Thresholds Mean (SD) DDs Min DDs Max DDs 

DD Low 0-6°C 655.63 (81.77) 41.45 967.41 
DD Medium 6-30°C 1208.88 (165.6) 78.87 1694.8 
DD High >30°C 9.12 (10.01) 0 63.7 

Notes: Thresholds were selected by looping over all combinations between 6-13°C for the first threshold and 27-
36°C for the second threshold. The optimal thresholds were selected by identifying the combination that maximized 
the R-squared in the preferred model.  

Appendix Table B.7. Effects of abiotic stress on log field pea and lentil yield (MT/acre). 

Variables Pea Yield (MT/a) Lentil Yield (MT/a) 

DD Low 0.00142*** (0.00024) -0.00053 (0.00075) 
DD Medium -0.00075** (0.00035) 0.00066 (0.00047) 
DD High -0.00993*** (0.00291) -0.02586*** (0.00806) 
Freeze -0.03533** (0.01282) 0.01484 (0.01584) 
Precipitation (cm) 0.04637*** (0.01144) 0.02425** (0.01127) 
Precipitation Squared (cm) -0.00090*** (0.00021) -0.00058** (0.00021) 
Trend 0.00278 (0.00481) -0.00817 (0.00706) 
Cultivar Fixed Effect Yes Yes 
Location Fixed Effect Yes Yes 

R-Squared 0.6 0.45 
Observations 11,957 6,344 

Notes: Standard errors are in parentheses and are clustered by year. *, **, and *** denote statistically significance at 
the 10%, 5%, and 1% level, respectively. 
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Appendix Table B.8. Out-of-sample comparison of alternative specifications. 

 Out of sample RMSE (% reduction) 

Model Field pea Lentil 

Average temperature -0.01 0.57 
Average min/max temperatures 0.70 1.28 
Piecewise linear 4.95 3.14 

Notes: Root mean squared errors (RMSE) are reported as a percentage reduction relative to a baseline model that 
does not include any weather variables. Each model was estimated using 80% of randomly selected data from 
11,945 field pea observations and 6,343 lentil observations. Parameter estimates were then used to predict yields for 
the omitted 20% in each subsample. 
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Appendix Table B.9. Mean (standard deviation) field pea and lentil test weight by location. 

Location 
Field Pea Test 
Weight (lb/ac) 

Lentil Test Weight 
(lb/ac) 

   
Idaho   

Genesee, ID 64.7 (0.79) 61.35 (1.73) 
   
Manitoba   

Roblin, MB 60.01 (0.03) - 
Swan River, MB 60.01 (0.03) - 
   
Montana   

Bozeman, MT 64.5 (1.02) 64.15 (1.58) 
Broadview, MT 64.78 (1.06) 61.46 (1.9) 
Conrad, MT 64.39 (1.72) 60.25 (3.72) 
Creston, MT 63.89 (1.06) 61.43 (2.96) 
Havre, MT 62.4 (1.91) 63.05 (1.86) 
Huntley, MT 63.46 (2.3) 61.13 (2.61) 
Joplin, MT 63.06 (1.99) 59.85 (2.38) 
Moccasin, MT 64.17 (1.4) 62.66 (3.08) 
Richland, MT 63.6 (1.64) 62.1 (2.85) 
Sidney, MT 64.32 (0.91) 61.89 (2.04) 
   
North Dakota  

Arnegard, ND 62.52 (6.57) 61.31 (2.42) 
Carrington, ND 63.78 (1.25) 60.24 (2.86) 
Crosby, ND 62.83 (2.16) 60.64 (2.41) 
Dazey, ND 63.92 (1.03) - 
Dickinson, ND 64.42 (1.37) 60.76 (3.15) 
Golden Valley, ND 61.03 (2.84) 58.11 (4.81) 
Hettinger, ND 61.37 (2.52) 60.8 (3.32) 
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Appendix Table B.9 Continued. Mean (standard deviation) field pea and lentil test weight 
by location. 

Location 
Field Pea Test 
Weight (lb/ac) 

Lentil Test Weight 
(lb/ac) 

Langdon, ND 62.77 (1.56) - 
Mckenzie, ND 60.54 (2.52) 58.23 (5.39) 
Minot, ND 64.26 (1.93) 59.78 (3.74) 
New Town, ND 63.94 (1.37) 59.02 (7.98) 
Powers Lake, ND 63.82 (2.18) 60.68 (2) 
Ray, ND 63.66 (1.37) 61.51 (2.06) 
Sheridan County, ND 63.56 (0.55) 59.37 (2.25) 
Stanley, ND 64.68 (1.87) 60.86 (2.31) 
Williston, ND 64.1 (1.45) 61.38 (2.08) 
Wishek, ND 63.62 (1.07) - 
   
Saskatchewan  

Avonlea, SK 60 (0.03) 60 (0.05) 
Codette, SK 59.99 (0.04) - 
Elrose, SK - 60.02 (0.1) 
Glaslyn, SK 60.01 (0.03) - 
Hodgeville, SK 60.01 (0.05) 60.02 (0.05) 
Indian Head, SK 60.01 (0.04) - 
Kamsack, SK 60.01 (0.04) - 
Limerick, SK 60.02 (0.07) 60 (0.08) 
Lucky Lake, SK 60 (0.07) 60.01 (0.1) 
Meath Park, SK 60.02 (0.04) - 
Melfort, SK 60.01 (0.04) 60.01 (0.06) 
Milden, SK 60.01 (0.05) 60.03 (0.11) 
Moose Jaw, SK 60.01 (0.05) 60 (0.08) 
Redvers, SK 60.01 (0.06) - 
Rosthern, SK 60.01 (0.04) 60.01 (0.06) 
Saskatoon (Floral), SK - 60 (0.06) 
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Appendix Table B.9 Continued. Mean (standard deviation) field pea and lentil test weight 
by location. 

Location 
Field Pea Test 
Weight (lb/ac) 

Lentil Test Weight 
(lb/ac) 

Saskatoon (Skarsgard), SK 60.01 (0.03) 60.07 (0.09) 
Saskatoon (Sutherland), SK 60.01 (0.04) 60.01 (0.07) 
Saskatoon, SK 60.01 (0.04) 60 (0.06) 
Scott, SK 60.01 (0.05) 60.01 (0.08) 
St. Brieux, SK 60 (0.04) 60 (0.07) 
Swift Current, SK 60.01 (0.04) 60.01 (0.06) 
Yorkton, SK 60.02 (0.03) - 
   
Washington  

Farmington, WA 63.69 (1.09) 61.05 (1.93) 
Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). 

Appendix Figure B.6. Spatial and temporal variation of field pea and lentil test weight: 
2001-2023. 

 
Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). Data varies at the variety-location-year level. 
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Appendix Table B.10. Mean (standard deviation) field pea protein content by location. 

Location 
Field Pea Protein 
Content (%) 

  
Manitoba  

Arborg, MB 26.53 (2.25) 
Boissevain, MB 23.95 (2.42) 
Carberry, MB 25.35 (1.46) 
Hamiota, MB 24.38 (2.36) 
Melita, MB 24.1 (1.56) 
Morden, MB 25.19 (2.04) 
Portage, MB 24.85 (2.72) 
Roblin, MB 24.31 (1.32) 
Souris, MB 25.59 (1.6) 
Swan River, MB 23.84 (2.38) 
  
Montana  

Bozeman, MT 24.25 (2.68) 
Broadview, MT 23.34 (1.45) 
Conrad, MT 22.96 (3.09) 
Havre, MT 24.78 (2.52) 
Huntley, MT 20.55 (1.35) 
Moccasin, MT 24.92 (1.31) 
Richland, MT 24.8 (1.34) 
  
North Dakota 

Arnegard, ND 22.67 (0.72) 
Carrington, ND 24.46 (2.03) 
Crosby, ND 23.31 (2.87) 
Dazey, ND 24.17 (2.06) 
Dickinson, ND 26.41 (2.16) 
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Appendix Table B.10 Continued. Mean (standard deviation) field pea protein content by 
location. 

Location 
Field Pea Protein 
Content (%) 

Golden Valley, ND 23.93 (2.54) 
Hettinger, ND 26.32 (1.62) 
Langdon, ND 24.73 (1.9) 
Mckenzie, ND 26.81 (1.35) 
Minot, ND 25.17 (1.78) 
New Town, ND 22.98 (2.52) 
Powers Lake, ND 23.53 (1.56) 
Ray, ND 23.48 (1.12) 
Sheridan County, ND 22.68 (0.88) 
Stanley, ND 24.22 (1.23) 
Williston, ND 24.23 (2.99) 
Wishek, ND 24.69 (2.47) 
  
Saskatchewan 

Avonlea, SK 24.76 (1.01) 
Codette, SK 22.63 (0.6) 
Lucky Lake, SK 25.21 (0.59) 
Moose Jaw, SK 24.66 (0.79) 
Redvers, SK 19.73 (1.03) 
Rosthern, SK 25.72 (0.56) 
Saskatoon (Sutherland), SK 23.47 (1.56) 
Saskatoon, SK 23.68 (0.78) 
Scott, SK 23.85 (0.72) 
St. Brieux, SK 22.81 (0.85) 
Swift Current, SK 23.62 (0.72) 
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Appendix Table B.10 Continued. Mean (standard deviation) field pea protein content by 
location. 

Location 
Field Pea Protein 
Content (%) 

Washington 

Farmington, WA 20.28 (1.83) 
Walla Walla, WA 18.23 (1.5) 

Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). 

 
Appendix Figure B.7. Spatial and temporal variation of field pea protein: 2001-2023. 

 
Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). Data varies at the variety-location-year level. 
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Appendix Table B.11. Effects of abiotic stress on field pea and lentil quality measures (log 
test weight (lb/bu) and log protein (%)). 

  Test Weight (lb/bu) Protein (%) 

Variables Field Pea Lentil Field Pea 

DD Low -0.00004 
(0.00004) 

-0.00004 
(0.00008) 

-0.00009 
(0.00010) 

DD Medium 0.00001 
(0.00004) 

-0.00003 
(0.00004) 

0.00018 
(0.00016) 

DD High -0.00024 
(0.00030) 

-0.00004 
(0.00055) 

0.00204** 
(0.00094) 

Freeze -0.00090 
(0.00061) 

0.00109 
(0.00128) 

-0.00109 
(0.00520) 

Precipitation (cm) 0.00124* 
(0.00065) 

0.00125 
(0.00079) 

0.00484 
(0.00304) 

Precipitation Squared (cm) -0.00003** 
(0.00001) 

-0.00003* 
(0.00002) 

-0.00006 
(0.00006) 

Trend -0.00024 
(0.00024) 

-0.00009 
(0.00035) 

0.00575*** 
(0.00172) 

Cultivar Fixed Effect Yes Yes Yes 
Location Fixed Effect Yes Yes Yes 

R-Squared 0.7 0.51 0.6 
Observations 8,803 4,977 4,427 

Notes: Standard errors are in parentheses and are clustered by year. *, **, and *** denote statistically significance at 
the 10%, 5%, and 1% level, respectively. 
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Appendix C - Heterogeneous Effects of Yield and Quality for 

Herbicide Tolerant Lentil Varieties 

Appendix Table C.1. Number of trials, observations, cultivars, and percentage of HT 
cultivars per year. 

Year 
Number of 
Trials 

Number of 
Observations 

Number of 
Cultivars % HT Cultivars 

2001 5 35 7 0 
2002 2 19 13 0 
2003 2 21 19 0 
2004 2 23 20 0 
2005 6 116 35 0 
2006 8 130 37 0 
2007 13 189 43 6.98 
2008 18 197 36 16.67 
2009 17 220 35 17.14 
2010 26 435 52 23.08 
2011 31 685 70 17.14 
2012 34 672 65 18.46 
2013 32 565 61 22.95 
2014 28 523 58 25.86 
2015 26 468 59 27.12 
2016 23 443 69 26.09 
2017 23 415 63 31.75 
2018 21 356 53 37.74 
2019 23 419 64 32.81 
2020 15 228 47 40.43 
2021 15 202 41 39.02 
2022 14 154 39 35.9 
2023 8 97 37 32.43 

Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). 
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Appendix Table C.2. Summary statistics for lentil yields. 

Yield Observations Mean 
Standard 
Deviation 

Yield (All Trials) 6612 0.74 0.35 
Yield (Conventional Cultivars) 4706 0.69 0.34 
Yield (HT Cultivars) 1906 0.84 0.35 

Notes: Yields are reported in metric tons per acre. Variety trial data was obtained from annual field trial reports 
published by university extension services (U.S.) and producer associations (Canada). 

Appendix Table C.3. Summary statistics for lentil test weights. 

Test Weight Observations Mean 
Standard 
Deviation 

Test Weight (All Trials) 6612 60.71 2.42 
Test Weight (Conventional Cultivars) 4706 60.83 2.73 
Test Weight (HT Cultivars) 1906 60.48 1.68 

Notes: Test weights are reported in pounds per bushel. Variety trial data was obtained from annual field trial reports 
published by university extension services (U.S.) and producer associations (Canada). 
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Appendix Figure C.1. Spatial and temporal variation of lentil trial yield and test weight: 
2001-2023. 

 
Notes: Variety trial data was obtained from annual field trial reports published by university extension services 
(U.S.) and producer associations (Canada). Data varies at the variety-location-year level. 
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Appendix Figure C.2. Spatial and temporal variation of weather variables for CPWC and 
post CPWC: 2001-2023. 

 
Notes: Weather data was obtained from Daymet. Degree day bins were calculated from interpolation between 
minimum and maximum temperatures. Weather variables were observed at the location-level and boxplots were 
constructed for each year. Weather variable construction is described in further detail in the text. 
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