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ABSTRACT

THE IMPACT OF CLIMATE CHANGE ON CANADIAN AGRICULTURE: A PARCEL
LEVEL RICARDIAN ANALYSIS

Christopher Kimmerer Advisor:
University of Guelph, 2022 Professor Brady J. Deaton

The Ricardian approach is a popular method for estimating the impact of climate change

on agriculture. This approach uses a cross section of farmland values to estimate the relation-

ship between climate and agricultural production. Typically, Ricardian studies use county

average farmland value data. This requires researchers to aggregate climate and other data

up to the same level. By not controlling for sub-county variation in climate and farmland

values, the Ricardian approach could be influenced by county level unobservables. I use

a sample of plot level Canadian farmland values to estimates the first Ricardian impacts

of climate change on Canadian agriculture in over fifteen years. I specifically account for

sub-county variation within the dataset through the addition of county level fixed effects. I

find that the impact of climate change on Canadian agriculture over the next 60-80 years

will be small.
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1 Introduction

Over the last 25 years, economists have used the Ricardian approach to estimate the impact

of climate change on agriculture. First proposed in Mendelsohn et al. (1994), the Ricardian

approach is an alternative to crop-specific production models. The Ricardian approach

improves on other models by accounting for farmers’ abilities to adapt their growing strategy

in response to climate change. In its simplest form, the Ricardian approach uses the spatial

variation in climate across a region to estimate the marginal effect of climate on farmland

values; which are assumed to reflect expected returns on agriculture activities.

During my review of the literature, I identified two different streams of Ricardian studies.

The first approach applies this model to a new or seldom studied region. The second stream

investigates a theoretical or empirical issue that has influenced past results. In this thesis I

contribute to both streams. The main contribution of this study is to use a novel dataset of

parcel-level information on Canadian farmland to produce the first Ricardian estimates of

climate change in Canada in over 15 years. Additionally I investigate the influence of spatial

scale within the Ricardian approach by specifically accounting for sub-county variation within

the data.

The Ricardian approach has been applied in areas including North America, Africa, Asia,

and Europe (table 1 in De Salvo et al. (2014) provides an extensive list). Results suggest

that the impact of climate change will vary across different regions around the world. In

Europe, Fezzi and Bateman (2015) find positive impacts for British farmland while Bozzola

et al. (2017) report negative impacts in Italy. A significant amount of studies have focused

on the United States and results show likely damages to agriculture from climate change

(Deschênes & Greenstone, 2012; Hendricks, 2018; Schlenker et al., 2005). In Canada, only

three Ricardian studies have ever been conducted and the last Ricardian estimates were

published in 2003. Reinsborough (2003) found positive impacts although the results were
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deemed insignificant and Weber and Hauer (2003) suggest Canadian agriculture will benefit

from climate change. Shortly after, Mendelsohn and Reinsborough (2007) pooled U.S. and

Canadian data to find that impacts will be significantly different between Canada and the

United States.

Data availability may be one reason for the lack of concentration on Canadian agriculture

in the Ricardian literature. American studies typically use data on U.S. counties and estimate

models containing at least 1700 observations while other studies have used upwards of 2900

(Mendelsohn et al., 1994; Ortiz-Bobea, 2020). The equivalent to a U.S. county in Canada

is a census division (CD) area. There are approximately 300 total CDs in Canada including

large urban areas that are often removed from a Ricardian analysis. Reinsborough (2003)

was the last Canadian study to use CD level data. In total there were only 267 observations.

In their paper, Weber and Hauer (2003) suggested that the insignificant results found in

Reinsborough (2003) could be attributed to the ‘coarse’ spatial scale of the CD level data.

Instead, Weber and Hauer (2003) circumvent the low sample size by utilizing smaller spatial

data for farmland values at the 10km by 10km scale. In this thesis, I construct a dataset of

farm-level data to produce the first estimates for the impact of climate change on Canadian

agriculture in over 15 years.

Several concerns have been raised with the Ricardian approach since it’s inception. These

include inconsistencies in the results of Mendelsohn et al. (1994) across certain weighting

schemes, the inability to explicitly account for the costs of farmers’ adaptations, and the pres-

ence of omitted variable bias (Cline, 1996; Darwin, 1999; Kaufmann, 1998). Fortunately,

one stream of studies dedicated time to investigating these concerns. Schlenker et al. (2005)

studied the exclusion of irrigated land in the Ricardian approach. They found when separate

models are used for irrigated and non-irrigated farmland, inconsistencies across weighting

schemes disappear. The influence of omitted variables, like urban pressure, related to cli-

mate change were found to impact U.S. results. Ortiz-Bobea (2020) suggest the use of cash

2



rental data instead of farmland values to reduce the influence of non-farm omitted variables.

Another recent study, Severen et al. (2018), argue that land values already capture infor-

mation on climate change and the standard Ricardian approach overestimates the impact

of climate on land values. They suggest a new “forward-looking” Ricardian approach that

adjusts for market beliefs about climate change. For the purpose of this thesis, I focus on

how the spatial scale of data sources influences the Ricardian approach.

The Ricardian approach combines data on farmland values, historic and future climate

information, fixed land characteristics, as well as measures for urban growth. Data from a

countries’ Census of Agriculture is commonly used for farmland values. This data is most

readily accessible at the county or municipality level. Consequently, all other soil, climate,

and socio-demographic controls must be aggregated to the same geographic (county) level.

Currently, the impact of using aggregated data within the Ricardian approach is unknown. In

their review of the Ricardian literature, De Salvo et al. (2014) provide information on which

studies are conducted at the farm-level but do not provide any definition for what classifies

as ’farm-level’. To my knowledge, only three studies have used sub-county level data within

the Ricardian approach. Weber and Hauer (2003) use agricultural land values averaged over

10kmx10km grid in Canada and Schlenker et al. (2007) use data on actual farm plots from

a stratified sample throughout California. The effects of aggregation were not discussed in

either study. Fezzi and Bateman (2015) use 10kmx10km grid data from the UK to compare

how results change when data is aggregated to the county level. They find two interesting

effects. First, interaction effects between temperature and precipitation disappear when

county level data is used. Second, they also find that Ricardian estimates are statistically

different between county and farm-level data (Fezzi & Bateman, 2015). The results I present

in this thesis are not directly comparable to those of Fezzi and Bateman (2015). Instead,

I contribute to the literature by creating a novel dataset of farm-level data and extending

the standard Ricardian model to include county level fixed effects. Later, I provide a visual

representation comparing the spatial scale of this dataset to that of aggregated data sources
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and explain how including county fixed effects highlight the influence of aggregated data.

The rest of this paper is presented in the following manner. Section two will introduce

the theoretical underpinnings of the Ricardian approach and how it differs from previous

methods. In section three I explain the process behind creating the farm-level dataset used

in this thesis. I also compare the spatial scale of all data sources to those used in a typical

Ricardian study. Section four explains the empirical modelling and how to estimate Ricardian

impacts of climate change. In section five I present results for three separate models alongside

the first Ricardian impacts of climate change on Canadian agriculture in over 15 years. I

also investigate the sensitivity of these results to different sample and model specifications.

This paper concludes in chapter seven with a summary of study findings, current limitations

of the model, and suggestions for future research.
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2 Theory of the Ricardian Approach

In this section I illustrate the differences between the Ricardian approach and other economic

models of climate change to explain how previous methods do not account for farmers’ adap-

tation strategies and consequently overestimate the impact of climate change on agriculture.

Later, I develop a simple theoretical model of farmland values as it was first suggested in

Mendelsohn et al. (1994).

2.1 Accounting for Farmer’s Adaptation Strategies

Prior to the Ricardian approach, economic models studying the impact of climate change

on agriculture followed a method often described as the ”production function” approach

(Mendelsohn et al., 1994). These models use both empirical and experimental data to specify

a functional relationship between production inputs and crop yields. Being an important

factor determining plant growth, climate is assumed to have a hill-shaped or quadratic

relationship with crop yields. This reflects the idea that plant growth is optimal within a

range of temperature or climate and sub-optimal outside of this range. Figure 1 illustrates

how different levels of temperature impact crop yields using a production function approach.

For the crop wheat, there exists an optimal range of climate where yields are highest (point

B). Yields diminish as climate moves away from this optimal range (point C and F). When

assessing the impact of climate change using a production function approach, economists

interpret the reduction in crop yields resulting from a movement from point B to point C (or

F) as the expected damages from climate change. However, this overestimates the impact of

climate change by not properly accounting for the adaptation strategies available to farmers.

Consider a farmer who is currently planting wheat in their field at point B, when the

surrounding climate conditions change to a level at point C, the farmer will see reductions in
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Figure 2.1: Example of Farmers’ Adaptations (from Mendelsohn et al. (1994))
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yields resulting from sub-optimal growing conditions for wheat. Now consider that climate

shifts to the level at point F. The production function approach assumes the farmer continues

to plant wheat and experiences an even greater reduction in yields. In reality, it is unlikely

that the farmer continues to plant a crop in which the environment does not suit it’s optimal

growth. Instead, the farmer will adapt to a new growing strategy and plant a different crop

which is better suited for the new climate (in this example corn). Therefore, large damages to

crop yields are mitigated by switching to a different growing strategy. A production function

model does not allow changes in production functions. As a result, estimates for the impact

of climate change are usually large and negative. For example, Adams et al. (1988) modelled

production functions for soybean, corn, and wheat crops across the United States and found

aggregate annual estimates on the impacts of climate change to be around 6 billion to 33

billion U.S. dollars in damages (1982 dollars).

Alternatively, Mendelsohn et al. (1994) suggest that the use of farmland values in the

Ricardian approach accounts for farmers’ possible adaptations since it does not assume any

specific land use. They hypothesise that actual impacts are more moderate than those esti-

mated using a production function approach. In fact, their findings contrast the results found

in Adams et al. (1988) and suggest the annual impact of climate change is approximately $2

billion benefit to an $8 billion loss (1982 dollars).

2.2 The Theory of Farmland Values

In rest of this section I introduce the classical Ricardian model of farmland values as it was

first proposed in Mendelsohn et al. (1994) and emphasize how farmland values account for

a farmer’s adaptation strategies. In a perfectly competitive market, I assume farmers solve

the per acre profit maximizing problem:

πt(s, w, x, l, ct) = max
x

{s ∗ f(x, l, ct)− w ∗ x} (1)
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where w and s represent input and output prices, f is a crop specific production function,

x is a vector of crop specific inputs, and l and c are vectors for fixed land characteristics

and local climate experienced on a plot of land. To maximize profit, farmers choose input

levels for a certain production strategy based on the quality of their land and the local

climate conditions. I include a sub-scripted t to represent that profit maximizing activities

vary across time and farmers must consider the local climate at time t while choosing their

production strategy. Farmers bid a rental rate (r) to secure a plot of land. In equilibrium, r

will be equal to the highest possible profit produced on the land. The rental rate on parcel

p can be represented as:

rpt(s, w, x, cpt, lp) = max
x

{s ∗ f(x, lp, cpt)− w ∗ x} = πpt (2)

Unlike a production function approach, equation 2 does not impose any fixed production

strategies on a farmer. Instead, it assumes that farmers choose a production strategy to

maximize profit under the current periods’ climate. As climate changes from one period

to another so too will the profit maximizing activity. This is consistent with the intuition

explained in Figure 1 and shows how farmers adapt their production plans in response to

their surrounding climate. I include assumptions that farmers face the same commodity

prices, technology, as well as market access. These are commonly used in the Ricardian

literature and allow for the variation in rental rates to be driven only by climate and fixed

land characteristics.

I also assume that land is bought and sold in a competitive market. This ensures that

the price of a plot of farmland can be represented as the discounted stream of future rents

earned indefinitely:
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FVp(cpt, l) =
∞∑
t=0

rpt(cpt, lp) δ
t (3)

where δ = 1/(1 + γ) is a discount factor and γ > 0 is the discount rate. In equation 3,

differences in land values between plots are driven by changes in the rental rate over time.

To aid in the understanding it helps to imagine two plots of land that share the same fixed

land characteristics and climate in the current time period. Under all current assumptions,

both plots will have the same rental rate. Suppose that in future periods climate change

influences the growing conditions experienced by the two plots separately. If climate changes

so that one plot will be able to grow more profitable crops than the other, expected future

rental rates will differ. As a result, one plot will have a higher land values than the other.

One concern with using farmland values to estimate the impact of climate change is that

land use may change to non-farm uses some time in the future (for example, see point E in

figure 1). If true, land values will not reflect changes in agricultural rents but instead reflect

changes to non-farm uses and Ricardian estimates will be biased. To mitigate these effects,

I account for non-farm influences within the empirical model by controlling for measures of

both median total income and population density for the surrounding area. I describe the

method used to collect these control variables as well as all other data source in the next

section. Later, I also consider how results change if the study sample is restricted to areas

where farming is likely the dominant land use activity in the future.
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3 Data

This thesis is one of the only Ricardian studies to use sub-county level data to estimate the

impact of climate change on agriculture. It is also one of the only studies to ever apply the

Ricardian analysis in Canada. In this section I explain the methods used to construct this

novel dataset and present summary statistics for a selection of key variables. Compared to

other Ricardian studies that use county level data for farmland values, there is no need to

aggregate other data sources in this thesis. I provide a visual representation of the variability

in climate across a small region in Canada to show how farm and county level data differ. I

reserve full definitions for each variable used in this thesis to the appendix.

3.1 Agriculture Data

Farmland value data was provided by Farm Credit Canada (FCC). It includes transaction

records for a sample of farms sold across Canada during the year 2020. FCC is Canada’s

largest agricultural term lender who supports farmers all across Canada. A transaction is

recorded by FCC only when one of their existing loan holders is a vendor/purchaser of the

farmland. Most transactions include multiple plots of farmland with each plot having its

own location, land size, operation type, and sales value. For the purposes of this dataset,

transaction records are broken down into individual farmland plots so that every observation

corresponds to a specific plot of land. Therefore, some transaction records are spread out

across multiple observations within the dataset. Whenever a transaction occurs, FCC works

with the purchaser/vendor to assess the per acre value for each distinct piece of farmland. In

this thesis, I use the per acre amount agreed upon by both parties of the transaction. Each

per acre amount represents only the value of the farmland and does not include the value of

any buildings that may be on the property. Occasionally, a transaction occurs between two

parties who are not at “arms-length”. Typically, these transactions contain per acre prices
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that are not reflective of the true market value. I remove any observations that are not of

arms-length from the sample.

Each plot of farmland contains a set of coordinates (latitude and longitude) describing

its location within Canada. Using GIS software, a circular buffer was created around the

coordinate location of each plot. This buffer was generated to approximate the size of each

plot of farmland and to aid in the collection of land and soil characteristics around the farm.

3.2 Historical and Forecasted Climate Data

Climate information was collected from the Adapt West’s database on historical and pro-

jected climate data for North America. This dataset includes 36 different bio-climatic vari-

ables that explain the average historical climate experienced by farms during the period

from 1991-2020. Many recent Ricardian studies have used growing degree days and extreme

degree days for the major growing season (May-Sep) to estimate the impact of temperature

on farmland values. Degree days are defined by the sum of degrees above a lower temper-

ature threshold and below an upper temperature threshold for a specified number of days

(usually the growing season). They are based on agronomic literature suggesting that plant

growth is approximately linear in degree days within a range of 8-32◦C (Schlenker et al.,

2007). The Adapt West database only provides the number of annual growing degree days

above 5◦C and gives no measures for the growing season. As a result, I decide not to use

degree days and instead include average historical monthly temperature for four different

months throughout the year (January, April, July, October). These variables are compara-

ble to those used in previous Canadian studies and Mendelsohn et al. (1994). The use of

monthly climate variables also allows for marginal impacts of climate to be estimated for

different times throughout the year and provide estimates for the seasonal effect of climate

on agriculture. For precipitation, I also include the same four monthly average variables into
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the model. Later, I present results using the degree day variables provided by Adapt West

as a model sensitivity check.

Adapt West developed a new climate software, ClimateNA, that combines both historical

and future projected weather data. The historical climate information is accessed from

PRISM and WorldClim databases. Both datasets create maps of historical climate using

networks of meteorological stations around the world. Future climate projection data is taken

from the Coupled Model Intercomparison Project phase 6 (CMIP6) database corresponding

to the 6th IPCC Assessment Report (Wang et al., 2016). The primary goal of the ClimateNA

software is to provide accessible small spatial resolution data for research purposes. Current

historical climate data is available at a spatial resolution of 1kmx1km grids. Conveniently,

98.8% of all farmland in this sample is small than the 1km2 scale of the climate data, so

merging climate and sales data together was streamlined. The original source of Adapt

West’s historical weather data is comparable to what has been used in previous Ricardian

studies.

For this study, I use an ensemble climate forecast constructed by Adapt West to estimate

changes in farmland values resulting from future climate. This ensemble is comprised of 13

different general circulation models and constructs the average future climate for different

time periods under several emission scenarios. I use future climate averages for the thirty

year period of 2071-2100. Future climate data is available from Adapt West at the same

spatial scale as the historical climate data. Therefore, a similar process was used to merge

future climate information to each farms’ location. There is little consistency in the climate

forecast models used by past Ricardian studies. Instead, only the emission scenarios are

consistent. I present results using climate forecast data under the SSP2-4.5 emission scenario,

an intermediate level of future emissions. Later, I present results under other emission

scenarios. All SSP (shared socio-economic pathway) scenarios create projected climate data

by considering both expected future emissions levels as well as the expected cooperation
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between countries in mitigating these emissions. For more information about both historical

and future climate data used in this thesis please refer to Wang et al. (2016).

Variable Units Mean Std. Dev. Minimum Maximum

Per Acre Land Value $ 10061 43830.01 14.72 2058824

January Precipitation mm 46.35 38.25 6 322

April Precipitation mm 46.99 27.20 14 159

July Precipitation mm 77.59 19.10 17 130

October Precipitation mm 53.83 34.82 11 235

January Temperature ◦C -10.99 4.74 -20.7 5.3

April Temperature ◦C 4.83 1.69 0.6 10.6

July Temperature ◦C 18.48 1.74 13 23.1

October Temperature ◦C 6.02 2.42 0.7 11.7

CSD Population Density pop/km2 31.12 120.39 0.025 2070.84

Table 3.1: Summary Statistics for Select Variables

3.3 Other data sources

Soil information was collected from the Canadian National Soil Database (NSDB). This

database includes measures of soil quality and composition for almost all of Canada. For

each plot of farmland, a map of the farm’s buffer was overlay onto a map of soil polygons.

Varying in both size and shape, these polygons are comprised of several soil components.

Each component has slightly different soil quality and composition. The NSDB provides

no information on the location of soil components within a soil polygon. Therefore, an

average of the different components is calculated to get an overall measure of the soil quality

and composition within a soil polygon. Only the soil polygons that intersect with a farm

plot’s area buffer were used to generate a measure of the soil quality for that given plot.

In some cases, the buffer for a plot of farmland intersected more than one soil polygon. If

13



this occurred, soil data for each polygon was averaged, based on the proportion of the buffer

that intersected each polygon. Soil measures used in this analysis include variables for the

percent sand, silt, and clay of the soil as well as the slope, organic carbon levels, and bulk

density of the soil.

I also include measures of the socio-demographic activity surrounding each farmland

plot. Variables for both total median income and population density of the surrounding

area are included in the Ricardian approach to capture the impact of non-farm influences on

farmland values. This data was collected from the 2016 Census Profiles generated from the

2016 Census of Population in Canada. Information on both the census division (CD) and

census subdivision (CSD) levels was merged to the dataset. The results in this thesis are

presented using population and total median income measures at the CSD level.

3.4 Spatial Scale and Data Aggregation

I present Figure 3.1 and 3.2 to explain how aggregating data to the county level reduces

the total variation in climate across a geographical region. Both figures show the histor-

ical climate experienced during the months of April and July for several census division

areas (Canada’s equivalent to counties) in Southwestern Ontario. In Figure 3.1, I show the

variability in precipitation across Southwestern Ontario. Similarly, Figure 3.2 shows the

variability in temperature. Each map is colored to represent how climate differs from the

total sample average for each given month. I include small blue dots to show the location of

the farm level observations in this sample. These plots of farmland are scattered throughout

each census division area and capture a large portion of the variation in climate across the

entire region.

The process of aggregating data from the farm level up to the county level is quite straight

forward. Researchers use satellite images to understand where farmland is located within
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each county. Then, they construct a weighted average of the climate within the county only

for the areas used for farmland. The same process is repeated for all fixed land characteristics.

In both figures, I represent county level data observations using a large blue dot. This reflects

the idea that climate is averaged to a single point within each county. It is clear that there is

variation in climate within the counties of Southwestern Ontatio. This means that it may be

difficult for aggregate measures of climate to capture the true variability in climate over the

entire county area. Additionally, in order to use aggregated data in the place of farm level

data within the Ricardian approach, researchers must assume that results estimated at an

aggregate level reflect those that would be found at the farm level. Currently, there is little

evidence to suggest that this assumption does not hold. I discuss in the next section how

unobservable county level characteristics in farmland values could be influencing results in

studies that use aggregated data. I also explain how implementing county level fixed effects

into the Ricardian approach can account for this influence.
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4 Empirical Strategy

I estimate Ricardian impacts of climate change on Canadian agriculture using two distinct

steps. First, I regress historical climate and other control variables on a sample of Canadian

farmland values in order to estimate the marginal impact of climate on land values. Next, I

use information on future climate forecasts to estimate how changes in climate will impact

land values nationally. This section will discuss both steps in detail. Additionally, the use

of farm level data allows for the inclusion of county level fixed effects within the Ricardian

approach; which cannot be achieved using traditional data sources. I use this section to

explain how including county level fixed effects investigates the influence of spatial scale

within the Ricardian approach.

4.1 Regressing Farmland Values on Historical Climate

I create a generalized regression framework by extending the theoretical model of land values

from equation 3:

ln(FVimp) = β′ C imp + θ′ F imp + λ′ Nmp +MFE + P FE + u imp (4)

FV represents the farmland value of farm i, in county (Census Division level) m and

province p. The matrix of climate variables C contains information on the historic temper-

ature and precipitation levels experienced for each parcel of land. Additional squared terms

are included for each climate variable to allow for the effect of climate on land values to be

non-linear. This is also consistent with agronomic intuition suggesting that plant growth

is non-linear with respect to climate. Other variables are included (matrices F and N) to

control for the impact of fixed land characteristics (eg. soil quality and slope) and non-farm

18



influences (eg. income and population density) on land values. I provide a detailed definition

of each variable in the appendix.

To account for the proximity of some observations to one another, I use a generalized

method of moments (GMM) estimator developed by Kelejian and Prucha (1999) to estimate

a spatial error model (SEM). Commonly referred to as spatial correlation of disturbances,

I assume that model residuals are correlated for observations that are close in proximity

(Kelejian & Prucha, 1999). Under the presence of spatial correlation, the traditional ordinary

least squares estimator (OLS) is not efficient and both the t-statistcs and p-values estimated

under OLS are overstated (Schlenker et al., 2007). To implement an SEM, I assume that

the residuals in equation 4 can be represented in two parts:

u imp = δ Wu+ ϵ (5)

The first term captures the portion of the residuals that are spatially correlated. Using a

spatial weight matrix W , an additional parameter is estimated in the SEM. This parameter,

δ, is called the spatial autoregressive parameter and captures the degree of spatial autocorre-

lation that is present in the residuals of the model. The second term is an idiosyncratic error

that I assume is independently and identically distributed for all observations and follows a

distribution of N(0, σ2).

The spatial weighting matrix in equation 5 provides information on the relative distance

between two observations within the sample. The structure of this matrix is decided by the

researcher. There are many types of weighting matrices that can be used depending on both

the spatial nature of a dataset and the location information that is available for the data. For

this thesis, only latitude and longitude coordinates were given for each observation. I define

the spatial weight matrix using a procedure called inverse distance weighting. It weights the

relationship between two observations by calculating their relative distance then assigns a

19



weight to their relationship equal to the inverse of this distance. Using an inverse distance

weight assumes that the impact of spatial correlation between two observations declines as

the distance between them increases. I also assume that spatial correlation of disturbances

is not present for observations more than 200km apart. In a later section, I explore the

sensitivity of thesis’ results to alternative specifications for the spatial weight matrix.

The main function of the model in equation 4 is to estimate a set of climate coefficients

(β). This is a necessary step in estimating Ricardian impacts of climate change and also

provides useful information for how specific climatic features influence farmland values. In-

terpreting coefficients for the quadratic climate variables is not as straight forward as in

their linear counterparts. When evaluating the change in farmland values given a change in

climate, it is best to interpret using the following general form partial derivative:

∂FV

∂C
= β1C + 2 β2C (6)

For simplicity, equation 6 represents climate as one variable (C). It is necessary to

consider the direction of both terms while interpreting the effect of a change in climate

on farmland values. The coefficient for the linear climate term, β1, provides information

on the direction of the relationship between climate and farmland values. For example, if

β1 is positive then an increase in climate will have a positive effect on farmland values,

with the opposite being true if it is negative. The second coefficient, β2, explains how

the impact changes for different levels of climate. For example, if β1 is positive and β2 is

negative, then increases in climate will have a positive effect on farmland values but the

magnitude of this positive effect will decrease at higher levels of climate. In the next section,

I use the general form partial derivative in equation 6 to interpret several of the estimated

climate coefficients and show that model results reflect what standard agronomic intuition

suggests for the relationship between climate conditions and plant growth. I also compare
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the monthly climate coefficients to understand which season has the largest influence on

farmland values. Of course, the estimated climate coefficients could change under different

model specifications. One of particular interest given the spatial nature of this dataset is the

inclusion of county level fixed effects.

It is quite common to include fixed effects in the Ricardian approach (examples include

Hendricks (2018), Ortiz-Bobea (2020), Severen et al. (2018), and Weber and Hauer (2003)).

Fixed effects allow the researcher to control for unobserved characteristics that are shared

by a group of observations. In the Ricardian model, a good example of unobservable ef-

fects are provincial agricultural policies (Weber & Hauer, 2003). Farmland values may differ

across provinces depending on the agricultural policies implemented. Not controlling for

these effects assumes that the differences in farmland values are not driven by agricultural

policies and instead are driven by other factors that may already be included in the model.

The resulting bias depends on the correlation between the omitted effect and the included

regressors. One possibility is that the omitted effects are captured in the estimated climate

coefficients. In this case, estimates for the impact of climate change on agriculture will

be biased. For cross sectional studies, including fixed effects can be easily implemented.

Provincial fixed effects are achieved by adding a dummy variable for every province. This

allows for an individual intercept to be specified for observations within each province. The

addition of provincial fixed effects also change how variable coefficients are estimated. In-

stead of using the variation across the entire sample, coefficients are now estimated using

the within-province variation of the sample. Ultimately, if climate variable coefficients are

still significant after including provincial fixed effects, then climate is still considered a de-

termining factor of farmland values.

Ricardian models using traditional data sources can only include provincial/state fixed

effects due to the spatial scale of the data. Consequently, any county unobservable effects on

farmland values cannot be controlled for in the model. Similar to provincial fixed effects, if
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there are county effects that are correlated with climate variables then Ricardian estimates

could be biased. Additionally, if county level fixed effects are included within the model,

then variable coefficients will be calculated using the within-county variation in the sample.

Using farm-level observations in this thesis allows for the inclusion of county level fixed effects

within the standard Ricardian model. In the next section, I compare how model results differ

under three separate specifications: (1) a simple no fixed effects model, (2) a provincial fixed

effects model, and (3) a county fixed effects model. I also present how the Ricardian impacts

of climate change differ after accounting for county level fixed effects.

4.2 Estimating Ricardian Impacts of Climate Change

The final step to estimating the Ricardian impact of climate change on Canadian agriculture

requires calculating the change in predicted land prices resulting from climate change. Pre-

dicted values are calculated by first multiplying the climate coefficients estimated in equation

6 by the climate experienced at each observation. To allow for predicted land values to equal

the sum of all the multiplied terms, I assume that climate effects are additively separable.

Historical climate values are multiplied by the climate coefficients to estimate predicted land

values under the current climate conditions. The same process is followed when using pro-

jected climate data to estimate predicted land values under future climate conditions. The

resulting change in land values from climate change can be represented as:

∆F̂ V = F̂ V
F

i − F̂ V
H

i = β̂′CF
i − β̂′CH

i for i = 1, ......, N (7)

The difference in predicted land values under both conditions provides an estimate of

the per-acre expected impact of climate change on farmland values. It is important to

acknowledge the climate coefficients estimated in step one provide an impact of climate on

land values ’ceteris paribus.’ Therefore, predicted changes in land values do not reflect the
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influence of technology, prices, population, or other factors that influence farmland values

over time. Thus, estimated values are meant as a measure for the impact of climate change

on agriculture and cannot serve as predictions for true land values in the future.

Aggregated estimates for the impact of climate change on agriculture are calculated by

multiplying the average per-acre expected change in farmland values by the total area of

farmland:

Ricardian Impact =
N∑
i=1

¯∆FV ∗ LandArea (8)

According to the 2016 Canada Census of Agriculture there are approximately 160 million

acres of farmland in Canada (Statistics Canada, 2018a). In the next section, I present the

aggregate Ricardian impacts of climate change on Canadian agriculture for all three model

specifications and discuss how controlling for county level fixed effects influences impacts.
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5 Results

In this section I present regression results estimating the relationship between climate and

farmland values. Then, I present the aggregate Ricardian impacts of climate change on

Canadian agriculture. In both cases, I pay particular attention to how results change after

including county level fixed effects into the standard Ricardian model. I finish this section

with a series of sensitivity tests to see if the results of this thesis are robust to different model

specifications.

5.1 Primary Model Results

I report the findings of three separate models in table 5.1. Model 1 reports coefficients using

a simple estimation approach where no fixed effects are included. Model 2 accounts for

any provincial level influences on land values by including provincial fixed effects. Finally,

I estimate a third model adding county level fixed effects into the Ricardian approach. All

models regress climate, soil and other control variables on logged transformed farmland

values. To aid interpretability, I multiply all model coefficients by 100. Generally, a one

unit increase in regression coefficients results in a percentage change in a log transformed

dependent variable. Climate and urban control variables enter into each model with both

a linear and quadratic term. I also subtract the mean from all climate variables to help

with both interpretability and to remove some colinearity concerns that arise when multiple

monthly variables are included (Schlenker et al., 2007). Conveniently, the linear expression

for each climate variable can be interpreted as the marginal effect of climate at the sample

mean. The squared term describes how this effect changes as climate moves further away

from the mean (Mendelsohn et al., 1994). The direction, magnitude, and significance of both

the linear and quadratic terms are still important in understanding the relationship between

the seasonality of climate and farmland values. For each model, I present temperature and
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precipitation coefficients for all monthly climate variables. I also include select coefficient

estimates for other control variables including population density and percent clay. I also

present standard errors for each coefficient in brackets.

The marginal impact of seasonal climate is fairly inconsistent across the different mod-

els. Both the direction and magnitude for January and July coefficients change depending

on the model. However, the direction for April and October temperature and precipitation

coefficients stay consistent. Results suggest that warmer temperatures in April, a measure

for the start of growing seasons in Canada, is beneficial to agriculture. Both models that in-

clude fixed effects estimate that a 1◦Celcius increase in April temperature increases farmland

values between 28-45%. This is also the largest marginal impact on farmland values among

all monthly temperatures. The coefficient for the quadratic term of April temperature is

positive, suggesting that additional warming at the start of the growing season is even more

beneficial to agriculture. This is consistent with agronomic intuition since temperature is an

important factor in plant growth when crops are first planted. An increase in precipitation

in April also appears to benefit agriculture, although this impact decreases for large levels

of precipitation. The fixed effects models estimate a 1mm increase in April precipitation

increases farmland values by 1.3-2.2%. The opposite effect is found for precipitation in Oc-

tober. Results suggest that a 1mm increase of October precipitation decreases farmland

values by around 0.1-0.6% and this effect will increase for higher levels of precipitation. The

effect of October temperatures is also consistent across all models suggesting that higher

October temperatures harm agriculture but at a decreasing rate. The fixed effects models

found that a 1◦C increase in October temperature decreases farmland values by 11-21%. The

only other consistent coefficients are the impact of January precipitation. All other climate

coefficients are not consistent across the three model specifications.
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Previous Ricardian studies in the United States have estimated that increases in July

temperature are harmful to agriculture (Mendelsohn et al., 1994). For this sample only the

model including county fixed effects suggests similar results but the effect is insignificant. One

possible explanation is the difference in July temperature experienced in the two countries.

In the U.S., July temperatures can often reach levels above which plants growth is harmed

(Schlenker et al. (2007) suggest this threshold include temperatures above 32◦C). The highest

average July temperature in this sample of Canadian farmland is well below that threshold

at 23.1◦Celsius. Therefore, it is not surprising that an increase in July temperatures will

have differing impacts on agriculture in Canada compared to the United States.

The results presented in table 5.1 cannot be directly compared to those of the only other

Canadian sub-county level study. Weber and Hauer (2003) do not log transform farmland

values in their regressions so the coefficients cannot be interpreted in the same manner.

Also, they include median dummy variables instead of quadratic terms in order to account

for potential non-linearities in climate. Even though they are not directly comparable,

adding either median terms or quadratic terms into the regression aims to capture the same

effect. Theoretically, the model that is most similar to what is estimated in Weber and

Hauer (2003) is the provincial fixed effects model. When comparing all models results, I find

that the provincial fixed effects model indeed estimates linear climate coefficients similar in

direction to Weber and Hauer (2003).

Several of the climate coefficients become insignificant when county level fixed effects are

included. While most of the quadratic climate terms are significant in both the base and

provincial fixed effects models, some significance disappears in the county fixed effects model.

This could suggest that the relationship between climate and land values is strictly linear

within counties. Interestingly, both the linear and quadratic terms for population density

are significant across all three models suggesting that urban influences are a key predictor

of farmland values. This is consistent with previous study results and makes intuitive sense.
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Base Model Provincial Fixed Effects County Fixed Effects

(1) (2) (3)

January Precipitation -1.411*** -0.484*** -1.271***

(0.0022) (0.0025) (0.0042)

January Precipitation Squared -0.0001 -0.003** 0.009***

(0.000016) (0.000017) (0.000029)

April Precipitation 2.838*** 2.191*** 1.301***

(0.0028) (0.0031) (0.0048)

April Precipitation Squared -0.033*** -0.027*** -0.037***

(0.00004) (0.00004) (0.00007)

July Precipitation 0.761*** 0.778*** -0.565**

(0.0012) (0.0013) (0.0024)

July Precipitation Squared -0.009*** -0.017*** -0.009

(0.00003) (0.00003) (0.00006)

October Precipitation -0.356 -0.697*** -0.112

(0.0024) (0.0027) (0.0051)

October Precipitation Squared 0.008*** 0.010*** 0.0003

(0.00003) (0.00003) (0.00004)

January Temperature -0.470 1.465 -1.463

(0.0164) (0.0179) (0.0264)

January Temperature Squared 1.595*** 1.476*** 1.380***

(0.0013) (0.0015) (0.0026)

April Temperature 47.858*** 28.106*** 45.054***

(0.0354) (0.0440) (0.0720)

April Temperature Squared 2.537*** 1.949*** 2.946***

(0.0067) (0.0070) (0.0105)

July Temperature -15.421*** 2.435 -9.702

(0.0381) (0.0429) (0.0668)

July Temperature Squared 0.590 -0.025 -0.067

(0.0066) (0.0070) (0.0094)

October Temperature -7.668* -10.494** -21.373***

(0.0432) (0.0523) (0.0762)

October Temperature Squared -5.913*** -4.184*** -3.250***

(0.0058) (0.0066) (0.0110)

Population Density 0.246*** 0.238*** 0.177***

(0.0002) (0.0002) (0.0003)

Population Density Squared 0.000*** 0.000*** 0.000***

(0.0000001) (0.0000001) (0.0000001)

Percent Clay -0.222* -0.285** 0.211

(0.0013) (0.0013) (0.0013)

Provincial Fixed Effects No Yes No

County Fixed Effects No No Yes

Observations 9866 9866 9866

R2 0.4528 0.4625 0.5352

P-value: * < 0.10 , ** < 0.05 , *** < 0.01

Table 5.1: Primary Regression Results
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Increases in population density create more pressure to convert land to non-farm uses which

increases farmland values. The inclusion of county fixed effects does not have a large impact

on the magnitude of the population density coefficients but does impact the direction and

magnitude of climate coefficients. One possible explanation is that county fixed effects are

controlling for county specific unobservables that are correlated with climate but not urban

pressure. Another explanation is this sample lacks enough variation in climate within certain

counties and cannot properly estimate coefficients. To check this, I restrict the sample to

only include counties with a large number of observations as part of several other model

sensitivity checks.

5.2 The Impact of Climate Change on Agriculture

In table 5.2, I present Ricardian impacts of climate change on Canadian agriculture using

a sample of farm-level observations. National impacts for the three models are presented

in millions of Canadian (2020) dollars. I also estimate a confidence interval around each

prediction to ensure that the impacts of climate change are significantly different than zero.

I use a jackknife resampling procedure to construct the confidence interval. This technique

repeatedly calculates the aggregate impact of climate change on land values by leaving out

one observation in each calculation. This creates a set of aggregate impacts equal to the

number of observations in this sample (9866). I construct a confidence interval using this

set of aggregate impacts. I also present annualized impacts using a standard 5% discount

rate. I choose this discount rate because annual gains in per-acre farmland values over

the last 20 years have averaged 7.27% while the Canadian GDP deflator has increased an

average of 1.86% annually over the same period. This reflects a real yield of 5.4% per year.

Additionally, a 5% discount rate has been used extensively by previous literature including

other Canadian studies (Fezzi & Bateman, 2015; Mendelsohn et al., 1994; Weber & Hauer,

2003).
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Two major points can be taken from the results. First, both the base model and the

provincial fixed effects model suggest climate change will have a positive impact on agri-

culture in the future. However, the county fixed effects model estimate a negative impact.

Under the base model, benefits from climate change are the largest at an estimated 44.8

million dollars. When provincial fixed effects are included the impact of climate change

estimated is slightly less positive at 26.2 million dollars. The biggest difference in results

comes with the inclusion of county level fixed effects. Model 3 estimates impacts from cli-

mate change to be 14.6 million dollars in damages. That is much less optimistic than the

impacts estimated in both the simple Ricardian model and the provincial fixed effects model.

These results could suggest that unobservable county level effects could be influencing model

results.

Second, even though all aggregate impacts are significantly different than zero, all three

amounts are quite small. This suggests that climate change will have very little effect

on agriculture in Canada. In fact, annualized impacts from climate change range from

$700000 in yearly damages to a $2.24 million yearly benefit across all models. This amount

is negligible when compared to the amount of Canadian total gross farm income in 2020,

which was $81.9 billion (Statistics Canada, 2018b).

Regression Model Aggregate Impact 95% Confidence Interval Annualized Impact

($ Million CAD) ($ Million CAD)

(1) Base Model 44.83 ( 40.84 , 48.81 ) 2.24

(2) Provincial Fixed Effects 26.29 ( 23.8 , 28.77 ) 1.31

(3) County Fixed Effects -14.65 ( -23.37 , -5.93 ) -0.73

Table 5.2: Estimates for the Impact of Climate Change on Canadian Agriculture
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5.3 Sensitivity and Robustness of Results

I explore the sensitivity of model results to several sample restrictions and model specifica-

tions. For simplicity I only consider changes in model specifications for both the provincial

and county fixed effects models. Table 5.3 presents aggregated impacts of climate change.

First, I test how results differ across different emission scenarios. I present national impacts

under two additional emission scenarios including the SSP1-2.6 (low emissions) and SSP3-7.0

(high emissions). Impacts are consistent across emissions scenarios for the provincial fixed

effects model suggesting positive benefits from climate change will range from $11-$37 mil-

lion dollars. On the other hand, impacts for the county fixed effects model are not consistent

and estimated impacts range from a benefit of $27 million under the low emissions scenario

to damages of $83.26 million under the high emissions scenario. Additionally, I test whether

the aggregate impacts calculated for the provincial and county fixed effects models are sen-

sitive to the exclusion of insignificant quadratic terms. While there is a theoretical reason

to include quadratic climate terms several climate coefficients become insignificant when

county level fixed effects are added. It is important to ensure that differences in aggregated

impacts between the two models are not driven by the insignificant coefficients. Results show

that new Ricardian impacts are consistent with those from the primary results. Impacts for

the county fixed effects model are still negative and are very close to the results estimated

including insignificant squared climate coefficients. Impacts estimated using the provincial

fixed effects model are slightly less than when insignificant coefficients are included.

Next, I compare model results under several different spatial weight matrices. Results

suggest that both fixed effects models are consistent across any spatial weight specifications.

I also compare results to an estimation for both models using OLS. Not surprising, the

regression coefficients are stable for both models, and the only major differences between

SEM and OLS estimation are the p-values. This is to be expected as spatial correlation in

residuals overstates the t-statistics and p-values of an OLS model but should not change the
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Provincial Fixed Effects County Fixed Effects

Using SSP1-2.6 Forecast Climate (Low Emissions Scenario) 36.98 27.82

Using SSP3-7.0 Forecast Climate (High Emissions Scenario) 11.5 -84.04

Excluding Insignificant Quadratic Terms 17.48 -12.4

500km Cut-off for Spatial Weight Matrix 27.23 -15.04

Unrestricted Spatial Weight Matrix 28.2 -15.51

Excluding Farmland Values < $50,000 per acre 21.59 -8.42

Excluding Farmland Values < $100,000 per acre 21.55 -33.63

SEM with > 15 Observations per County 9.46 -13.73

Other Climate Variables (Growing Degree Days) 12.65 8.66

Table 5.3: Aggregate Ricardian Estimates Under Different Model Specifications

coefficient estimates.

To check for the impact of non-farm influences on model results, I restrict the sample to

only include farmland values under a certain threshold. Even though I control for non-farm

effects in the primary results by including variables like median total income and population

density of the surrounding areas, there is still a potential influence from non-farm omitted

variables that cannot be accounted for in the model. First, I estimate both models only

using observations with farmland values under $50,000 and $100,000. Land values over these

amounts may not be driven by agricultural production and instead reflect the potential non-

farm uses of the land. Results are robust to restrictions of farmland values under both

$100,000 and $50,000.

I also compare model results to alternative climate variable specifications. I include

measures for annual growing degree days above 5◦Celsius and mean annual precipitation.

Degree days are constructed as the sum of degree above a threshold of 5◦Celsius for the entire

year. They are inspired by agronomic research that suggest plant growth is approximately

linear until a maximum threshold of 32◦C (Schlenker et al., 2007). Model results suggest

positive impacts from climate change for both fixed effects models. However, these impacts

are still quite small.

31



6 Discussion and Conclusion

In this thesis, I estimate the first Ricardian impacts of climate change on Canadian agri-

culture in over 15 years. Overall, I find that impacts from climate change on Canadian

agriculture are minimal. National impacts range from a positive benefit of $27 million un-

der low future emissions scenario to damages from climate change of $14-84 million under

intermediate and high emission scenarios. These results are also robust to several different

model specifications. Across all models, the national impacts from climate change on Cana-

dian agriculture are negligible compared to annual total Canadian gross farm income. I also

add county level fixed effects into the standard Ricardian approach; something that cannot

be done using traditional data sources. I find that results differ between models including

provincial level fixed effects and county level fixed effects. Ricardian impacts from climate

change are negative when county fixed effects are included and positive in the provincial

fixed effect models.

There are several limitations to this thesis. One concern is that model results are driven

by economic and weather factors that occurred during the year 2020 and that farmland val-

ues in this sample do not reflect the long term relationship between climate and agriculture.

Typically, studies verify model results using two or more additional yearly cross sections of

farmland values. Currently, this dataset only contains observations from the year 2020. I do

find consistency across linear climate coefficients between this thesis and those of another

Canadian study that uses farmland values from 1996 (Weber & Hauer, 2003). However, this

does not dismiss the concern entirely. Verifying results using additional cross sections of re-

cent farmland values is a good avenue for future research with this dataset. Another concern

is that the Ricardian model does not properly account for market beliefs on climate change.

Farmland values represent sentiments for how climate change will impact rents in the future.

By only regressing historical climate on farmland values, I assume that market players make

decisions about farmland values while only considering current climate conditions. Severen
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et al. (2018) present an alternative ”forward-looking” Ricardian approach which regresses

an index of historical and future climate information on farmland values and corrects for the

market’s beliefs about climate change. Further research is needed to implement this model

while using the current dataset.
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7 Appendix

7.1 Definition of Variable Included in Empirical Models

January Precipitation: Historic average 1991-2020 - total precipitation for January (mm)

January Precipitation Squared : Value of January precipitation squared

April Precipitation: Historic average 1991-2020 - total precipitation for April (mm)

April Precipitation Squared : Value of April precipitation squared

July Precipitation: Historic average 1991-2020 - total precipitation for July (mm)

July Precipitation Squared : Value of July precipitation squared

October Precipitation: Historic average 1991-2020 - total precipitation for October (mm)

October Precipitation Squared : Value of October precipitation squared

January Temperature: Historic average 1991-2020 - mean temperature for January (°C)

January Temperature Squared : Value of January temperature squared

April Temperature: Historic average 1991-2020 - mean temperature for April (°C)

April Temperature Squared : Value of April temperature squared

July Temperature: Historic average 1991-2020 - mean temperature for July (°C)

July Temperature Squared : Value of July temperature squared

October Temperature: Historic average 1991-2020 - mean temperature for October (°C)

October Temperature Squared : Value of October temperature squared

Latitude: latitude measured in degrees from southernmost point in Canada

Median Income: Total median income of census sub-division

Median Income Squared : Value of median income squared

Population Density : Population density per squared kilometer of census subdivision

Population Density Squared : Value of population density squared
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Slope: % of soil components in a soil polygon that have a slope gradient greater than 15%

Wetland : % of soil polygon that is classified as a wetland

Depth: Average depth to bedrock of soil polygon (cm)

Water Hold : Average water holding capacity of soil polygon (mm)

Drainage: Average risk of flood risk of the soil polygon (values 1-7 – where one is rapid
drainage and seven is very poor drainage)

Total Sand : The percent total amount of sand that is present in the soil, by weight

Total Silt : The percent total amount of silt that is present in the soil regardless of its
properties, by weight

Total Clay : The percent amount of clay that is present in the surrounding soil, by weight

Organic Carbon: The percentage of organic carbon that is present in the soil, by weight

Ph2 : Indicates the pH as specified in the project report

Bulk Density : Identifies the bulk density. Values are for the fine earth fraction (excluding
coarse fragment content)

Non-Farm Uses : Indicator variable with a value of 1 for observations that have a land use
type suspected to include non-farm uses

Irrigation: Indicator variable with a value of 1 for farmland that uses irrigation practices
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