
ABSTRACT 

ABASHIDZE, NINO. Essays on Economic and Health Effects of Land Use Externalities. (Under 

the direction of Dr. Harrison Fell). 

 

This dissertation contributes to the existing literature that links property values and health 

outcomes to externality-generated land uses. The first essay examines the effect of utility-scale 

ground-level solar installations on nearby agricultural land values. Results provide no evidence 

that the construction of a solar farm creates any positive or negative spillover effects on nearby 

agricultural land values through either production process channels or the change in aesthetic 

views of the land. However, results indicate that landowners value being in close proximity to 

transmission infrastructure after a solar farm is built in the area. This suggests that solar farm 

construction in the area signals to potential land buyers the suitability of land for solar 

development and thus positively influences prices through option values. The second essay 

investigates the effect of solar farm construction on local housing prices in both urban and rural 

areas. A street network distance measure of exposure is used in the analysis to capture visual 

externalities generated by solar farms. Results suggest that the construction of a solar farm 

significantly reduces residential housing values for homes located less than one mile from a 

farm, and the effect is larger for homes located within a half-mile of the farm. Furthermore, 

fairly homogenous effects are found across communities after stratifying solar farms based on 

the characteristics of the nearby communities. The third essay identifies the infant birth effects of 

exposures from hog farm facilities. An arguably exogenous exposure is measured by exploring 

variation in wind direction at the mother’s residency during her pregnancy. Findings suggest that 

reducing in-utero exposures to hog facilities can improve infant birth weight, and reduce 

incidence of very low birth weight and preterm births. 
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Chapter 1 

Introduction 

Negative externalities generated by land uses such as industrial and manufacturing 

facilities, hazardous waste sites, and contaminated brownfield sites have been shown to be 

capitalized in surrounding property values (see for example Currie et al. (2015), Kiel and 

Williams, (2006), and Gamper-Rabindran et al. (2011)). There is also evidence that some land 

uses can have negative health impacts on neighboring residents. For example, researchers have 

linked low birth weight to proximity to industrial plants that emit toxic pollutants and to 

livestock farming operations (Currie et al. (2015), Sneeringer (2009)). Quantifying and 

improving our understanding of the effects of land uses on household well-being in surrounding 

communities is important not only for individuals living in neighboring communities of these 

facilities, but also for policymakers who attempt to take local disamenities into account when 

designing optimal policies. In this dissertation, I explore three important questions related to land 

use decisions and their effects on local property values and health outcomes. 

Most of the hedonic literature focuses on understanding the effects of land-use 

externalities on residential housing values, while agricultural land values are explored less 

frequently. Furthermore, there appears to be no empirical research that quantifies the effect of 

ground-level solar installations on local property values. In the first essay of my dissertation, I 

examine the effect of utility-scale, ground-level solar systems on agricultural land values. 

Agricultural transactions data are spatially linked to data on solar farm installations and are 

analyzed in a hedonic framework. The results provide no evidence that the construction of a solar 

farm creates any positive or negative spillover effects on nearby agricultural land values through 
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either production process channels or changes in aesthetic views of the land. However, the 

estimates suggest that landowners value being in close proximity to transmission infrastructure 

after a solar farm is built in the area. This suggests that the solar farm construction in the area 

signals suitability of the land for solar development and thus increasing the option value of the 

land. 

In the second essay of my dissertation, I link ground-level solar systems to housing prices 

in surrounding neighborhoods both in urban and rural areas. A novel, street network distance 

measure is utilized in the analysis to capture the visual externalities generated by solar farms. In 

a difference-in-differences-style framework, I explore the effect of the construction of a solar 

farm on houses in close proximity that are exposed to the externalities generated by a solar farm 

compared to houses located further away. The results provide evidence that the construction of a 

solar farm significantly decreases residential housing values for homes located less than one mile 

(measured via street network) from a farm and the effect is larger for houses located within a 

half-mile of a solar farm. The analysis also reveals that the construction of the solar farm reduces 

the number of house sales in close proximity. Interestingly, the results of stratified analysis 

indicate that the effect of solar farm construction is homogenous across communities.   

In the third essay, I explore the infant birth effects of exposures from hog farm facilities 

generated by daily variation in winds at mother’s location during her pregnancy. A primary 

concern is that mothers sort into neighborhoods based on prevailing wind direction, and selection 

into these neighborhoods might relate to unobserved factors (such as, health care access and 

income), which might otherwise affect birth outcomes. To address this potential income-based 

sorting, my research design controls for farm-specific prevailing wind direction (constructed 

based on long-run average wind direction at hog farm facility) and proximity to the nearest hog 



   

3 

 

farm to account for common spatial unobserved preferences. Controlling for potential 

predetermined sorting effects allows me to treat deviations from the prevailing winds as an 

exogenous source of variation that captures the effects of hog farm exposures on infant birth 

outcomes. Thus, the identification comes from arguably exogenous deviation in daily wind 

direction relative to the prevailing winds at mother’s residency during her pregnancy. 

Consistent with literature on in-utero environmental exposures, I find evidence of a 

negative effect of in-utero exposure to hog farm facilities on infant birth outcomes. The effect is 

stronger during the growing season, when hog manure is more likely to be sprayed on 

neighborhood fields to fertilize crop and pasture fields. I translate the effects of hog farm 

exposure on infant birth outcomes to the cost of hospitalization associated with these negative 

effects. Findings suggest that reduction in exposures from hog facilities would lead to reduced 

number of infants with very low birth weight and preterm births, which would result in large 

hospitalization cost savings.  

This document proceeds with my first essay, “Solar Farms and Agricultural Land 

Analysis” found in Chapter 2, followed by the second essay, “Solar Farms and Residential 

Property Values in North Carolina,” located in Chapter 3. The third essay, “Birth Weight 

Impacts of Animal Feeding Operations in North Carolina,” is found in Chapter 4 and Chapter 5 

briefly concludes. 
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Chapter 2 

Solar Farms and Agricultural Land Analysis 

2.1    Introduction 

Although only 1.3 percent of the United States’ electricity was generated from solar 

energy in 2017, solar energy generation increased 39-fold over the last decade and continues to 

grow.1 Continued growth in solar energy generation is expected as states throughout the country 

implement policies that encourage the use of renewables, and as the cost of solar generation 

continues to fall. As of 2017, North Carolina (NC) ranked second in the nation in overall 

installed solar capacity, behind California and ahead of Arizona and New Jersey (Solar Energy 

Industries Association, 2017). Ground-mount, utility-scale, solar systems are the primary 

component of solar capacity in NC, which contrasts with California, Arizona, and New Jersey 

where residential solar power systems (i.e., roof-top solar panels) are a sizeable portion of the 

installed solar capacity. 

 The total installed ground-mount solar capacity in NC grew from under 10 megawatt 

(MW) in 2009 to over 3,000 MW by 2017. This remarkable growth in ground-mount solar 

installations (hereafter referred to as “solar farms”) in NC can be attributed to the state’s 

renewable energy mandate and financial incentives created by government policies.2 

Specifically, in August 2007, NC passed the Renewable Energy and Energy Efficiency Portfolio 

Standards Act (REPS), which mandated that electric utilities produce 12.5 percent of their 

                                                 
1 Energy Information Administration, https://www.eia.gov/tools/faqs/faq.php?id=427&t=3, last accessed July 2019. 
2 The growth in residential solar installations across the United States is primarily driven by state and federal 

subsidies that offset installation costs, as well as generous net metering policies that allow households to sell excess 

electricity back to the grid and offset their electric utility costs. For a review, see for example Sexton et al., 2018. 

https://www.eia.gov/tools/faqs/faq.php?id=427&t=3
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electricity from renewable energy resources by 2021. NC further incentivized solar installations 

by offering a 35 percent tax credit on the cost of each renewable energy project constructed 

(capped at $2.5 million per project). At the same time, federal investment tax credits increased 

from 10 percent to 30 percent. Finally, “power purchase agreements” (PPA) requirements in NC 

are generous relative to other states. PPAs mandate that utilities purchase electricity generated by 

qualifying renewable sources at a fixed price for up to 15 years. Most states limit the definition 

of a qualifying renewable source to be only those producing one-megawatt of energy or less. 

However, the North Carolina Utilities Commission defined any renewable energy facility that 

generates up to five-megawatts of renewable electricity as qualifying (NC Clean Energy 

Technology Center, 2017), thus offering substantial protection against price risk for solar 

developers in NC.3 In addition to these government-created financial incentives, solar panel 

prices dropped 70 percent since 2009, further increasing the profitability of solar installations 

(Platzer, 2015).  

Solar farms have primarily been placed in rural counties due to their relatively large 

footprint. For example, the average 5 MW farm in NC occupies approximately 30 acres, 

exclusive of any buffers or setbacks. In NC, there have been concerns raised about the loss of 

farmland to solar development, as well as the potential effects of solar installations on the 

productivity of the land once the farm is converted back to agricultural service at the end of the 

solar farm’s life (NC Sustainable Energy Association, 2017). In urban and suburban areas, the 

siting of solar farms has been subject to local resistance, mainly due to perceived negative visual 

effects from solar installations on surrounding property values. Concerns about spillover effects 

of solar farms have been manifested by local governments that have either imposed moratoriums 

                                                 
3 PPAs are regulated under the Public Utilities Regulatory Policy Act (PURPA). 
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on solar farm development (currently in place in seven North Carolina counties) or completely 

banned solar farm development (e.g., the town of Woodland, North Carolina).  

It is well understood that some land uses can negatively affect neighboring property 

values (e.g., hazardous waste sites).4 However, there appears to be no empirical research 

exploring how solar farms affect surrounding property values.5 Furthermore, most of the 

literature focuses on understanding the effects of externality-generating land uses on residential 

housing values, while agricultural land values are explored less. Agricultural land values could 

be negatively impacted by solar farm construction if a solar farm negatively impacts the 

productivity of nearby land, or if aesthetic concerns negatively impact the demand for 

agricultural parcels. For example, Ma and Swinton (2011) suggest that aesthetic concerns could 

affect agricultural land values and show that the aesthetic ecosystem services provided by lakes, 

wetlands and forests are capitalized into land values. These factors imply that a solar farm may 

have negative effects on nearby agricultural land sales prices. 

On the other hand, solar farms can be a lucrative land-use choice for property owners in 

rural areas. Typical lease agreements for solar development in NC guarantee land owners income 

between $500 and $1,400 per acre for a period of 20 years (NCSEA, 2017). This contrasts with 

average rental rates of farmland (for agricultural production) of $27 to $102 per-acre, per-year 

(NCSEA, 2017).6 If solar development signals interest in the area, the potential for increased 

land rents may be capitalized into land values. Data suggest that the solar farms are clustered 

across space in NC and the same solar developer tends to install solar systems in close proximity 

                                                 
4 See, for example, Taylor, et al. (2016), Gamper-Rabindran et al. (2011), and Kiel and Williams (2006).  
5 Limited number of studies have shown that equipping a home with rooftop solar panels can increase the property’s 

value (Qiu et al. 2017, Hoen et al. 2017, Dastrup et al. 2012, Adomatis and Hoen, 2016, and Wee, 2016). 
6 Note, solar installations are considered improvements made to the land that are subject to property taxes. However, 

a NC property tax abatement exempts 80 percent of the appraised value of solar PV systems from property taxes that 

offset increased property taxes resulted from such improvements (NCSEA, 2017).  
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to each other. This further supports the idea that solar development might signal solar interest in 

the area. To disentangle this potentially positive spillover effect of solar development, I control 

for the proximity of agricultural land to electric transmission infrastructure. Proximity to electric 

infrastructure is necessary for solar farm siting (see Section 2.2), and so it is hypothesized that 

proximity of a parcel to transmissions lines after a solar farm is built could be positively 

capitalized into land values if solar development nearby signals to agricultural markets the 

potential for high land rents in solar development.  

To empirically test for externality effects of solar farms, hedonic property value models 

are estimated using a comprehensive database of georeferenced agricultural land sales obtained 

from Zillow Research7 that is linked to a georeferenced census of solar farm installations in NC.8 

These data are analyzed in a hedonic framework, where a difference-in-differences style 

approach is used to examine changes in agricultural land values in response to the construction 

of nearby solar farms. NC provides an ideal setting to explore this question given its rich 

agricultural landscape, numerous solar farms (>450), and the close proximity of solar farms to 

productive agricultural land.9 

Results indicate that utility-scale solar farms have no direct positive or negative spillover 

effects on nearby agricultural land values. However, results also suggest that solar farm 

construction may indirectly affect agricultural land values by creating a signal effect of the land’s 

suitability for future solar development. Specifically, results indicate that proximity to 

transmission lines are positively valued after a solar farm is constructed near an agricultural 

                                                 
7 Data provided by Zillow through the Zillow Transaction and Assessment Dataset (ZTRAX). More information 

on accessing the data can be found at http://www.zillow.com/ztrax. The results and opinions are those of the 

author(s) and do not reflect the position of Zillow Group. 
8 I thank the NC Clean Energy Technology Center at North Carolina State University for providing georeferenced 

data on ground-mount solar farms in North Carolina. 
9 In California and Arizona, most of the large, ground-level solar systems are installed in desert areas, thus providing 

less potential to examine externality effects of the solar farms on agricultural (or residential) land values. 
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parcel. As described in Section 2.3, these results are consistent with a neoclassical model of 

agricultural land value in which land is a factor input into production.   

The rest of this research is organized as follows. Section 2.2 briefly describes the solar 

farm siting process, and section 2.3 reviews hedonic theory as applied to agricultural property 

markets and states the hypotheses to be tested. Data are discussed in Section 2.4, and the 

empirical strategy is discussed in Section 2.5. Results and robustness analysis are reported in 

Section 2.6, and Section 2.7 concludes this chapter. 

2.2    Background 

As of July 2017, there were 451 utility-scale ground-mount solar farms in NC with over 

one MW electric power capacity installed on land and feeding electricity to the grid. Total 

installed capacity of these farms is 2,900 MW (see Figure 2.1). To put the scale of these solar 

installations into context, they occupy 14,864 acres or 0.31 percent of potential cropland in the 

state (North Carolina Department of Agriculture and Consumer Services (NCDA&CS), 2017). 

According to the NC Sustainable Energy Association (NCSEA), solar power will expand further 

and utility-scale solar will account for 5 percent of electricity generation and will require the use 

of 0.57 percent of available cropland in NC by 2030. 

At the same time that the solar industry has expanded, local governments have adopted 

solar development ordinances or revised existing zoning rules. Solar ordinances typically include 

restrictions on setbacks, the minimum required distance from existing property boundaries, 

which vary by zoning district and are usually more restrictive for residential areas. These 

ordinances also have standards on the height of solar energy systems, vegetative buffers that 

could mitigate visual impacts of solar farms, and decommissioning. Solar ordinances are 

heterogeneous across counties and are becoming more stringent over time.  
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A solar farm’s siting process is a complex procedure, which can take from several 

months to up to two years, often depending on the scale and location of the project (Kikuma et 

at., 2018).10 The developer must first determine the lease terms with the landowner and obtain an 

interconnection agreement with an electric utility that specifies the prices paid for generation 

over a specified period of time. Next, the developer submits a site plan to the Zoning 

Administrator for a county that demonstrates that the project meets the requirements by solar 

development ordinances. Large solar farms are usually required to obtain a special use permit, 

which requires a quasi-judicial hearing. In addition to a special use permit, a solar developer is 

also required to obtain other types of permits including standard construction building/electrical 

permits, a stormwater permit, and an aviation notification in some instances.11  

Along with existing solar regulations, proximity to the current electricity infrastructure is 

an important consideration for solar farm development (Kikuma et al, 2018). Electricity 

generated by solar farms must be connected to the high-voltage transmission line on the 

electricity grid by a new transmission line that is paid for by the developer. The construction cost 

of a new transmission line is estimated to vary from $390,000 per mile for a 138 kV single 

circuit line (Public Service Commission of Wisconsin, 2011) to $1,343,800 for a 345 kV single 

circuit line (Western Electricity Coordinating Council, 2014). As such, solar developers prefer 

siting solar farms as close as feasible to existing high-voltage transmission lines rather than 

                                                 
10 The data do not include information on the start date of land development for the solar farm construction. Thus, to 

consider the length of construction in the analyses, I modify the main model discussed in Section 2.5 and create a 

construction period dummy variable that equals to 1 if an agricultural land is sold during the construction period that 

is defined as two years prior to the solar farm operation start date. The distance to the nearest solar farm and to the 

nearest transmission line is interacted with a construction period dummy variable to capture any differential impact 

that expectations of future solar farm development might have on agricultural land values in the area before solar 

farm construction is complete. Main results (discussed in Section 2.6) remain qualitatively unchanged when I 

incorporate the solar farm construction period in the analysis. 
11 For additional details on the process for solar farm siting, see the Template Solar Energy Development Ordinance, 

2013 prepared by NCSEA and NC Clean Energy Technology Center. 
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building costly new infrastructure (Brawner et al., 2017 and Kikuma et al., 2018). This point is 

important and is considered in both the theoretical model and empirical models presented below. 

2.3    Theory 

A large body of literature uses hedonic pricing models to estimate the externality effects 

of non-market (dis)amenities on property values. Rosen (1974) first formalized the economic 

theory that underlies hedonic pricing models, where the equilibrium price function is determined 

in a competitive market by the interaction of utility-maximizing consumers with profit-

maximizing producers. Miranowski and Hammes (1984) provide an early application of hedonic 

model to agricultural land markets, where farmers are modeled as utilizing land as a key factor 

input in agricultural production. In this conceptualization, both buyers and sellers of agricultural 

land are profit-maximizing producers of agricultural products. 

Agricultural land is an important input into production process and varies by land and soil 

attributes as well as location characteristics. An equilibrium price function for agricultural land 

can be defined by the interaction of profit maximizing land sellers and buyers, and the resulting 

equilibrium land prices reflect the net-present value of future rents from the parcel of land 

(Miranowski and Hammes, 1984, Palmquist, 1989).  

Similar to applications in residential markets, the hedonic model applied to agricultural 

land can be used to estimate the value of individual land attributes. To see this, assume a profit 

maximizing landowner (farmer) rents the land to himself/herself, and produces a single output, q, 

that is sold in a perfectly competitive market at price p. A production function, 𝑞 =  𝑞(𝑋, 𝑍, 𝛼), 

depends on a vector of non-land inputs, 𝑋, including non-land related factors of production (such 

as irrigation equipment), a vector of land characteristics, Z, including land/soil attributes (such as 

soil quality - 𝑧1) and location characteristics, and a set of farmer-specific skills, 𝛼. Location 
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characteristics of interest that are embodied in a vector Z are the land’s proximity to a solar farm 

(𝑧2) and proximity to electric transmission line (𝑧3). As part of a farmer’s optimization problem, 

first consider his/her maximization of “variable profit,” 𝜋𝑣, defined as the difference between the 

revenue generated from produced output and the cost of non-land inputs.12 “Variable profit” 

optimization takes the form:  

𝑚𝑎𝑥𝑥 𝜋𝑣 = 𝑝 ∗ 𝑞 −  ∑ 𝑐𝑖 ∗

𝑖

𝑥𝑖 

                                                                 𝑠. 𝑡.  𝑞 =  𝑞(𝑋, 𝑍, 𝛼),                                        (2.1) 

where 𝑥 is a non-land variable input, 𝑐 is the cost of a non-land variable input, and all other 

variables are defined above. Additionally, it is assumed that a cost function is additive in non-

land characteristics.13 First order conditions define the factor demand for the 𝑖th non-land input: 

𝑥𝑖 = 𝑥𝑖(𝑍, 𝐶, 𝛼), where 𝐶 = (𝑐1, 𝑐2, … ) is a vector of non-land input prices. Substitute 𝑥𝑖 back to 

variable profit, 𝜋𝑣, to obtain the optimal variable profit, 𝜋𝑣∗.   

Given 𝜋𝑣∗, total profit is the difference between optimal variable profit and land costs, R, 

where R represents annuitized land sales prices. The overall profit takes the form: 

           Π = 𝜋𝑣∗ − 𝑅(𝑍) = 𝑝 ∗  𝑞(𝑋, 𝑍, 𝛼) −  ∑ 𝑐𝑖 ∗𝑖 𝑥𝑖(𝑍, 𝐶, 𝛼) − 𝑅(𝑍).                (2.2) 

Profit maximization with respect to land characteristic choice requires 
𝜕𝑅(𝑍)

𝜕𝑧𝑖
=

𝜕𝜋𝑣∗

𝜕𝑧𝑖
, or:  

𝜕𝑅(𝑍)

𝜕𝑧𝑖
= 𝑝 ∗  

𝜕𝑞(∙)

𝜕𝑧𝑖
− ∑ 𝑐𝑖 ∗𝑖

𝜕𝑥𝑖(∙)

𝜕𝑧𝑖
.                               (2.3) 

Equation 2.3 guides the optimal choice of land characteristics, where the marginal rent paid for a 

land characteristic equals its marginal contribution to variable profit evaluated at the optimal 

level of non-land inputs.  

                                                 
12 This model is a modification of a model presented in Petrie and Taylor (2007). 
13 This assumption simplifies the formulation.  
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An alternative specification of the problem is to consider a farmer’s bid function and 

rewrite equation (2.2) as Π = 𝜋𝑣∗ − Ѳ, where Ѳ is the maximum willingness to pay for a land, 

holding all other non-land attributes and profits constant. After rewriting the problem and 

rearranging the terms, an alternative formulation takes the form:  

                       Ѳ(𝑝, 𝑋, 𝑍, 𝐶, 𝛼) = 𝑝 ∗  𝑞(𝑋, 𝑍, 𝛼) −  ∑ 𝑐𝑖 ∗𝑖 𝑥𝑖(𝑍, 𝐶, 𝛼) − Π.                        (2.4) 

Using equation (2.4), it is evident that the marginal bid (or marginal WTP) for any particular 

land characteristic zi is 
𝜕Ѳ(∙)

𝜕𝑧𝑖
= 𝑝 ∗ 

𝜕𝑞𝑖(∙)

𝜕𝑧𝑖
− ∑ 𝑐𝑖 ∗𝑖

𝜕𝑥𝑖(∙)

𝜕𝑧𝑖
. Relating this result to the optimization 

condition implied by equation (2.2), provides  
𝜕𝑅(𝑍)

𝜕𝑧𝑖
=

𝜕Ѳ(∙)

𝜕𝑧𝑖
. This last expression implies that at 

the optimum, the marginal price of the characteristic zi equals marginal WTP for that 

characteristic. 

To put these results in context, consider three land characteristics: soil quality that 

improves land productivity (𝑧1), distance of the parcel to the nearest solar farm (𝑧2), and distance 

of the parcel to the nearest transmission line (𝑧3). The profit maximization condition in equation 

(2.3) suggests 𝑧1 will have a positive marginal price, 
𝜕𝑅(𝑍)

𝜕𝑧1
 ≥ 0, since 

𝜕𝑞𝑖

𝜕𝑧1
  ≥ 0 as better soil quality 

improves land quality which might increase yields, and/or 
𝜕𝑥𝑖

𝜕𝑧1
 ≤ 0 as better soil quality could 

reduce variable costs (e.g., reduce irrigation or fertilizer costs).  

The relationship between distance of a parcel to a solar farm (𝑧2) and/or a transmission 

lines (𝑧3) is more complex. I would not expect distance of a parcel to either solar farms or 

transmission lines to affect land prices through production process channels (i.e., 
𝜕𝑞

𝜕𝑧2
 = 0 and 

𝜕𝑞

𝜕𝑧3
 

= 0). While these two land characteristics do not likely affect agricultural production, they can 
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change aesthetic views of the land that might be (dis)valued by the farmer.14 However, as noted 

earlier, proximity to a solar farm may indicate to potential buyers that solar farm development is 

in the area. This could positively influence prices through option values. Similarly, because cost-

minimizing solar developers prefer to locate solar farms as close to transmission lines as feasible, 

it is hypothesized that proximity to the electricity infrastructure increases the demand to install 

solar on agricultural land, ceteris paribus, thus also raising the option value of the land. 

Combining the above insights, it is hypothesized that:  

(1) Prior to a solar farm construction, proximity of a parcel to a future solar farm site has no 

effect on sales prices, ceteris paribus, or  
𝜕𝑃

𝜕𝑧2
|𝑠𝑓=0 = 0, where 𝑠𝑓 is an indicator variable 

equals to one if a solar farm is built on a nearby parcel and equals to zero otherwise.   

(2) Construction of a solar farm is not expected to affect land productivity of nearby agricultural 

land, although it might change the aesthetic views of the land and thus reduce nearby land 

value. However, solar farm development might signal the potential for future solar 

development in the area and thus increase the option value of nearby land. Thus, 

𝜕𝑃

𝜕𝑧2
|𝑠𝑓=1 ⋛0; 

(3) The visual disamenity of transmission lines might decrease nearby land values, 
𝜕𝑃

𝜕𝑧3
≥0, or 

(4) given cost minimization solar developers prefer siting solar farms as close to the existing 

electric infrastructure as feasible; therefore, post-solar farm construction, land value in close 

proximity to a transmission line may increase due to greater potential for solar development. 

This effect is expected to diminish with distance, 
𝜕𝑃

𝜕𝑧3
|𝑠𝑓=1 ≤ 0 and 

𝜕𝑃

𝜕𝑧3
2 |𝑠𝑓=1 ≥0.  

                                                 
14 For example, Ma and Swinton (2011, 2012) develop a conceptual model that considers aesthetic opportunities that 

might be capitalized into agricultural land values. 
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2.4    Data  

Two main data sources are used in the hedonic analysis: geospatially referenced 

confidential property transactions data obtained from Zillow Research (2017) that contain 

transaction prices for agricultural land from 2007-2017, and data on solar farm locations and 

characteristics available from the NC Clean Energy Technology Center. Below, I first describe 

solar farms and then provide details of the agricultural land sales used in the analysis. 

2.4.1    NC Solar Farms 

The solar farm data include locations of 451 utility-scale ground-mount solar installations 

in NC that generate at least 1 MW of electric power. By using ArcGIS and satellite imagery in 

Google earth and Google Maps, polygons that cover the physical outline of the solar farm panels 

were created for 428 of the 451 utility-scale solar farms. The remaining 23 solar farms are not 

yet visible in the latest aerial photography. Based on the GIS-constructed data, a 1 MW solar 

farm occupies 5.4 acres on average, while a 5 MW solar farm occupies 27.7 acres on average 

(see Appendix A, Table 2.1A). These are lower bound estimates of the average land required 

since these polygons cover the actual solar panels and do not include the additional land utilized 

by the solar companies to meet the setback and screening regulation requirements.15 The scatter 

plot of the acreage used per solar farm by solar farm capacity is shown in Figure 2.2. According 

to the figure, for example, an 80 MW solar farm requires more than 600 acres. 

In addition, data include information about each solar farm’s operation start date as well 

as their respective capacities, which are summarized in Panel A, Table 2.1. The first utility-scale 

                                                 
15 These measures are consistent with the NCSEA (2017) report that states that a 1 MW solar farm occupies between 

3 and 6 acres, while a 5 MW solar farm requires between 20 to 35 acres. According to NCSEA and NCDA&CS 

(2016) study, utility-scale solar installations require on average 5.78 acres of land per MW. Furthermore, Kikuma et 

al. (2018) suggest that a 5 MW solar farm requires approximately 30 acres of land, which is further consistent with 

the above measures. 
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solar farm was built in 2009 and the number of solar farms increased quickly afterwards (see also 

Figure 2.1). The average size of solar farms also increased over time and reached 12.6 MW in 

2017. A large number of solar farms were recorded as built (completed) in 2015, the year when 

the NC tax credit program expired. Total installed capacity across 451 solar farms reached 2,895 

MW as of August 2017, with the average solar farm generating about 5.4 MW (see Panel A, 

Table 2.1).16  

To explore solar farm locations relative to the electricity infrastructure, the distance 

between each solar farm and the nearest transmission line is measured using ArcGIS and is 

summarized in Panel B, Table 2.1.17 As reported in Panel B, Table 2.1, the average distance 

between solar farms and transmission lines is less than 1 mile. Moreover, as indicated in Figure 

2.3, approximately 90 percent of solar farms are built within 2 miles of the nearest transmission 

line. The maximum distance between any solar farm in the sample and a transmission line is 9.9 

miles (see Panel B, Table 2.1).  

Table 2.2 reports summary statistics for characteristics of the land upon which solar 

farms are built. Land characteristics were obtained by overlaying solar farm boundaries with the 

National Land Cover Data (NLCD) layer for the year of 2006, the year just prior to the first solar 

farm being built.18 As indicated in Table 2, the average coverage for land that was later 

converted to a solar farm was 75 percent grass and 20 percent forested.19 The high percent of 

                                                 
16 In addition, Figures 2.1A, 2.2A, 2.3A, and 2.4A in the Appendix A report CDFs of solar farm capacity in the 

sample and the acreage used per solar farm. 
17 Data on electric infrastructure included transmission lines and substations are proprietary and were obtained from 

S&P Global Platts (https://www.spglobal.com/platts/en/products-services/electric-power/north-american-electric-

transmission-system-map). 
18 The NLCD is available every five years from 2001 (https://www.usgs.gov/centers/eros/science/national-land-

cover-database?qt-science_center_objects=0#qt-science_center_objects). 
19 Note, medium intensity development is defined by NLCD as a mix of constructed materials and vegetation and 

contains up to 79 percent impervious surface. There is only one observation with more than six percent of medium 

intensity development prior to solar farm construction and visual inspection from Google Earth 2006 imagery 

indicates this parcel had a parking lot on the land prior to development. Similarly, five parcels had more than 10 

https://www.spglobal.com/platts/en/products-services/electric-power/north-american-electric-transmission-system-map
https://www.spglobal.com/platts/en/products-services/electric-power/north-american-electric-transmission-system-map
https://www.usgs.gov/centers/eros/science/national-land-cover-database?qt-science_center_objects=0#qt-science_center_objects
https://www.usgs.gov/centers/eros/science/national-land-cover-database?qt-science_center_objects=0#qt-science_center_objects
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grass is not surprising given solar farms are concentrated in the rural counties of Eastern NC (see 

Figure 2.4).20 

2.4.2    Agricultural Sales Data 

Transactions data include information on agricultural land sales, transaction prices, 

transaction dates, latitude and longitude of the property, lot size, and the number of buildings on 

the property. The sample is restricted to sales that are located within a 5-mile radius from the 

nearest solar farm because it is not expected that solar farms externalities would be discernable 

beyond that point.21 The final sample is restricted to sales greater than 30 acres because as 

reported in the previous section, more than 70 percent of solar farms are about 5 MW or larger in 

capacity, which on average requires no less than 30 acres (Kikuma et al., 2018). In addition, 

agricultural land larger than 30 acres is regarded as production-scale farmland, which is the focus 

of this research. As a robustness check, the sample size is increased to include sales greater than 

10 acres since the average minimum estimated land requirement for a 1 MW solar farm is just 

under 6 acres.  

After examining the data, 96 sales located in the Mountain region are dropped from the 

analysis because land prices in this region are likely to be determined by factors outside of 

                                                 
percent of low intensity development prior to solar farm construction. Low intensity development contains up to 49 

percent impervious surface. There observations also had some parking lot coverage prior to solar farm development. 

Finally, eight parcels had more than 10 percent wetland coverage prior to solar farm construction. NLCD defines 

wetlands as areas where more than 20 percent of vegetative cover is either forest or shrubland and is periodically 

soaked with water. Visual inspection from Google earth imagery does not allow me to detect any water coverage on 

parcels prior to solar farm construction.     
20 The North Carolina Rural Center uses population density to classify counties into urban, sub-urban, and rural 

counties. Counties with density that exceeds 750 people per square mile are classified as urban. Counties with 

density between 250 – 750 people per square mile are sub-urban, and counties with density less than 250 people per 

square mile are defined as rural. 
21 As a robustness analysis, the sample is also restricted to sales located within a 7-mile radius from the nearest solar 

farm. Although results qualitatively remain unchanged to the ones reported in the main analysis (see Section 2.6), 

the main coefficient estimates lose both significance and magnitudes relative a 5-mile sample, which further 

strengthens the argument that that solar farms externalities are not discernable beyond roughly 5 miles. 
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agriculture such as tourism or residential development (Blake, 2013). Land classified as “vacant” 

are included in the analysis because land classification is coded differently across counties. For 

example, some predominantly agricultural counties (e.g., Nash and Wilson counties) record no 

sales in agriculture, although visual inspection shows transacted land that is clearly in 

agriculture.22 Vacant land not included in the analysis are those classified as institutional, marsh, 

swamp, unusable land, conservation, or under construction (overall, 38 observations are dropped 

due to this restriction).  

The data are also trimmed using a minimum and maximum sales price per acre. The data 

are trimmed of unusually low transaction prices because these may not represent arm’s length 

transactions (e.g., transfers between family members or heirs),23 or are not suitable for solar farm 

development (e.g., represent marsh or swamp land not suitable for agriculture). The data are also 

trimmed of unusually high transaction prices because they may represent land sales that were not 

being sold to be kept in agriculture (e.g., being sold to convert to residential development). 

While there is no clear evidence of what constitutes a minimum or maximum price per acre for 

farmland in NC, I follow Zhang et al. (2018) who use agricultural professionals’ opinions to 

explore the changes in farmland values in Iowa. Zhang et al. (2018) use $300 per-acre as a 

minimum price of agricultural land in their analysis and I follow this for a lower bound.24 For 

upper bound, Zhang et al. (2018) use $20,000 per acre. However, Rich Kirkland, a real estate 

                                                 
22 Residential vacant, commercial vacant, industrial vacant, open space vacant, general vacant, or agricultural vacant 

land are included in the analysis. 
23 Arm’s length transactions are expected to represent the true market value of the property (i.e. exclude transactions 

such as foreclosures or quitclaim deeds that may not represent the true market value). 
24 I further consulted with Rich Kirkland, a real estate appraisal expert in NC, to determine the range of agricultural 

land value in NC. Based on his expertise and knowledge, he suggested a minimum price of production farm land of 

$1,000 per acre, and he reports that hunting land value could be as low as $300-$400 per acre. Therefore, as a 

robustness check the results are also provided for agricultural land sales greater than $1,000 per-acre   
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appraisal expert in NC report that farmland caps at $10,000 per-acre. To be conservative, I use 

$10,000 per acre, but allow prices as high as $20,000 in robustness checks.  

The final sample consists of 2,017 land sales within 5 miles of 303 solar farms in 62 

counties between 2007–2017. Table 2.3 reports summary statistics of the variables used in the 

agricultural property analysis. The average price per acre (adjusted to 2017 using the CPI) of 

agricultural land is $2,642.25 The average size of a parcel sold is 87 acres, and ranges from 30 

acres to over 1,500 acres, although not reported, approximately 80 percent of sales are smaller 

than 100 acres.   

Location characteristics for each sale were created using the Euclidean distance from the 

latitude and longitude of a sale provided by Zillow to the boundary of the nearest solar farm, 

either one already constructed at the time of sale or yet to be built.26 As shown in Table 2.3, the 

average distance to the nearest solar farm is 3.13 miles. Other location characteristics include 

distance to the nearest: transmission line, city boundary, bodies of water, primary and secondary 

roads, airports, and recreational areas such as parks. The average distance to the nearest 

transmission line is 1.73 miles (see Table 2.3). Zero distance means that the land is adjacent to 

solar farm, transmission line, water bodies, roads, open space and/or airport, respectively. 

Finally, distance to city boundary equals zero if the land is located inside the city. 

The data are further augmented by adding land characteristic and soil quality variables as 

these variables are typically examined in hedonic models for agricultural land analysis (see for 

example Ma and Swinton, 2011 and 2012). It is important to distinguish between the methods 

                                                 
25 This is lower than the average cropland value per acre in NC reported by the USDA-NASS report, 2017. 
26 If there is no solar farm built within a 5-mile radius at the time of a sale, then distance is measured to the first 

solar farm that is built after the sale and within a 5-mile radius. For example, if an agricultural parcel was sold in 

2010 and the first solar farm was built in 2012 within a 5-mile radius, then the distance is calculated to that solar 

farm. 
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employed to create land and location characteristics. In order to create land characteristics, 

latitude and longitude of each agricultural land sale is spatially matched to a parcel boundary 

obtained from NC OneMap. For these parcels each land characteristic is created.27 This approach 

is somewhat imprecise as sales, for example, can include more than one legally defined parcel. 

As such, land characteristics may not represent the transaction’s characteristics. This 

methodology could explain some of the values observed in summary statistics. For example, 

some observations have 100 percent of a parcel covered by wetland, grassland, or forest. I 

provide estimates with and without these somewhat imprecisely measured land characteristics 

and results for the key covariates remain unchanged. 

As reported in Table 2.3, the parcels tend to be flat, with the average representative slope 

of a parcel being 4.5 degrees. Also, on average, 8.6 percent of each parcel is located within a 

100-year floodplain. In addition, on average 40.7 percent of each parcel is covered by grassland 

and 36 percent by forest. Finally, Figure 2.5 shows the distribution of agricultural land sales 

included in the analysis relative to solar farms across space. 

2.5    Empirical Strategy 

To test the hypothesis empirically, the relationship between agricultural land prices and 

distance to the nearest solar farm is examined in a difference-in-differences-style framework. A 

simple specification that only considers direct impacts of solar farm on neighboring agricultural 

land is:  

                                                 
27 To create the percentage of forest, water, grassland, wetland, barren, and development intensity coverages, the 

latitude and longitude coordinates for each transaction provided by Zillow were spatially matched to a GIS of parcel 

boundaries obtained from NC OneMap available at http://data.nconemap.com/geoportal/catalog/main/home.page. 

Then, the parcel boundary map was overlaid by the National Land Cover Data (NLCD) layers for 2001, 2006, and 

2011 years. Parcels are further spatially matched with publicly available soil quality data obtained from the US 

Department of Agriculture's Natural Resources Conservation Service (USDA NRCS) to create soil quality 

characteristics. The soil quality characteristics include the natural drainage of soil, land suitability for crop 

production, soil loss tolerance factor, and degrees of slope of the parcel. 

http://data.nconemap.com/geoportal/catalog/main/home.page
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ln (𝑝𝑟𝑖𝑐𝑒 𝑝𝑒𝑟 𝑎𝑐𝑟𝑒)𝑗𝑡𝑐𝑠 = 𝛼 + 𝛽 ∗ ln(𝑑𝑖𝑠𝑡_𝑠𝑓)𝑗𝑡𝑐𝑠 + 𝛿 ∗ 𝐴𝑓𝑡𝑒𝑟𝑗𝑡𝑐𝑠 + 𝛾 ∗ ln(𝑑𝑖𝑠𝑡_𝑠𝑓)𝑗𝑡𝑐𝑠 ∗ 𝐴𝑓𝑡𝑒𝑟𝑗𝑡𝑐𝑠 

                                            +𝑋𝑗𝑡𝑐 ∗ 𝜃 + 𝑍𝑗𝑡𝑐 ∗ 𝜗 + 𝜏𝑐𝑡 + 𝜇𝑠 + 𝜖𝑗𝑡𝑐𝑠 ,                                              (2.5)  

where ln (𝑝𝑟𝑖𝑐𝑒 𝑝𝑒𝑟 𝑎𝑐𝑟𝑒) 𝑗𝑡𝑐𝑠 denotes the natural log of the per-acre sale price of agricultural 

parcel j that sold in year t, located in county c, and whose nearest solar farm is denoted by s. The 

term ln(𝑑𝑖𝑠𝑡_𝑠𝑓)𝑗𝑡𝑐𝑠 is the natural log of distance between agricultural land j and its nearest solar 

farm, s, existing or to be constructed during the sample period. A binary variable 𝐴𝑓𝑡𝑒𝑟𝑗𝑡𝑐𝑠 

equals one if land j is sold after the nearest solar farm is built (i.e. year sold ≥ year built). The 

interaction term, ∗ 𝐴𝑓𝑡𝑒𝑟, captures any externalities associated with solar farms which are capitalized 

into property values. Next, the terms 𝑋𝑗𝑡𝑐 and 𝑍𝑗𝑡𝑐 are vectors of land and location characteristics, 

respectively that were presented in Table 2.3. The term 𝜇𝑠 is a solar farm spatial fixed effect that 

captures any time invariant common unmeasured characteristics for all agricultural land sales 

whose nearest solar farm is s. County-by-year fixed effects are denoted by 𝜏𝑐𝑡, which captures 

any differential change in land values across counties over time that are not attributed to changes 

in land characteristics. Spatial-fixed effects are used to control for omitted variables and 

endogeneity biases common in hedonic analysis (Kuminoff, Parmeter, and Pope, 2010). Finally, 

𝛼, 𝛽, 𝛾, 𝛿, 𝜃 𝑎𝑛𝑑 𝜗 are coefficients to be estimated and 𝜖𝑖𝑡 is the error term. The coefficient of 

interest is 𝛾, which indicates whether landowners value being in close proximity to a solar farm 

after its construction.  

The model in equation (2.5) is expanded to measure potential option values that may 

affect land value post solar farm construction. The modified specification includes distance to the 

transmission lines before and after a solar farm is built nearby: 
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ln(𝑝𝑟𝑖𝑐𝑒 𝑝𝑒𝑟 𝑎𝑐𝑟𝑒) 𝑗𝑡𝑐𝑠 = 𝛼 + 𝛽 ∗ ln(𝑑𝑖𝑠𝑡_𝑠𝑓)𝑗𝑡𝑐𝑠 +   𝛿 ∗ ln(𝑑𝑖𝑠𝑡_𝑡𝑙)𝑗𝑡𝑐 +  𝜎 ∗ 𝐴𝑓𝑡𝑒𝑟𝑗𝑡𝑐𝑠 +

                                            + 𝛾 ∗ ln(𝑑𝑖𝑠𝑡_𝑠𝑓)𝑗𝑡𝑐𝑠  ∗ 𝐴𝑓𝑡𝑒𝑟𝑗𝑡𝑐𝑠 +  𝜑 ∗ ln(𝑑𝑖𝑠𝑡_𝑡𝑙)𝑗𝑡𝑐 ∗ 𝐴𝑓𝑡𝑒𝑟𝑗𝑡𝑐𝑠 +

                                            + 𝑋𝑗𝑡𝑐 ∗ 𝜃 + 𝑍𝑗𝑡𝑐 ∗ 𝜗 + 𝜏𝑡𝑐 + 𝜇𝑠 + 𝜖𝑗𝑡𝑐𝑠 ,                                             (2.6)  

where, ln(𝑑𝑖𝑠𝑡_𝑡𝑙)𝑗𝑡𝑐 is the natural log of distance from agricultural land j that sold in year t in 

county c to the nearest transmission line. All other variables are as defined in equation (2.5). The 

coefficient of interest is 𝜑, which indicates whether landowners value being in close proximity to 

a transmission line after a solar farm is built in the area. The expectation is that once a solar farm 

is built nearby, landowners will recognize the option value associated with solar farm 

development and this value will be capitalized into sale prices for parcels located near electricity 

infrastructure (𝜑 ≤0). The assumption underlying this specification is that that the transmission 

infrastructure is planned and built independently of where solar farms are sited. In other words, a 

solar developer’s decision where to site a solar farm is conditional on the existing transmission 

infrastructure. If this assumption is violated and the transmission lines are endogenously placed 

in response to the construction of a solar farm, then the coefficient estimate for ln(𝑑𝑖𝑠𝑡_𝑡𝑙) ∗

𝐴𝑓𝑡𝑒𝑟 will be attenuated (i.e. downward biased). 

2.6    Results 

Estimation results for agricultural land sales are presented in Table 2.4.28 The full set of 

covariates are reported in the Appendix A, Table 2.3A. The sample includes land sales from 

2007 to 2017 within a 5 mile radius of the nearest solar farm, existing or yet to be constructed 

during the study period. Table 2.4 reports coefficient estimates for equation (2.6), where columns 

(1) to (4) present results including the most restrictive to the least restrictive samples, 

                                                 
28 Table 2.2A in the Appendix A reports results for equation (2.5), where land and location characteristics are not 

included in the analysis.  
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respectively. Results in column (1) are based on the most restrictive sample where the land sales 

prices vary from $1,000 to $7,000 per acre. Sales prices vary from $1,000 to $10,000 per acre in 

column (2), from $300 to $7,000 per acre in column (3), and from $300 to $10,000 per acre in 

the least restrictive sample, column (4). All columns control for land and location characteristics 

and include county-by-year and solar-farm fixed effects. Robust standard errors are reported in 

parentheses.   

Briefly, before presenting the key results, I summarize the results for other covariates. As 

indicated in columns (3) and (4) (the least restrictive samples) of Table 2.3A, a larger parcel is 

sold for lower price per acre. This inverse relationship between price per acre of agricultural land 

and parcel size is consistent with the findings of Miller (2006) and Ma and Swinton (2012). 

Results also indicate that parcels with greater grass coverage are associated with higher prices 

per acre. Furthermore, being closer to a river is associated with higher per acre prices of 

agricultural land. Lastly, in the most restricted sample (column 1), proximity to open space is 

positively valued, while water coverage on the parcel is negatively valued. Other variables are 

not statistically distinguishable from zero, and thus are not discussed. 

Main results are reported in columns (1) through (4) of Table 2.4 and indicate that 

proximity to solar farms (before or after it is built) has no statistically significant effect on 

agricultural land values (see ln(dist_sf) and ln(dist_sf) x After in Table 2.4). The coefficient 

estimates for ln(dist_sf) are economically very small, highly insignificant and inconsistently 

signed, which suggests that there are no systematic features of the land upon which future solar 

farms are going to be sited that affects neighboring property values (these estimates can be found 

in the first row of Table 2.4). After a solar farm is built, however, coefficient estimates indicate a 

consistently negative but not statistically different than zero (t-stats are 1.25 or less) effect on 



   

23 

 

sales prices (see ln(dist_sf) x After). Results thus do not provide evidence that solar farms 

negatively affect nearby agricultural land values.29  

Although there are no direct effects of solar farms on agricultural land values, there is an 

indirect effect of solar farm construction through a consistent relationship between land values 

and proximity to a transmission line after a solar farm is built. Coefficient estimates for distance 

to a transmission line prior to a solar farm being built suggest that transmission lines are a 

disamenity for agricultural land buyers. The coefficient is always positive, but only significant in 

models with less restrictive samples (columns 3 and 4 of Table 2.4). This finding is consistent 

with Elliott and Wadley (2002), where the authors argue that transmission lines significantly 

diminish nearby property values due to aesthetic and safety concerns.30  

In contrast to the results for before a solar farm is built, the coefficient estimates for 

ln(dist_tl) x After suggest that landowners value being closer to a transmission line after a solar 

farm is built nearby. In each model, the magnitude of the coefficient estimate for ln(dist_tl) x 

After indicates that the price increases for agricultural land in close proximity to transmission 

lines after the construction of a nearby solar farm fully recovers the repressed values of these 

parcels due to the disamenity generated by transmission lines before the solar farm installation. 

Since I estimate a log-log specification, the estimated coefficient on the log of the distance 

measure represents the elasticity of price with respect to the distance to the nearest transmission 

line. Accordingly, based on the most restrictive sample (column 1), a one percent increase in 

distance to the nearest transmission line decreases agricultural land values by 0.048 percent, after 

                                                 
29 The estimated coefficients for ln(dist_sf) and ln(dist_sf) x After are qualitatively similar and not statistically 

significant in models that include only solar farm proximity and not transmission line proximity (equation 2.5), and 

thus are not reported. 
30 I re-estimated equation (2.6) for agricultural land sales between 1997 and 2007, prior to the first solar farm 

construction year (results are not reported). The coefficient estimates for distance to a transmission line remain 

positive but are smaller in magnitude than those reported in Table 2.4. In addition, the point estimates are not 

statistically significant, which might be explained by the small sample size (N=620). 
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the construction of the solar farm in the area, all else equal. This estimate decreases when the 

least restrictive sample is considered (column 4) and indicates a one percent increase in distance 

to the nearest transmission line decreases land values by 0.029 percent.  

To put these results in perspective, consider a parcel that sells for the mean per-acre price 

of $2,642 and which is located 1 mile from a transmission line. Results suggest that if this parcel 

sold after a solar farm was constructed and was instead located 0.9 miles from the transmission 

line (or 10 percent closer), it would sell for between $7.66 and $12.7 more per acre. Multiplying 

this per-acre estimate by 30 acres (the average size needed for a 5 MW farm) suggests an 

increase in sales price of between $230 and $380 for this 30 acre parcel. For comparison, 

building a solar farm 0.1 miles or 10 percent closer to an existing transmission line could save 

roughly between $39,000 for a 138 kV single circuit line to $134,380 for a 345 kV single circuit 

line.31 This calculation suggests that the estimated capital gains after a solar farm is built nearby 

for an agricultural land owner with property also close to transmission lines are substantial.  

To summarize, I find no negative or positive spillover effects of solar farms construction 

on agricultural land values through direct channels (e.g., potential concerns about proximity 

impacts on land productivity or visual amenities). However, proximity to a transmission line 

appears to be a disamenity that reverses and is valuable to land owners after a solar farm is built. 

This evidence suggests that a solar farm construction signals the potential for solar development 

in the area, which is recognized by land markets and reflected in higher land values. 

 

 

                                                 
31 This calculation is based on the information reported in the Public Service Commission of Wisconsin (2011) and 

in the Western Electricity Coordinating Council (2014) reports. 
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2.6.1    Robustness Analysis 

In the main analysis, the sample is restricted to parcels larger than 30 acres since it is an 

average land size occupied by a 5 MW solar farm. In this section, I relax this restriction to 

account for possibility of smaller solar farms or multiple adjacent land sales that could host a 

larger solar farm. Table 2.5 summarize results for agricultural land sales larger than 10 acres 

within 5 miles of the nearest solar farm. As in the main analysis, the different columns present 

models that vary by the price cut-offs used to trim the samples. For simplicity, only main 

coefficients are reported. Results are unchanged and indicate that proximity to a solar farm has 

no negative impact on property values (see coefficients for ln(dist_sf) and ln(dist_sf) x After in 

Table 2.5). Results regarding transmission lines are qualitatively similar to those reported in 

Table 2.4, with some variation (see coefficients for ln(dist_tl) and ln(dist_tl) x After in Table 

2.5). Specifically, the coefficient magnitudes for proximity to a transmission line are somewhat 

smaller for both before and after a solar farm is constructed and the coefficients lose statistical 

significance in the two most restrictive models (see estimates in the fourth and fifth rows of 

columns 1 and 2 of Table 2.5). This attenuation of the coefficients would be expected if parcels 

under 30 acres are not suitable for solar development.32  

As a further robustness check, I drop counties described as mostly urban from the 

analysis since prices in these areas could be driven by high-value residential development 

pressure. As would be expected, there are not many agricultural land sales in urban counties (for 

the least restrictive sample the number of observations drops from 2,017 to 1,927). Results for 

samples including parcels larger than 30 acres as well as samples including parcels larger than 10 

                                                 
32 In the sample, most of the sales occurred around solar farms larger than 4 MW. If larger solar farms signal 

potential for larger solar projects in the area, then parcels less than 30 acres might not be suitable for these projects. 

There is not enough variation in the sample to explore this potential heterogeneous effect by solar farms size. 
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acres are reported in Table 2.6. Results remain unchanged – there is not a direct negative effect 

of proximity to a solar farm after the construction of the nearest solar farm. In addition, 

coefficient estimates for ln(dist_tl) and ln(dist_tl) x After for parcels larger than 30 acres in rural 

areas are similar to the main results reported in Table 2.4 in both magnitude and significance. 

Coefficient estimates for ln(dist_tl) and ln(dist_tl) x After lose significance and magnitude for the 

sample including parcels as small as 10 acres (columns 5 to 8 of Table 2.6). This latter result 

further indicates that smaller parcels might be not suitable for solar development.33  

In addition, as discussed in Data section, the land attributes were created for the parcels 

that were spatially matched with latitude and longitude of each sale. As discussed, this could 

introduce measurement error into these variables. To explore whether including imprecisely 

measured land characteristics in the analysis alters the results, equation 2.6 is re-estimated where 

land characteristics are dropped from the analysis. Results are reported in Table 2.7 and are 

nearly identical to those in Table 2.4 for key covariates. Results for locational characteristics also 

remain unchanged (the full set of covariates are reported in the Appendix A, Table 2.6A).  

Finally, a series of robustness checks is presented in the Appendix A, Table 2.7A. Results 

are based on the least restricted sample, where the sales prices range from $300 to $10,000 per 

acre. Column (1) drops vacant land that is classified as residential because it might be more 

difficult to build a solar farm on this type of a vacant land. Column (2) expands the sample size 

and includes sales from 1997 to 2017. Column (3) drops sales larger than 1,000 and column (4) 

includes only parcels which had no houses on the property. Column (5) estimates model which 

are clustered at the county level. Across all models, regardless of sample restriction, there is no 

                                                 
33 Appendix A, Table 2.4A, Panels A and B report results for 8 samples that arise from different assumptions about 

which high and low sales prices are used to trim the data. In addition, estimation results are also reported for only 

agricultural land sales (i.e. vacant land sales are dropped from the analysis) in the Appendix A, Table 2.5A. Results 

remain unchanged across the 24 samples reported in these two tables.   
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change in the basic conclusions drawn from the baseline results. That is, there is no evidence that 

agricultural land near solar farms are impacted by the presence of the solar farm directly. 

However, results also indicate that landowners value being in close proximity to a transmission 

line after a solar farm is built in the area.  

2.7    Conclusion 

Ground-level solar installations require large lots of land, which raises concerns about the 

loss of farmland to solar development. Yet, leasing of farmland for solar development can be a 

lucrative opportunity for agricultural land owners. Solar developers in NC have paid per-acre 

rents to landowners that range from $500 to $1,400 annually during our sample period, while the 

average rent for land in agricultural use in NC range between $27 and $102 per acre in 2015 

(NCSEA, 2017). This financial incentive sharpens concerns regarding the loss of farmland to 

solar projects. In addition to this concern, siting of solar farms are often subject to local 

opposition, mainly due to a perceived negative visual effect of solar installations on nearby 

property values.  

This is the first study that quantifies the impact of utility-scale land-based solar 

installations on agricultural land values. Results suggest that the construction of the solar farm 

does not create a positive or negative spillover effect on nearby agricultural land values. 

However, results suggest that construction of a solar farm nearby creates a signal effect of 

suitability of the land for solar development. Thus, after construction of the solar farm, 

landowners value being in close proximity to transmission lines, given the importance of this 

feature in a solar developers siting decision.  

Although the current research examines the average impact of solar farms on nearby 

agricultural land values, future research would explore solar farm intensity/size and examine any 
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differential effect of solar farms on nearby property values by their size. To accomplish this, 

more sales post-construction of farms is needed, and would be available over time as more 

transactions occur. 
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Table 2.1. Summary statistics of solar farms 

Panel A. Solar Farm Summary Statistics by time period    

Year 

# of Facilities 

Built Each 

Year 

Total New 

Capacity 

(MW) 

Mean New Capacity 

(MW) 

Std. 

Dev. 

Min 

Capacity  

Max 

Capacity 

2009 3 9.5 3.2 3.6 1 7.3 

2010 5 14.4 2.9 4.0 1 10 

2011 9 21.8 2.4 1.9 1 5 

2012 29 125.1 4.3 3.7 1 20 

2013 49 231.2 4.7 3.4 1 20 

2014 86 402.8 4.7 2.9 1 20 

2015 145 968.3 6.7 9.6 1.5 80 

2016 89 668.9 7.5 12.0 1.2 78.5 

2017 36 452.9 12.6 18.2 1.9 78.7 

Total 451 2,895 5.4 6.6 1.0 80.0 

Panel B. Distance (miles) between a solar farm and the nearest transmission line by year 

Year 

# of Facilities Built Each 

Year 

Mean Distance to a 

Transmission Line SD Min Max 

2009 3 0.17 0.21 0.01 0.47 

2010 5 0.40 0.22 0.04 0.74 

2011 9 0.91 1.22 0.01 3.89 

2012 29 0.79 1.11 0 4.45 

2013 49 0.91 1.33 0 5.54 

2014 86 0.94 1.22 0 5.28 

2015 145 0.87 1.31 0 9.90 

2016 89 0.61 0.64 0 2.41 

2017 36 0.74 1.03 0 3.26 

Total 451 0.70 0.92 0 9.90 

Note: The last solar farm in the sample was built in August 2017. According to panel B, for several solar farms the 

minimum distance to the nearest transmission line equals zero. In these cases, solar farm boundaries are adjacent to 

the nearest transmission line. 
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Table 2.2. Land characteristics of land in 2006 on which solar farms are built  

Land Characteristics Mean Std. Dev. Min Max 

Water (%) 0.0001 0.0029 0 0.06 

Open Space (development) (%) 3.54 9.34 0 89.40 

Low Intensity (development) (%) 0.62 3.23 0 36.80 

Medium Intensity (development) (%) 0.17 2.30 0 46.59 

High Intensity (development) (%) 0.002 0.041 0 0.84 

Barren (%) 0.17 1.33 0 18.35 

Forest (%) 19.93 31.21 0 100 

Grass (%) 74.74 32.45 0 100 

Wetland (%) 0.82 3.50 0 35.99 

Note: NLCD layer for 2006 year is used to construct the land characteristics of parcels on which solar farms are 

built before they are built. 
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Table 2.3. Summary statistics of agricultural land sales over the 2007 – 2017 period 

  
Unit Mean 

Std. 

dev. 
Min Max 

Transaction Information      
Sales Price (2017 dollars) Dollars 205,660 254,110 10,213 3,191,932 

Price per acre (2017 dollars) Dollars 2,642 2,009 300 9,985 

Total acres acres 87 107 30 1,657 

# of buildings Number 0.08 0.34 0 8 

Land Characteristics      
Well drained binary 0.65 0.48 0 1 

Best soil binary 0.90 0.30 0 1 

Soil loss tolerance factor (T factor) Tons 4.65 0.76 1 5 

Representative slope degrees 4.5 5.4 0.5 43 

Water (% of parcel coverage) % 0.29 1.88 0 38 

Wetland (% of parcel coverage) % 11.10 19.53 0 100 

Developed (% of parcel coverage) % 8.58 17.76 0 100 

Grassland (% of parcel coverage) % 40.69 31.51 0 100 

Forest (% of parcel coverage) % 36.33 32.92 0 100 

Barren (% of parcel coverage) % 0.27 2.98 0 44 

% of parcel within 100 year flood 

plain 
% 

8.64 21.88 0 100 

Location Determinants      
Distance to solar farm mile 3.13 1.28 0.06 5.00 

Distance to transmission line mile 1.73 1.64 0 11.14 

Distance to river mile 0.27 0.20 0 1.44 

Distance to lake mile 1.59 1.37 0 10.35 

Distance to primary road mile 1.14 0.96 0 5.79 

Distance to secondary road mile 0.18 0.18 0 1.70 

Distance to city boundary mile 2.30 2.07 0 16.03 

Distance to recreational land mile 8.81 5.28 0 26.80 

Distance to the airport mile 26.98 14.81 0.53 95.97 

Note: The final sample for agricultural land analysis includes 2,017 land sales around 303 solar farms built between 

2009 and 2017. 
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Table 2.4. Estimated coefficients for agricultural land sales over 30 acresa 

a. The dependent variable is the natural log of sales price per acre for agricultural land sold between 2007 and 2017 

within 5 miles from a nearest solar farm. The sample is restricted to sales greater than 30 acres. Finally, robust 

standard errors are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 

b. F-test for ln (dist_tl) + ln (dist_tl) x After = 0.  

  

Sample restriction 

Sales prices 

between  

$1,000 and $7,000  

per acre 

Sales prices  

between  

$1,000 and $10,000  

per acre 

Sales prices 

between 

 $300 and $7,000 

per acre 

Sales prices 

between  

$300 and $10,000 

per acre 
 (1) (2) (3) (4) 

ln (dist_sf) 0.005 -0.003 -0.010 -0.007 
 (0.039) (0.044) (0.050) (0.053) 

After 0.047 0.021 -0.012 -0.045 
 (0.110) (0.115) (0.139) (0.141) 

ln (dist_sf) x After -0.091 -0.059 -0.106 -0.080 
 (0.066) (0.070) (0.085) (0.086) 

ln (dist_tl) 0.015 0.025 0.078*** 0.081*** 
 (0.022) (0.022) (0.028) (0.027) 

ln (dist_tl) x After -0.063** -0.074** -0.102** -0.110*** 
 (0.031) (0.033) (0.042) (0.042) 

Controls Yes Yes Yes Yes 

County x Year FE, 

Solar Farm FE 
Yes Yes Yes Yes 

Adjusted R2 0.213 0.242 0.148 0.192 

Observations 1,512 1,616 1,913 2,017 

F-testb  3.633 3.189 0.495 0.708 

(P-value) (0.057) (0.074) (0.482) (0.400) 
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Table 2.5. Estimated coefficients for agricultural land sales over 10 acresa 

Sample restriction 

Sales prices 

between  

$1,000 and $7,000  

per acre 

Sales prices 

between  

$1,000 and $10,000 

 per acre 

Sales prices 

between 

 $300 and $7,000 

per acre 

Sales prices 

between  

$300 and 

$10,000 per acre 
 (1) (2) (3) (4) 

ln (dist_sf) -0.011 0.004 0.010 0.029 
 (0.025) (0.027) (0.032) (0.033) 

After -0.057 -0.085 -0.144* -0.152* 
 (0.069) (0.070) (0.087) (0.085) 

ln (dist_sf) x After 0.022 0.027 -0.007 -0.003 
 (0.043) (0.043) (0.053) (0.051) 

ln (dist_tl) 0.003 0.012 0.028* 0.033* 
 (0.013) (0.014) (0.017) (0.017) 

ln (dist_tl) x After -0.028 -0.015 -0.061** -0.043* 
 (0.020) (0.021) (0.026) (0.026) 

Controls Yes Yes Yes Yes 

County x Year FE, Solar 

Farm FE 
Yes Yes Yes Yes 

Adjusted R2 0.200 0.234 0.176 0.212 

Observations 3,190 3,609 3,888 4,307 

F-testb  2.394 0.020 2.555 0.254 

(P-value) (0.122) (0.887) (0.110) (0.614) 

a. The dependent variable is the natural log of sales price per acre for agricultural land sold between 2007 and 2017 

within 5 miles from a nearest solar farm. The sample is restricted to sales greater than 10 acres. Finally, robust 

standard errors are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 

b. F-test for ln(dist_tl) + ln(dist_tl) x After = 0.  
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Table 2.6. Estimated coefficients for agricultural land sales for rural and suburban countiesa  
 Only Parcels > 30 Acres  Only Parcels > 10 Acres 

Sample restriction 

Sales prices 

between  

$1,000 and 

$7,000  

per acre 

Sales prices 

between  

$1,000 and 

$10,000 

 per acre 

Sales prices 

between 

 $300 and 

$7,000  

per acre 

Sales prices 

between  

$300 and 

$10,000  

per acre 

 

Sales prices 

between  

$1,000 and 

$7,000  

per acre 

Sales prices 

between  

$1,000 and 

$10,000 

 per acre 

Sales prices 

between 

 $300 and 

$7,000  

per acre 

Sales prices 

between  

$300 and 

$10,000  

per acre 
 (1) (2) (3) (4)   (5) (6) (7) (8) 

ln (dist_sf) 0.005 -0.005 -0.009 -0.006  -0.008 0.006 0.009 0.028 
 (0.040) (0.044) (0.050) (0.053)  (0.026) (0.027) (0.032) (0.033) 

After 0.040 0.026 0.024 0.002  -0.054 -0.096 -0.131 -0.146* 
 (0.110) (0.115) (0.139) (0.140)  (0.070) (0.072) (0.088) (0.087) 

ln (dist_sf) x After -0.098 -0.079 -0.119 -0.108  0.002 0.019 -0.023 -0.010 
 (0.066) (0.069) (0.084) (0.085)  (0.044) (0.044) (0.054) (0.053) 

ln (dist_tl) 0.008 0.020 0.073*** 0.077***  -0.001 0.009 0.025 0.029 
 (0.022) (0.023) (0.028) (0.028)  (0.014) (0.014) (0.018) (0.018) 

ln (dist_tl) x After -0.053* -0.066* -0.101** -0.108**  -0.016 -0.014 -0.052** -0.041 
 (0.031) (0.034) (0.043) (0.042)  (0.020) (0.021) (0.026) (0.027) 

Controls Yes Yes Yes Yes  Yes Yes Yes Yes 

County x Year FE, Solar Farm 

FE 
Yes Yes Yes Yes  Yes Yes Yes Yes 

Adjusted R2 0.191 0.219 0.133 0.172  0.190 0.224 0.166 0.198 

Observations 1,443 1,533 1,837 1,927  3,028 3,393 3,715 4,080 

F-testb  3.153 2.699 0.654 0.816  1.068 0.103 1.569 0.318 

(P-value) (0.076) (0.101) (0.419) (0.367)  (0.302) (0.748) (0.210) (0.573) 

a. The dependent variable is the natural log of sales price per acre for agricultural land sold between 2007 and 2017 within 5 miles from a nearest solar farm. 

Columns (1) to (4) restricts the sample to land sales larger than 30 acres, while columns (5) to (8) restricts the sample to land sales larger than 10 acres. Urban 

counties are dropped from all columns. Finally, robust standard errors are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 

b. F-test for ln (dist_tl) + ln (dist_tl) x After = 0.  
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Table 2.7. Agricultural land sales analysis, dropping land characteristic dataa 

Sample restriction 
Sales prices between  

$1,000 and $7,000  

per acre 

Sales prices between  

$1,000 and $10,000 

 per acre 

Sales prices 

between 

 $300 and $7,000  

per acre 

Sales prices 

between  

$300 and $10,000  

per acre 
 (1) (2) (3) (4) 

ln (dist_sf) -0.008 -0.007 -0.015 -0.009 
 (0.039) (0.042) (0.049) (0.051) 

After 0.047 0.031 -0.010 -0.032 
 (0.109) (0.114) (0.136) (0.137) 

ln (dist_sf) x After -0.098 -0.075 -0.112 -0.092 
 (0.065) (0.069) (0.083) (0.084) 

ln (dist_tl) 0.012 0.018 0.068** 0.070*** 
 (0.021) (0.022) (0.027) (0.027) 

ln (dist_tl) x After -0.063** -0.073** -0.095** -0.103** 
 (0.031) (0.033) (0.041) (0.041) 

County x Year FE, 

Solar Farm FE 
Yes Yes Yes Yes 

Adjusted R2 0.195 0.232 0.144 0.188 

Observations 1,512 1,616 1,913 2,017 

F-testb 4.260 3.741 0.597 0.853 

(P-test) (0.039) (0.053) (0.440) (0.356) 

a. The dependent variable is the natural log of sales price per acre for only agricultural land sold between 2007 and 

2017 within 5 miles from a nearest solar farm (i.e. vacant land sales are dropped from the analysis). Finally, robust 

standard errors are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 

b. F-test for ln (dist_tl) + ln (dist_tl) x After = 0. 
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Figure 2.1. Number of solar farms and cumulative installed capacity by years 
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Figure 2.2. Scatter plot of land size (in acres) of solar farm by solar farm capacity 
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Figure 2.3. CDF of solar farm distances to the nearest transmission lines 
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Note: This figure maps all 451 solar farms across North Carolina by their capacity, measured in megawatts (MW). 

The North Carolina Rural Center uses density to classify counties into urban, sub-urban, and rural counties. Counties 

with density that exceeds 750 people per square mile are classified as urban. Counties with density between 250 – 

750 people per square mile are sub-urban. And counties with density less than 250 people per square mile are 

defined as rural. 

   

Figure 2.4. All solar farms 
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Note: This figure maps solar farms used in agricultural land analysis as well as agricultural land sales. The final sample for agricultural land analysis includes 

2,017 land sales and 303 solar farms built between 2009 and 2017. 

 

Figure 2.5. Solar farms and agricultural land sales 
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Chapter 3 

Solar Farms and Residential Property Values in North 

Carolina 

3.1    Introduction  

The increasing presence of solar energy installations across the United States is a highly 

contentious issue. Solar proponents argue that among other benefits, ground-mount solar 

installations lead to local economic development, more jobs and higher tax revenues. While a 

large majority of Americans express support for solar energy expansion,34 there can be local 

opposition to projects motivated by potential negative spillover effects. One specific concern is a 

potential negative effect of solar installations on neighboring property values. Although a limited 

number of studies have shown that equipping a home with rooftop solar panels can increase the 

property’s value (Qiu et al. 2017, Hoen et al. 2017, Dastrup et al. 2012, Adomatis and Hoen, 

2016, and Wee, 2016), neighbors often testify in court against solar installations asserting that 

the installation of nearby solar panels will diminish their house value (see, for example, Johnson, 

2012 and Cignoli, 2012).  

In this research, I explore how ground-mount, utility scale solar systems affect nearby 

residential property values. Understanding the impact of ground-mount solar installations on 

surrounding property values is important not only to private decision makers when deciding 

whether to purchase a house close to solar installations or to install solar panels on their property, 

                                                 
34 Kennedy, Brian (2016), “Americans strongly favor expanding solar power to help address costs and 

environmental concerns,” Pew Research Center: http://pewrsr.ch/2dK9KKQ. 
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but also to policy makers trying to understand the consequences of encouraging renewable 

energy technology. Furthermore, quantifying the overall effect of ground-mount solar 

installations on residential property values is one of the important components that should be 

considered in cost–benefit analysis of solar energy expansion. 

This is the first study that explores and quantifies the effect of ground-mount solar panel 

installations on neighboring house values.35 This chapter analyzes effects on property values 

using a comprehensive, high-resolution house transactions data obtained from Zillow Research 

(2017)36 that are spatially linked to ground-mount solar installations in North Carolina (NC). NC 

is a leading state in utility-scale solar installations (referred to hereafter as “solar farms”), and 

thus there are sufficient house sales in close proximity to solar farms, making the study area ideal 

for exploring effects of solar farms on nearby housing values.37 House sales data are analyzed in 

a difference-in-differences style framework to examine changes in house values in response to 

the opening of solar farms in surrounding neighborhoods.  

This chapter proposes a novel measure of exposure, where the treatment and control 

groups are defined based on street network distance measure. The results suggest that the street 

network distance might be a better proxy for capturing how a household might experience solar 

farms than Euclidean distance commonly used in the hedonic pricing literature (Taylor, 2017). 

                                                 
35 There are a number of studies that explore land-based wind farm effects on neighboring residential home prices, 

and these studies report mixed results. For example, Lang et al. (2014) and Hoen et al. (2015) find no statistically 

significant impact of wind farms on neighboring home values, while Heintzelman and Tuttle (2012) and Jensen et al. 

(2018) find that wind farms reduce nearby property values and that the magnitude of this impact depends on 

proximity to the farm and the size of the farm. I would expect that wind farms are more likely to have negative 

spillover effects than solar farms because of wind turbine size and impact on the viewshed over large distances, 

potential noise, flicker and nighttime lighting that would not be present with solar arrays. 
36 Data provided by Zillow through the Zillow Transaction and Assessment Dataset (ZTRAX). More information 

on accessing the data can be found at http://www.zillow.com/ztrax. The results and opinions are those of the 

author(s) and do not reflect the position of Zillow Group. 
37 In California and Arizona, most of the large, ground-level solar systems are installed in desert areas thus, 

providing less potential to examine effects on nearby house values. 
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Solar ordinances typically require vegetative buffers between solar farms and residential areas 

(Lovelady, 2014) that could mitigate visual effects of solar farms. However, vegetative buffers 

are not usually required between solar farms and roads. This suggests that the street network 

distance might capture the primary means of exposure for those that drive by farms and 

experience the visual externality as part of their commute.  

The primary analysis indicates that the construction of a solar farm decreases property 

values of houses located within one mile of the solar farm by 8.7 percent when the street network 

measure of distance to a solar farm is employed. This effect is larger in magnitude (12.5 percent) 

when only houses within a half-mile of the solar farm are analyzed. Interestingly, these effects 

are primarily attributed to solar farms with less than 5 MW capacity because there are not 

sufficient home sales around larger solar farms. (Thus, further exploration is necessary to 

evaluate the effect of solar farms with larger capacity on nearby house values.)  

Back-of-the-envelope calculations show that a solar farm construction leads to about a 

$11,900 reduction in average house value for houses located within one mile of the solar farm. 

Applying this estimate to the number of sales in the sample within one mile of the solar farm 

results in a $3.1 million loss in house value capitalization. In addition, results also suggest that 

the solar farm construction reduces the frequency of home sales (by about 6 percent) within one 

mile of the solar farm. I am unable to determine if these effects are primarily supply side driven 

(e.g., houses are not put on the market as frequently), or demand-side (i.e. homes are put up for 

sale, not purchased, and subsequently removed from active listing). 

The rest of the chapter is organized as follows. Section 3.2 reviews hedonic theory and 

states the hypothesis tested in the chapter. Data are discussed in Section 3.3. Section 3.4 
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describes the empirical strategy employed in the analysis. Results and robustness analysis are 

reported in Section 3.5, and Section 3.6 concludes.  

3.2    Theory 

A large body of literature uses hedonic pricing models to estimate the value of non-

market (dis)amenities in the field of environmental economics. For example, hedonic pricing 

models have been utilized to examine how property values are affected by being located near 

power plants (Davis, 2011), hazardous waste sites (Taylor et al., 2016, Ihlanfeldt and Taylor, 

2004), wind power facilities (Hinman, 2010, Hoen et al., 2015, Heintzelman and Tuttle, 2012), 

leaking underground storage tanks (Zabel and Guignet, 2012), shale gas development 

(Muehlenbachs et al., 2015), brownfields (Haninger et al., 2017), hog operations (Palmquist et 

al., 1997), waste incinerators (Kiel and McClain, 1995), and facilities that report to the Toxic 

Release Inventory (Banzhaf and Walsh, 2008).        

Rosen (1974) first formalized the economic theory that underlies hedonic pricing models, 

where the equilibrium price function is determined in a competitive market by the interaction of 

utility maximizing consumers with profit maximizing producers. Below I briefly review the 

hedonic model for the housing market. See Freeman (1993), Taylor (2017) and Palmquist (2006) 

for a complete description of the theory of the hedonic residential property value model. 

Hedonic theory applies to differentiated products that can be described by their set of 

product characteristics Z=(z1, z2, …, zn). In the case of housing, the vector of attributes typically 

includes structural attributes (e.g., number of bedrooms, number of bathrooms), neighborhood 

characteristics (e.g., average income of neighbors, school district quality), and locational 

characteristics (e.g., proximity to highways, proximity to parks). In this research, one of the 

relevant house characteristics is the location of a house relative to the nearest solar farm. The 
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equilibrium price function for housing maps house prices to their characteristics, and is 

determined in a perfectly competitive market through the interactions of many sellers and buyers. 

Furthermore, the price of a specific house with a particular set of attributes is determined by the 

equilibrium price function.  

According to hedonic theory, one can recover the implicit price of an attribute of interest 

by linking the equilibrium price function and buyer’s preferences for characteristics of a house. 

More explicitly, a utility maximization problem of a representative house buyer i with 𝑠𝑖 

sociodemographic characteristics is defined as: 

𝑚𝑎𝑥{𝑥,𝑧1,…,𝑧𝑛} 𝑈
𝑖(𝑥, 𝑧1, 𝑧2, … , 𝑧𝑛; 𝑠𝑖) 

                                                                                       𝑠. 𝑡.  𝑥 + 𝑃(𝑧) = 𝑀𝑖,                        (3.1) 

where an individual i with budget M maximizes his/her utility by purchasing a differentiated 

house at price P(z) and a composite numeraire good x whose price is normalized to one, subject 

to the budget constraint. The consumer is assumed to purchase one house only. The first order 

conditions imply the following optimal allocation of resources across a house characteristic 𝑧𝑖 

and a numeraire good:  

                                                             
𝜕𝑈𝑖(∙) 𝜕𝑧𝑖⁄

𝜕𝑈𝑖(∙) 𝜕𝑥⁄
=

𝜕𝑃(∙)

𝜕𝑧𝑖
,           ∀  𝑖 =1,2,…,n,                              (3.2) 

which states that it is optimal for a house buyer to purchase a house with the level of zi 

characteristic such that the marginal rate of substitution between zi and the numeraire good, x, 

equals the marginal implicit price of zi.       

An alternative formulation of the problem is to consider a house buyer’s bid function  

Ѳ𝑖(𝑧1; 𝑧2, … , 𝑧𝑛, 𝑠𝑖, 𝑈0
𝑖 ) that represents buyer’s maximum willingness to pay (WTP) for different 

levels of the z1 characteristic, holding utility and all other attributes of a house constant. The 

consumer’s problem can now be rewritten as: 
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                              𝑈𝑖(𝑀𝑖 − Ѳ𝑖(𝑧1; 𝑧2, … , 𝑧𝑛, 𝑠𝑖, 𝑈0
𝑖 ), 𝑧1, 𝑧2, … , 𝑧𝑛; 𝑠𝑖) ≡ 𝑈0

𝑖 ,                  (3.3) 

where utility is constant at the 𝑈0
𝑖  level. In equation (3.3), a house buyer chooses the level of z1 

characteristic by bidding Ѳ𝑖(·) and optimally trading z1 characteristic for the numeraire good, 

holding utility and all other house attributes constant. Solving equation (3.3) and deriving the 

marginal bid function for z1 results in the following expression:  

                                                                   
𝜕𝑈𝑖(∙)

𝜕𝑥
∗

𝜕Ѳ𝑖(∙)

𝜕𝑧1
=

𝜕𝑈𝑖(∙)

𝜕𝑧1
.                                                       (3.4) 

Rearranging terms in equation (3.4) implies that the marginal bid function or the marginal WTP 

for z1 characteristic equals the marginal rate of substitution between that characteristic and the 

numeraire good. Relating this result to equation (3.2) results:   

                                                                    
𝜕Ѳ𝑖(∙)

𝜕𝑧1
=

𝜕𝑈𝑖(∙) 𝜕𝑧1⁄

𝜕𝑈𝑖(∙) 𝜕𝑥⁄
=

𝜕𝑃(∙)

𝜕𝑧1
 ,                                               (3.5)                     

which implies that the consumer will bid such that the marginal bid for characteristic z1 will 

equal the market marginal price of that characteristic.  

Similarly, one can derive the optimal conditions for a house seller by solving the 

following profit maximization problem of a representative house seller j, with 𝛼𝑗 seller specific 

skills: 

𝑚𝑎𝑥𝑧 π𝑗 = 𝑃(𝑧) ∗ 𝑞 −  𝐶(𝑞, 𝑧, 𝛼𝑗) 

                                                                           𝑠. 𝑡.  𝑞 =  𝑞(𝑧, 𝛼𝑗),                                        (3.6) 

where 𝑃(𝑧) is a price of a particular house and it is defined by the equilibrium price function. 

Number of houses provided by seller j is denoted by 𝑞, and 𝐶(∙) is a well behaved cost function. 

After rearranging terms, the first order conditions imply that the optimal level of zi characteristic 

is determined by the following expression: 

                                                                           
𝜕𝑃(𝑧)

𝜕𝑧𝑖
=

𝜕𝐶(∙) 𝜕𝑧𝑖⁄

𝑞
.                                                       (3.7)    
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This optimization condition states that producers will choose characteristic levels such that the 

marginal implicit price of a characteristic zi equals the marginal cost (per house) of producing 

that characteristic.  

To reformulate the seller’s optimization problem, define a seller’s offer function 

𝜙𝑗(𝑧1; 𝑧2, … , 𝑧𝑛, 𝑞, 𝛼𝑗 , 𝜋0
𝑗
), which represents sellers minimum willingness to accept for various 

levels of z1 characteristic, holding number of units (q), profit (𝜋0
𝑗
) and all other house attributes 

constant. Thus, an alternative formulation of the producer problem is:  

                               𝜙𝑗(𝑧1; 𝑧2, … , 𝑧𝑛, 𝑞, 𝛼𝑗 , 𝜋0
𝑗
) ∗ 𝑞 − 𝐶(𝑞, 𝑧, 𝛼𝑗) ≡ 𝜋0

𝑗
.                        (3.8) 

Again, differentiation of equation (3.8) indicates that the firm will choose to provide the level of 

z1 such that the marginal price the firm is willing to accept for that characteristic equals the 

marginal cost of producing z1 per house, or  
𝜕𝜙𝑗(∙)

𝜕𝑧1
=

𝜕𝐶(∙) 𝜕𝑧1⁄

𝑞
. Linking this to equation (3.7) 

implies: 

                                                                              
𝜕𝜙𝑗(∙)

𝜕𝑧1
=

𝜕𝑃(𝑧)

𝜕𝑧1
.                                                         (3.9)                   

These results are represented graphically in Figure 3.1, where P(z1; z2,…, zn) represents an 

equilibrium price function that varies with z1. The optimal choice of z1 occurs when the bid 

function is tangent to the equilibrium price function (see equation 3.5). Say z1 represents distance 

to the nearest solar farm, then Figure 3.1 indicates that being farther away from the solar farm is 

preferred by house buyers. This could be true because visual impacts are expected to be the main 

effect associated with solar farms since there is very little noise from inverters and very little 

traffic/activity associated with farms once they are built.38 Buffers can alleviate visual 

                                                 
38Guldberg, Peter (2012), “Study of Acoustic and EMF Levels from Solar Photovoltaic Projects,” Massachusetts 

Clean Energy Center: www.masscec.com. Other commonly cited concerns regarding solar energy systems include 

glare, safety, and stormwater effects. Safety concern refers to the perceived hazardous materials used within the 

solar panels (Lovelady, 2014). 

http://www.masscec.com/
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externalities and there has not been any evidence that solar panels create health or safety hazards. 

Thus, the hypothesis is that proximity of a solar farm to a residence could have either negative or 

zero impacts on property values. 

Figure 3.1 plots the bid function for two types of buyers. According to the figure, the 

second buyer prefers to be farther away from the nearest solar farm and offers to pay higher 

implicit price, all else equal, than the first buyer. Although I expect being farther away from a 

solar farm increases house value, some house buyers may prefer a view of a solar farm and thus 

be willing to pay more if located near it. 

The offer function denoted by 𝜙𝑗(𝑧1; 𝑧2, … , 𝑧𝑛, 𝑞, 𝛼𝑗 , 𝜋0
𝑗
) is also presented in Figure 3.1. 

Again, the house seller’s optimal level of z1 is where the marginal offer is tangent to the 

equilibrium price function. Figure 3.1 makes clear that 𝑃(𝑧) is an equilibrium function and has 

no prescribed shape, but instead arises from all the tangencies. The estimation of 𝑃(𝑧) allows me 

to recover the marginal value of being an additional unit closer to a nearest solar farm. The 

estimation strategy for 𝑃(𝑧) is discussed in section 3.4. The assumption underlying this strategy 

is that I recover a small segment of the market that should not alter the hedonic price function. 

The results section provides evidence in support of this assumption and presents findings that 

reveal that the effect is localized.  

3.3    Data  

High-resolution confidential housing transactions data from Zillow Research (2017) are 

combined with solar farm locations and characteristics data available from the NC Clean Energy 

Technology Center to create the final sample for the analysis. In the following subsection, I 

provide details of the housing sales along with the specific solar farms used in this analysis. The 

universe of solar farms in NC is discussed in detail in Section 2.4 of Chapter 2.  
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3.3.1    Residential Sales Data 

Housing transactions data are restricted to single family house sales that cover NC over 

the 1997-2017 period that have information on a consistent set of housing characteristics across 

counties. The data contain information on the transaction price, transaction date, the location of 

the property (latitude and longitude), year built, lot size, square footage of living space, number 

of bedrooms, and number of bathrooms. Multiple sales for the same house are included in the 

analysis (Haninger et al., 2017) if resale dates are at least two years apart.39 In addition, sales 

with prices in the top one percent of all prices (Haninger et al., 2017) as well as sales with 

unusually low transaction prices (less than $20,000) are also excluded from the analysis as these 

prices likely do not represent market values (Taylor et al. 2016).  

Similar to hazardous waste sites (“brownfields”) that have highly localized effect on 

property values (see Taylor et al. 2016, Haninger et al. 2017, and Currie et al. 2015), it is 

expected that the potential effects of solar farm on house values are highly localized. For this 

reason, I restrict the sample to houses located within two-Euclidean miles from the nearest solar 

farm to help reduce the potential for unobserved neighborhood or spatial characteristics. Finally, 

to create a consistent measure of solar farm exposure across the sample, it is restricted to sales 

with at most one solar farm within two Euclidean miles (Haninger et al. 2017).40 The final 

sample consists of 15,939 sales.41  

                                                 
39 A house with more frequent sales may resemble an investment property by a house “flipper” (Bayer, Geissler, and 

Roberts, 2011). Four houses that where sold more than 5 times within the 20 years period are also dropped from the 

analysis. As a robustness check, the sample is restricted to the most recent housing transactions and the results 

remain unchanged.   
40 Results are not sensitive to the inclusion of sales with more than one solar farm in two-Euclidean mile distance.  
41 Analysis and results are also reported for a sample of 32,413 sales that are within three-Euclidean miles of a solar 

farm.  
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Summary statistics of the variables used in the analysis are reported in Table 3.1. All 

sales are in CPI adjusted 2017 dollars. As reported in Table 3.1, the average house is 32 years 

old, has 3 bedrooms, 2 bathrooms, 1,670 square footage of living space, and has a lot size of 0.9 

acres. The average sales price was $153,118. 

In addition to structural attributes, the final sample includes location and demographic 

characteristics. Location characteristics include Euclidian and street network distances to the 

nearest solar farm, regardless of when the sale occurred (e.g., even if a transaction occurred prior 

to the solar panels’ installation).42 Although the sample is restricted to house sales within two-

Euclidean miles from the nearest solar farm, houses could be located as far as 8.85 miles from 

the nearest solar farm based on the street network measure (see Table 3.1). While Euclidean 

distance measures the distance of a house to the boundary of the nearest solar farm, due to 

computational intensity street network distance measures the distance of a house to the centroid 

of the nearest solar farm.43 Euclidean and street network distances are not highly correlated. For 

instance, houses located within 0.3 miles of a solar farm according to the Euclidean distance are 

located as far as 1.4 miles according to the street network distance. Although Euclidean distance 

is a widely used proxy measure for visual effects in the literature (see for example Heintzelman 

and Tuttle, 2012, Hoen et al., 2015), relying on Euclidean measure could be misleading because 

there are barriers, such as rivers between the house and the solar farm, and many zoning 

ordinances require vegetative buffers between solar farms and residential areas (Lovelady, 

2014), which might all mitigate visual effect associated with a solar farm that make the exposure 

                                                 
42 Distance to the nearest solar farm measures distance at the time of sale from each house to the already constructed 

nearest solar farm within two-miles. If there is no solar farm built within two-miles at the time of a sale, then 

distance is measured to the first solar farm that would be built within two-miles for a given house.   
43 Practically speaking, there are no private driveways on ArcMap, thus the street network distance essentially 

measures the distance of a house to the boundary of a solar farm. 
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much less than Euclidean distance would suggest. Street network distance, on the other hand, 

may capture a primary means of exposure: the likelihood of driving by the farms.  

As reported in Table 3.1, the closest house in the sample is within 0.014 Euclidean miles 

(~75 feet) and 0.019 street network miles (~103 feet) from the nearest solar farm. The average 

capacity of solar farms located within two-Euclidean miles of each house is 4.4 MW. Other 

location characteristics reported in Table 3.1 include distance to the nearest major road, open 

space, and bodies of water.  

Sociodemographic characteristics were constructed using block group level data from the 

5-year American Community Survey (ACS).44 As shown in Table 3.1, the average income of a 

household is $57,951, 66.9 percent of individuals are white, 9.6 percent Hispanic, and 15.9 

percent have a bachelors degree or higher education in the study area.  

Finally, out of 451 solar farms with at least one MW capacity, only 249 have single 

family house sales within two miles that are synthesized and examined in the analysis. Table 3.2 

reports number of newly constructed solar farms each year along with their capacity. As 

indicated in Table 3.2, the first solar farm is constructed in 2009 and the number of installations 

increased afterward, reaching the maximum of 86 installations in 2015. Solar farm capacity 

varies from one MW to 80 MW, with the average 5.68 MW capacity over the entire sample 

period. Figure 3.2 depicts the geographic distribution of the solar farms employed in the analysis. 

3.4    Identification Strategy 

In order to examine the impact of solar farms on local housing prices, I focus on the dates 

at which solar farms begin operating and examine property values in response to openings of 

                                                 
44 Block groups define neighborhoods with populations of 600 to 3,000 individuals with similar characteristics.  
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solar farms that occur near the property. In other words, I examine houses in close proximity to 

solar farms relative to houses that are comparatively far away and explore how house prices 

change across these two groups after the solar farms were built relative to the prices before they 

were built. The idea is that a house in close proximity to a solar farm, defined as a treatment 

group, is exposed to visual externalities created by a solar farm while a house far away (defined 

as a control group) is not.45 This approach is a difference-in-differences-style framework where 

solar farm impacts on residential properties are explored using the following specification:  

    ln 𝑝𝑟𝑖𝑐𝑒𝑖𝑡𝑐𝑠 = 𝛼 + 𝛽 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖𝑐𝑠 + 𝛾 ∗ 𝑝𝑜𝑠𝑡𝑖𝑡𝑐𝑠 + 𝛿 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖𝑐𝑠 ∗ 𝑝𝑜𝑠𝑡𝑖𝑡𝑐𝑠 

                                                +𝑋𝑖𝑡𝑐 ∗ 𝜃 +  𝑍𝑖𝑡𝑐 ∗ 𝜗 + 𝜏𝑡𝑐 + 𝜇𝑠 + 휀𝑖𝑡𝑐𝑠,                                       (3.10) 

where ln 𝑃𝑟𝑖𝑐𝑒𝑖𝑡𝑐𝑠 denotes the natural log of the sale price of a house i that sold in year t, located 

in county c, and whose nearest solar farm is s. The dummy variable 𝑡𝑟𝑒𝑎𝑡𝑖𝑐𝑠 equals one if a 

house i is located in close proximity to a solar farm (already constructed or yet to be built). The 

dummy variable 𝑝𝑜𝑠𝑡𝑖𝑡𝑐𝑠 equals one if a house i is sold after its nearest solar farm s is built, and 

equals zero otherwise. The main coefficient of interest is 𝛿 that captures any differential change 

in property values that solar farm construction might have for houses in the treatment group 

relative to the ones in the control group. This specification allows the externality effect to be 

constant within a treatment group.  

Other variables in equation (3.10) capture housing and location characteristics  (𝑋𝑖𝑡𝑐), 

and neighborhood characteristics (𝑍𝑖𝑡𝑐). These variables were described in the data section (see 

also Table 3.1). The term 𝜇𝑠 is a solar farm fixed effect that captures any time-invariant common 

unmeasured characteristics for all houses whose nearest solar farm is s. County-by-year fixed 

                                                 
45 A similar approach is taken by, among others, Haninger et al. (2017) to examine the impact of brownfield cleanup 

on nearby property values and by Currie at el. (2015) to explore the impact of toxic plant openings and closings on 

residential properties. 
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effect is denoted by 𝜏𝑡𝑐, which flexibly accounts for county-level time-trends in house values. 

Finally, 𝛼, 𝛽, 𝛾, 𝛿, 𝜃 𝑎𝑛𝑑 𝜗 are coefficients to be estimated and 𝜖𝑖𝑡𝑐𝑠 is the error term.  

I also report specifications that consider other ways to capture spatial effects. First, I 

replace county-by-year and solar farm fixed effects with county and year fixed effects to control 

for all time-invariant determinants of house prices by counties along with any change in house 

values over time that are not attributed to changes in house characteristics. Second, I include 

solar farm fixed effects to account for highly localized time-invariant determinants of house 

values in addition to year fixed effects.46  

It is possible that housing prices capitalize negative amenity values before the solar farm 

is actually built because the siting and construction process can take up to two years (Kikuma et 

al, 2018). Although it takes only several months to construct the solar farm, it could be the case 

that prior to the actual construction, the public has been made aware that a solar farm will be 

built in the area. Ideally, to capture these effects, the solar projects' development phase start date 

and the construction phase start date should be incorporated in the analysis. As the data lack 

these information, the following specification is estimated that is equivalent to equation (3.10), 

but adds a dummy variable 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑖𝑡𝑠 equals one if the house is sold at most two years 

prior to the solar farm operation start date:  

    ln 𝑝𝑟𝑖𝑐𝑒𝑖𝑡𝑐𝑠 = 𝛼 + 𝛽 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖𝑐𝑠 + 𝛾 ∗ 𝑐𝑜𝑛𝑠𝑡𝑢𝑐𝑖𝑜𝑛𝑖𝑡𝑐𝑠 + 𝛿 ∗ 𝑝𝑜𝑠𝑡𝑖𝑡𝑐𝑠 

                                               +𝜎 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖𝑐𝑠 ∗ 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑖𝑡𝑐𝑠 + 𝜌 ∗ 𝑡𝑟𝑒𝑎𝑡𝑖𝑐𝑠 ∗ 𝑝𝑜𝑠𝑡𝑖𝑡𝑐𝑠 

                                                     +𝑋𝑖𝑐𝑡 ∗ 𝜃 +  𝑍𝑖𝑐𝑡 ∗ 𝜗 + 𝜏𝑐𝑡 + 𝜇𝑠 + 휀𝑖𝑡𝑠𝑐.                                   (3.11) 

                                                 
46 Specification with solar farm-by-year fixed effects are also analyzed to capture highly localized trends in house 

values. Results (not reported) are qualitatively similar to the main results reported in Table 3.5, however, not 

statistically significant due to the lack of statistical power.   
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The interaction term, 𝑡𝑟𝑒𝑎𝑡𝑖𝑐𝑠*𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑖𝑡𝑐𝑠, captures any differential effect that the 

construction time period (or time leading up to construction) might have on house values. All 

other variables are as defined in equation 3.10.  

The following subsections define treatment and control groups and then provide evidence 

regarding important assumptions underlying the difference-in-differences analysis. 

3.4.1    Defining Treatment and Control Groups 

In order to examine how far the externality effects are likely to extend, and therefore 

define treatment and control groups, I follow a strategy employed by Linden and Rockoff (2008) 

and Muehlenbachs et al. (2015). The idea is that houses in close proximity of a solar farm are 

exposed to the externalities generated by a solar farm and thus are considered to be in the 

treatment group, while houses located beyond that distance are considered to be in the control 

group. Because the exact distance cutoff is not known, I explore it empirically. Following 

Haninger et al. (2017), I examine how house prices evolve in relationship to proximity to a solar 

farm, after controlling for observable characteristics of housing. To do this, I first regress the 

natural log of sales prices on house characteristics, solar farm fixed effects, and county-by-year 

fixed effects. The residuals from this regression, 휀̂ , are net of housing and location 

characteristics. A local linear polynomial estimator is applied to non-parametrically recover the 

relationship between 휀̂ and the distance of a home to a solar farm using the street network 

measure (for the details on a local polynomial estimator see Cameron and Trivedi, 2005, and 

Haninger et al., 2017).47 Figures 3.3 and 3.4 graph 휀̂ against street network distance to the solar 

                                                 
47 A local linear polynomial estimator minimizes the locally weighted sum of squared residuals. I used the Gaussian 

kernel for weighting and Silverman’s rule of thumb (Silverman, 2018) to determine the bandwidth (which resulted 

in a bandwidth of 0.51 miles).    
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farm, separately for pre- and post- solar farm construction.48,49 Ninety percent confidence 

intervals are also displayed.  

Figures 3.3 and 3.4 are used to identify the distance cutoff beyond which solar farms do 

not appear to affect house values. When solar farm construction affects house values, then we 

expect to observe a divergence between price residuals, 휀̂, pre- and post- solar farm construction. 

The distance at which price residuals pre- and post- solar farm construction converge represents 

the distance beyond which solar farms have no effect on house values.  

Figure 3.3 presents results for houses located within 2.5 miles by street network to the 

nearest solar farm, while Figure 3.4 shows results for sales as far as 6 miles from the nearest 

solar farm.50 According to Figure 3.3, construction of a solar farm appears to affect houses 

within one mile when street network measure is used, but beyond this distance, the confidence 

intervals of house price residuals overlap for pre- and post- solar farm construction periods. 

Figure 3.4 shows a similar pattern indicating that price residuals for pre- and post- solar farm 

construction are not distinguishable from each other beyond one mile.51 Based on Figures 3.3 

and 3.4, it appears that houses located within one-mile (by street network) from the nearest solar 

farm have statistically different price residuals pre- and post- solar farm construction and thus are 

defined to be in a treatment group. However, houses located beyond one-mile have similar price 

                                                 
48 With Euclidean distance, there is no evidence of negative or positive externalities associated with the construction 

of the solar farms. Results based on Euclidean distance are reported in Section 3.6. 
49 The house buying process can take couple of months, which makes it difficult to assign a house with a sale date 

close to the solar farm operation start date to either pre or post solar farm construction period. Thus sales that occur 

180 days (6 months) prior or post solar farm construction date are dropped from the analysis. Results are not 

sensitive to the inclusion of these sales.  
50 There are not many sales between 6 and 8.85 miles and thus not shown on Figure 3.4 to improve visual clarity of 

the figure.    
51 A similar pattern is presented based on a three-Euclidean mile sample (see Figures 3.1B and 3.2B in the Appendix 

B). Statistically significant differences appear within one-mile of a solar farm, but the confidence intervals overlap 

at other distances. 
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residuals pre- and post- solar farm construction and such are defined to be in a control group.52 

As a robustness check, a “donut” approach is employed in the analysis, where houses between 

one and 1.5 street network miles are dropped from the sample.  

Given the definition of the treatment and control groups, house sales counts by treatment 

status and time periods are summarized in Table 3.3. Table 3.3 reports transaction counts for the 

sales located within two-Euclidean miles of a solar farm pre- and post- solar farm construction. 

The first two columns report sales counts based on Euclidean distance, while the last two 

columns report sales counts based on a street network distance measure. As indicated in the last 

two columns of Table 3.3, there are relatively few observations in the treatment group when 

street network measure is employed. Specifically, there are 962 sales within one mile when street 

network distance is employed, and 259 of them occurred after solar farm construction. The 

control group (houses located beyond one mile) includes 14,977 sales and 4,554 of them 

occurred post solar farm construction (see the last two columns).   

Table 3.4 reports summary statistics of house attributes based on treatment status. 

Columns (1) through (4) of Table 3.4 summarize the housing attributes for the treatment and 

control groups, respectively. Test for equality of group means are reported in columns (5) and 

(6). While the large samples lead to statistically significantly differences in treatment and control 

group means, the differences are generally not economically meaningful. The meaningful 

differences between group means are observed for house prices, age of home, education 

attainment and income variables. For example, the average housing value is $132,059 for the 

treated group as compared to $154,471 for the control group. The treated houses are somewhat 

                                                 
52 To allow the externality effect to vary by distance, a specification is also estimated where two treatment groups 

are created. The first group includes houses located within a half-mile of a solar farm and the second group includes 

homes between 0.5 and one mile of the solar farm. 
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older (five years on average) than untreated. In addition, individuals living in the control group 

area have on average higher education attainment and higher income as compared to individuals 

living in the control group areas. The evidence of statistically significant differences across these 

groups indicates that it is important to account for housing characteristics in the analysis. 

3.4.2    Parallel Trend Assumption  

              The assumption underlying the differences-in-differences approach is that after 

controlling for observable differences, treatment and control houses are similar to each other and 

thus differences in prices pre/post construction of a solar farm between the two groups is due to 

the solar farm’s construction. That is, in the absence of solar farm installation (treatment), house 

prices in the treatment group would have followed the same trend as house prices in the control 

group. This assumption is known in the literature as the common trends (or parallel trends) 

assumption and is the main identification assumption underlying the difference-in-differences 

model. A graphical representation of the parallel trend assumption is shown in Figure 3.5.53 

Figure 3.5 represents house price residual trends in the treatment and control groups with respect 

to the sale date relative to the solar farm operation start date, along with 90 percent confidence 

intervals. After controlling for house characteristics, solar farm and county-by-year fixed effects, 

the trends in house prices for homes in the treatment and control groups are not statistically 

different from each other pre-solar farm construction period (see Figure 3.5). As seen in Figure 

3.5, there is no effect of solar farm opening on control homes price residuals, but there is a 

statistically significant downward shift in treated homes of approximately 10 percent. The price 

residuals for treatment and control groups are statistically different from each other for the first 

                                                 
53 This figure is created in the similar fashion as Figures 3.3 and 3.4. The only difference is that in the second step 

the price residual is non-parametrically regressed on year of sale relative to the solar farm construction period. A 

bandwidth is approximately 1.2 years. 
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three years post-solar farm opening, but not in the fourth year due to the small number of sales of 

treated homes.54  

Additional graphical evidence of the parallel trend assumption is presented in Figure 3.6. 

To obtain year-by-treatment estimates for houses in the treatment group, I estimate a modified 

version of equation (3.10) that includes solar farm-by-year fixed effects and allow the main 

coefficient of interest on the interaction term, 𝑡𝑟𝑒𝑎𝑡 ∗ 𝑝𝑜𝑠𝑡, to vary with year of sale relative to 

solar farm operation start date (i.e. event time). These coefficients compare the effect of a solar 

farm construction on house prices in the treatment group relative to the control group, and are 

plotted in Figure 3.6 along with 90 percent confidence intervals. The house sales date relative to 

the solar farm operation start date is on the horizontal axis. According to Figure 3.6, there is no 

evidence that house prices differ across the treatment and control groups two or more years prior 

to a solar farm being constructed. However, there is clear evidence that solar farm construction 

lead to housing price declines in the years that follow solar farm construction. There is also 

evidence that housing prices for the treatment group begin to decline relative to the control group 

one year prior to the solar farm opening date. This suggests that housing prices could be 

impacted during construction periods, which is something I investigate in my robustness 

analysis. 

3.5    Results 

The baseline estimates for equation (3.10) are reported in Table 3.5. Although the final 

sample is restricted to house sales located within two-Euclidean miles of the solar farm, 

treatment and control groups are defined based on street network distance measure as discussed 

                                                 
54 Figure 3.3B in the Appendix B displays a similar pattern based on a three-Euclidean mile sample. 
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in section 3.4.1. Table 3.5 includes only the main variables of interest while the full set of 

covariate estimates are reported in Appendix B Table 3.1B. In all regressions, the control group 

includes houses located beyond one mile based on street network measure, whereas definition of 

treatment varies across regressions as indicated by the column headings. Furthermore, columns 

(1), (5), and (9) control for year fixed effects and solar farm characteristic (solar farm capacity); 

columns (2), (6), and (10) control for solar farm fixed effects and year fixed effects; columns (3), 

(7), and (11) control for county fixed effects and year fixed effects, whereas columns (4), (8), 

and (12) control for county-by-year fixed effects and solar farm fixed effects. In addition, all 

specifications include housing and location characteristics, and neighborhood demographic 

information at the Census block group level. Finally, robust standard errors clustered by solar 

farm are in parentheses. 

Before presenting the key results, the results for other covariates are summarized. The 

coefficient estimates are interpreted for the average house in the sample, which is 32 years old, 

has 3 bedrooms, 2 bathrooms, 1,670 square feet of living space and 0.9 acres of lot size. As 

indicated in Table 3.1B, holding all else equal, a bedroom adds on average between 6.4 and 9.3 

percent to the value of the average house (see coefficients for bedroom and bedroom2). One 

additional bathroom has a larger effect on property values adding between 18.5 and 21.3 percent 

to the value of the average house in the sample. In addition, a unit increase in lot size and living 

area adds, respectively, on average from 3.3 to 5.5 percent and from 6.8 to 7.3 percent to the 

value of the average house. Furthermore, older houses on average sold for less (see coefficients 

for age and age2 in Table 3.1B). 

According to Table 3.1B, the coefficients for location characteristics are statistically not 

distinguishable from zero, which may not be surprising given the relatively small areas under 
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consideration. Demographic variables indicate that houses in neighborhoods with greater 

educational attainment (in percentage terms) and higher average income have higher values. 

The main results for the treatment group that includes sales within a half-mile of the solar 

farm (sales within 0.5-1 mile range are dropped from these specifications) are reported in 

columns (1) through (4) of Table 3.5. According to Table 3.5, houses in treatment group (<0.5 

miles) sell for the same or even a premium relative to the houses in the control group prior to 

solar farm construction (see coefficient for the treat dummy variable). For example, columns (2) 

and (4) indicate that houses located within a half-mile of a future solar farm are worth 

approximately 6.6 and 6.1 percent more than houses located beyond one mile from the eventual 

site of a solar farm. 

With only year fixed effects and solar-farm characteristics included as continuous 

variables (see Table 3.1), the treatment effect is negative and economically meaningful (11 

percent), but not statistically distinguishable than zero (see post x treat in column 1 of Table 

3.5). However, in the specification that includes year fixed effects and solar farm fixed effects, 

this effect increases in absolute magnitude to 14.7 percent and becomes statistically significant 

(column 2). After controlling for county and year fixed effects, the treatment effect slightly 

decreases to 12.3 but remains statistically significant at the 10 percent level. The results remain 

unchanged when the preferred specification is estimated that accounts for county-by-year fixed 

effects and solar farm fixed effects (column 4 of Table 3.5). More precisely, according to column 

(4), construction of a solar farm leads to a 12.5 percent house price reduction in the treatment 

group compared to the control group.55  

                                                 
55 It is important to note that these estimates are based on 62 sales in the treatment group post-solar farm 

construction.  
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Qualitatively similar and statistically more significant effects are found when the 

treatment group is redefined to include houses between 0.5 and one miles (columns 5 to 8) or all 

houses within one mile (columns 9 to 12) of the solar farm. The point estimates are somewhat 

smaller in magnitude when the preferred specification is estimated (columns 8 and 12), 

suggesting that the treatment effect fades with distance. More precisely, the point estimate for the 

interaction term (post x treat) in column (8) suggests that the treatment effect drops from 12.5 

percent (column 4) to 8.4 percent when houses between 0.5 and one mile are considered. A 

similar average treatment effect is found for houses located within one mile of the solar farm 

(column 12), indicating that the construction of the solar farm reduces house values in the 

treatment group by 8.7 percent compared to the house prices in the control group. In addition, 

there is no evidence that house values are different across treatment and control groups pre-solar 

farm construction period (see the first row of Table 3.5, columns 5 through 12).    

Next, I explore a “donut” approach to define treated and control houses, where homes 

between one and 1.5 miles of a solar farm are dropped from the control group. The results are 

summarized in Table 3.6. As in Table 3.5, the analyses are based on the street network distance 

measure and three treatment groups are explored (as indicated by the column headings). Similar 

to Table 3.5, each specification controls for house and location attributes as well as 

neighborhood characteristics. Robust standard errors clustered by solar farm are reported in 

parentheses.  

Estimated coefficients of the treatment effect (post x treat) reported in columns (1) to (4) 

of Table 3.6 are slightly larger in absolute magnitude than those reported in Table 3.5 (columns 1 

to 4), and statistically more significant. For example, column (1) illustrates that the point 

estimate for the post x treat indicator became larger in absolute value (13.2 percent) and 
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statistically significant at 10 percent level in comparison to the estimate reported in Table 3.6, 

column (1). In addition, in the specification that controls for year and solar farm fixed effects 

(column 2 of Table 3.6), the treatment effect is 16.8 percent, indicating that the solar farm 

construction reduces house prices in the treatment group by 16.8 percent compared to houses in 

the control group (beyond 1.5 mile). The treatment effects for houses located between 0.5 and 

one mile street network distance from the solar farm are somewhat similar to estimates reported 

in Table 3.5 (columns 5 to 8), with the exception where the point estimate loses statistical 

significance when county-by-year fixed effects and solar farm fixed effects model is estimated 

(column 8 of Table 3.6).   

Finally, I consider whether solar farm development could be capitalized into sales prices 

before the actual solar farm is built. To capture the potential effects of solar farm construction on 

sales prices, equation (3.11) is estimated and the set of results are reported in Table 3.7. Again, 

all distances are measured using the street network distance measure. Unfortunately, I do not 

have data on when construction of solar farms began, and thus I assume either a one or two year 

construction period (Kikuma et al, 2018).56 In columns (1) through (4), the construction period is 

considered to be one year prior to the solar farm operation start date, while in columns (5) 

through (8) the construction period is considered to be two years prior to the solar farm operation 

start date.   

Results in Table 3.7 indicate that house prices one year prior to solar farm operation start 

date are lower in the treatment group compared to houses in the control group, however, none of 

the coefficient estimates are statistically significant (see columns 1 through 4).57 The point 

                                                 
56 This approach creates measurement error in the independent variable, which might bias the coefficient estimates 

(Wooldridge, 2003).  
57 It should be acknowledged that there are only 66 house sales in the treatment group one year prior to the solar 

farm operation start date.    
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estimates are very weak and not statistically significant when house prices two years prior to  

solar farm operation start date are considered (see columns 5 through 8). Thus indicating that 

house values are similar in the treatment and control groups two years prior to the solar farm 

operation start date. Furthermore, the coefficient estimates on the dummy variable construction 

are small in magnitude and statistically not distinguishable than zero, with the exception in the 

specification with county and year fixed effects (see column 3 of Table 3.7), suggesting that 

house values located within two-Euclidean miles of the eventual site of a solar farm are not 

diminished one or two years prior to the solar farm operation start date. In addition, the treatment 

effect (treat x post) remains similar to the main results reported in Table 3.5 in both magnitude 

and significance.58  

3.5.1    Robustness Analyses 

The following robustness checks are employed to assess the robustness of the estimates 

reported in the baseline results: 

 Euclidean Distance: First, I present results that use an Euclidean distance measure rather 

than street network distance. Euclidean distance is a commonly used proxy for exposure 

in the hedonic housing literature.  

 Housing Supply: Second, I consider whether housing supply could respond to the 

construction of a solar farm in the area and thus affect my estimated treatment effect. To 

                                                 
58 One potential concern of the methodology employed in the analysis is the possible endogeneity of distance to 

solar farms. That is, if solar farms are sited on cheap land, then houses in close proximity to the eventual site of a 

solar farm might be cheaper relative to houses farther away. In addition to the graphical evidence supporting parallel 

trend assumption (Section 3.4.2), the results in Table 3.7 show that the coefficient estimates for additional time 

dummies that correspond to one and two years prior the solar farm operation start date (i.e. construction dummy) 

and the interaction term between time dummies and treatment group (construction x treat) are not statistically 

distinguishable from zero, lending support that it is solar farm installation that reduces house values in the treatment 

group. 
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address this concern, the sample is restricted to housing transactions that occurred within 

one, two, and three years following the solar farm construction date because supply is 

relatively inelastic in the short-run.  

 Solar Farm Characteristics: I explore whether characteristics of solar farms affect 

results. First, to test whether the main results are driven by house sales around large solar 

farms I estimated the model where sales around solar farms larger than 5 MW are 

dropped from the analysis.59 Second, the sensitivity of the results are examined based on 

whom the solar developer contracts with to sell the power. 

 Forest vs Grassland: I explore whether land characteristics of the parcels upon which 

solar farms are constructed create heterogeneity in the results.   

 Housing Transaction Volume: Solar farm construction might affect the volume of 

housing transactions, and so equation (3.10) is re-estimated where the dependent variable 

is replaced with the natural log of sales counts aggregated at the solar farm by year level, 

and by treatment status (a similar approach is employed by Currie et al., 2015). 

 Three-Euclidean Mile Sample: Finally, the sample is expanded to include sales within 

three-Euclidean miles of the nearest solar farm.  

Each of the above robustness analyses are discussed in turn below.  

Euclidean Distances 

I re-estimate equation (3.10), where the treatment and control groups are defined based 

on Euclidean distance between a house and the nearest solar farm. Houses located between one 

and two Euclidean miles of the solar farm form a control group, whereas houses within 0.5, 0.5-

                                                 
59 The size of the solar farm is not examined in the analysis because there is not enough variability in the intensity of 

the solar farms explored in the analysis. 
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1, and one-Euclidean mile of the solar farm form three different treatment groups to be explored. 

There is no evidence of negative or positive externalities associated with the construction of the 

solar farms when Euclidean distance is employed (see Table 3.2B in the Appendix B). According 

to Table 3.2B, the coefficient estimates for the interaction term (post x treat) are economically 

very small, highly insignificant and inconsistently signed across specifications, suggesting that 

Euclidean measure might not capture solar farm externalities.  

Housing Supply 

 To minimize any housing supply impacts on the estimated treatment effect, the sample is 

restricted to observations that include sales only one, two or three years after the solar farm 

construction date. Results based on these sample restrictions are reported in Table 3.8, where 

columns (1) through (4) remove sales occurring one year post solar farm construction, columns 

(5) through (8) removes sales occurring two years post solar farm construction, and columns (9) 

through (12) remove sales occurring three years post solar farm construction from the analysis. 

As reported in Tale 3.8, these restrictions slightly attenuate the treatment effects (post x treat) 

and lose statistical significance, but remain qualitatively similar to the baseline results. The loss 

in statistical significance in columns (1) through (4) is expected since there are not many sales in 

the treatment group one year post solar farm construction (N=66). For example, in the 

specification with solar farm fixed effects and year fixed effects, when only sales one year post 

solar farm construction are analyzed, the treatment effect is 10.8 percent and significant at the 10 

percent level (see coefficient for post x treat in column 2 of Table 3.8).  

Solar Farm Characteristics 

Table 3.9, column (1) reports the estimation results for equation (3.10), where house 

transactions around large solar farms (>5MW) are eliminated from the analysis. The sample size 
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dropped from 15,939 to 15,034 sales, indicating that there are few sales around large solar 

farms.60 The results in column (1) of Table 3.9 are almost identical in magnitude to those in 

Table 3.5 (column 12), indicating that the coefficient estimates are robust to this sample 

restriction. 

Next, I explore the heterogeneity of the results based on whom the solar installer 

contracts with to sell the power. Households might have different incentives and different 

willingness to pay for housing if the power generated by solar farms is sold locally and perhaps 

thus thought to be directly affecting their energy costs. For example, local electric corporations 

(electric “co-ops”) might have different information campaigns before the construction of a solar 

farm to which it wishes to contract.61 To estimate sensitivity of the results to this potential 

influence, I generate a dummy variable coop equals one if a house is located around solar farms 

that sell power to either electric co-ops or municipality owned electric utilities. A modified 

version of equation (3.10) is estimated that incorporates interaction terms between a coop 

indicator and post, treat, and post x treat variables (see column 2 of Table 3.9). As reported in 

Table 3.9, column (2) the point estimate for the interaction term (post x treat) is slightly smaller 

in magnitude compared to the main results reported in Table 3.5, column (12), but remains 

statistically significant at a 10 percent level. However, construction of a solar farm that sells 

power to either an electric co-op or a municipality owned utility has no additional differential 

effect on house values in the treatment group compared to the houses in the control group (see 

coefficient for post x treat x coop).  

                                                 
60 This could suggest that either large solar farms are built far from residential communities or there are less sales 

occurring around larger solar farms. 
61 In the sample, most of the solar farms are selling their power to an investor owned utility (Due Energy Progress, 

Duke Energy Carolinas, or Dominion Energy North Carolina). Other contracts exists, however, where the power is 

sold to either electric co-ops or municipality owned electric utilities. 
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Forest vs Grassland 

One could expect that conversion of forests into solar farms might result in a differential 

effect on house values than conversion of grassland. On the one hand, when forests are converted 

into a solar farm, households in close proximity to the forest lose this view, which might 

diminish their property values more than when grassland is converted into a solar farm. On the 

other hand, projects that convert forest into a solar farm might leave better natural vegetative 

buffers (forest) around solar panels which could mitigate potential visual disamenities associated 

with solar farms compared to newly planted vegetation around a solar farm built on grassland.  

To test for this potential heterogeneity in treatment effects, I created the dummy variables 

forest and grass that equal one if the parcel on which solar farms are built were forest or 

grassland, respectively.62 These dummy indicators are interacted with post, treat, and post x treat 

variables and a modified equation (3.10) is re-estimated. Table 3.9, column (3) reports the 

coefficient estimates for this model. As reported in column (3), the point estimate for the 

interaction term (post x treat) is larger both in magnitude and statistical significance compared to 

the main effect reported in Table 3.5, column (12). However, no heterogeneity is observed in 

treatment effects by land characteristics of parcels upon which solar farms are built (see 

coefficients for post x treat x forest and post x treat x grass).63  

Housing Transaction Volume 

Table 3.10 reports coefficient estimates for equation (3.10), where the dependent variable 

is the natural log of sales counts aggregated at the solar farm-year level by treatment status. The 

                                                 
62 As discussed in Chapter 2, solar farm parcels are overlaid with the National Land Cover Data layer for the year of 

2006, before the first solar farm is built to create the land characteristics of parcels. 
63 It should be acknowledged that there are only 19 and 77 housing transactions in the treatment group post solar 

farm construction period for forest and grass groups, respectively.  
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results suggest that the number of transactions decrease after the construction of the solar farm 

within one mile. The results across all specifications suggest that the number of house sales 

reduces by approximately 6 percent within one mile as compared to the number of sales in the 

control group.  

Three-Euclidean Mile Sample 

As a final robustness check, the sample is restricted to house transactions within three-

Euclidean miles from the nearest solar farm. Treatment and control groups are defined based on 

street network distance between a house and the nearest solar farm. Tables 3.3B and 3.4B in the 

Appendix B report estimates of equations (3.10) and (3.11), respectively. In all specifications, 

the control group includes houses locates beyond one mile of the nearest solar farm, whereas the 

treatment group includes sales within one mile of the solar farm. According to Table 3.3B and 

3.4B, the results hold when the sample size is increased to include homes within three-Euclidean 

miles of the solar farm and are qualitatively similar to the baseline results reported in Table 3.5. 

That is, a solar farm construction leads to reduction in house values within one mile of the solar 

farm relative to house values in the control group. 

3.5.2    Heterogeneity by Location 

In addition to the main analysis, heterogeneity in the baseline estimates is explored by 

stratifying solar farms based on the characteristics of the nearby communities including the level 

of urbanization.64 The approach employed in this analysis is similar to the one used by Currie et 

al. (2015).  

                                                 
64 I also stratify solar farms based on the characteristics of community (within two-Euclidean miles), including 

percentage of the population that has at least bachelor degree, the percentage of the population that is White, the 

percentage of the population that is Hispanic and average income. To do so, first the average measures of these 

variables are produced separately for each solar farm. Then, based on these average measures, sales around each 
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First, I identify whether a solar farm is built in an urban area and generate a dummy 

variable urban equals one if a house is sold around a solar farm that is located in urban area. 

Then, a modified version of equation (3.10) is estimated that incorporates the interaction terms 

between urban indicator and post, treat, and post x treat variables. Table 3.11 reports the 

estimates for the key covariates . As presented in Table 3.11, the treatment effect (post x treat) is 

somewhat smaller in absolute magnitude compared to the main results reported in Table 3.5 

(columns 9 to 12) but remain statistically significant (these estimated can be found in the third 

row of Table 3.11). Although the treatment effect (post x treat x urban) is large in magnitude 

and consistently signed across different specifications, estimates are not statistically significant 

for sales around “urban” solar farms with the exception of when year fixed effects and solar farm 

characteristics are included (column 1), and thus it is difficult to draw definitive conclusions.65 

3.6    Conclusion 

The expansion of solar power is an increasingly contentious issue in NC. There is 

considerable pressure both for and against solar expansion. Solar proponents argue that among 

other benefits, solar farms boost local economic development, create jobs and generate tax 

revenues. On the other hand, solar development often faces local opposition where a primary 

concern of opponents of a solar farm is the potential negative visual effects.  

This is the first study that quantifies the impact of utility-scale land-based solar 

installations on local housing values. Measuring “exposure” of a home to a solar farm by the 

home’s street network distance to the farm suggests that the construction of the solar farm 

                                                 
solar farm are assigned to either above or below median separately for each variable discusses above (median 

measures are created based on the entire sample). The estimates indicate that the treatment effect is fairly 

homogenous across communities (see Appendix B, Table 3.5B).  
65 It is worth noting that there are only 11 solar farms sited in urban areas and about 23 percent of sales occurred 

around these 11 farms. 
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diminishes residential property values within one mile of the solar farm (via street network) by 9 

to 12 percent, with the larger effect (12 percent) being for those houses located within a half-mile 

of the solar farm. It should be recognized that while the current research examines the impact of 

conversion of land into solar farms on nearby residential property values, it does not disentangle 

any differential effects that solar farms might have relative to other potential land use changes.66  

As a back-of-the-envelope calculation, a reduction in house values by about 9 percent 

translates to $11,900 reduction in the average house value for houses located within one-mile of 

a solar farm in my sample. Multiplying this capitalization loss by the number of sales within one 

mile of the solar farms post-construction (N=259), indicates a $3.1 million reduction in house 

capitalization for homeowners.  

It should be noted that there are relatively few (<300) post-solar farm sales within one 

mile (street network measure) of a solar farm in the sample. Future research could expand 

housing sales data to include sales for 2018 and 2019. While this could increase post-sales, it 

would also allow me to explore if price impacts stay or diminish over time. Finally, future 

research could explore heterogeneity of impacts as related to visual buffers. 

 

  

                                                 
66 To put results in context, I compare housing effects in other externality generated land uses context. For example, 

Haninger et al. (2017) found that a brownfield clean-up leads to a 5 to 11.5 percent increase in house values within 

1.29 miles of a brownfield. Currie et al. (2015) examined the effect of industrial facilities on local housing values 

and found that the opening of an industrial facility causes house values to drop by 11 percent within 0.5 miles from a 

plant. Davis (2011) found that siting of a power plant leads to a 3 to 7 percent decrease in house values within two 

miles of a plant. Johnson et al. (2009) linked Walmart locations to house values and found that houses within two 

miles of a Walmart are $7,000 cheaper than houses located farther away.   
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Table 3.1. Summary statistics of housing sales 

 Mean SD Min Max 

Structural Characteristics     

real price (2017 dollars) 153,118 85,085 20,000 510,721 

lot size (acres) 0.9 1.6 0.01 19.9 

living area (sq ft) 1,670 638 432 7,692 

age at time of sale 32 27 1 161 

bedrooms 3 1 1 9 

bathrooms 2 1 1 6 

Location Characteristics     
Euclidean distance to solar farm (miles) 1.34 0.46 0.014 2.00 

street network distance to solar farm (miles) 2.45 1.08 0.019 8.85 

capacity of nearest solar farm  4.4 4.1 1 80 

distance to nearest river (miles) 0.27 0.18 0 1.30 

distance to nearest lake (miles) 1.30 1.13 0 9.39 

distance to nearest open space (miles) 9.62 5.71 0 35.26 

distance to nearest major road (miles) 0.64 0.65 0 6.33 

Demographics     
White (%) 66.9 23.1 0 100.0 

Hispanic (%) 9.6 11.0 0 69.1 

Bachelor’s degree (%) 15.9 9.7 0 55.2 

Average Income ($) 57,951 17,530 16,544 187,967 

Note: The number of sales for the full dataset is 15,939. Euclidean distance to the nearest solar farm variable 

measures distance from each house to the boundary of the nearest solar farm polygon. However, due to 

computational intensity, street network measures distance from each house to the centroid of the nearest solar farm 

polygon. Also note, that for some house sales the distance to the nearest river, lake, open space (i.e., state or local 

parks), and major road equals zero. This could be explained by the fact that Zillow Research calculates latitude and 

longitude of each sale using enhanced Tiger geocoding, which is known to be imprecise (Zillow Research, 2017; 

U.S. Census Bureau, 2010). Zero distance means that the house is adjacent to river, lake, open space, and/or major 

road. Finally, several houses are located in census block groups with zero white and/or Hispanic population. 

Furthermore, in some block groups no individuals have bachelor or higher education. 
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Table 3.2. Summary statistics of solar farms 

Year 

# of Facilities Built 

Each Year 

Mean New Capacity 

(MW) SD  

Min 

Capacity  

Max 

Capacity 

2009 1 7.27  7.27 7.27 

2010 1 10.02  10.02 10.02 

2011 5 1.34 0.38 1 4.97 

2012 17 5.41 4.79 1.5 20 

2013 29 4.91 5.79 1 20 

2014 48 3.87 3.38 0.97 20 

2015 86 4.67 3.35 1.5 80 

2016 48 5.1 4.18 1.98 78.5 

2017 14 8.54 13.68 1.93 60 

Total 249 5.68 5.08 0.97 80 

Note: These are solar farms employed in the analysis. 
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Table 3.3. Transaction counts for house sales analysis by distance and time period 

  Euclidean Distance Street Network Distance 

Treatment Status Pre Post Pre Post 

Treated (≤ 1 mile)  2,532 1,186 703 259 

Controls (> 1 mile) 8,594 3,627 10,423 4,554 

Total 11,126 4,813 11,126 4,813 

Note: Controls (> 1 mile) include house sales located between one and two Euclidean miles or between 1 and 8.85 

miles by street network.   
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Table 3.4. Summary statistics by treatment status 

  

Treated (≤1 mile)  

N=962 

Controls (>1 mile)  

N=14,977     

 Mean SD Mean SD t-Statistic Reject 

  (1) (2) (3) (4) (5) (6) 

Structural Characteristics       
real price (2017 dollars) 132,059 80,523 154,471 85,195 7.93 Yes 

lot size (acres) 1.1 1.7 0.8 1.6 -5.39 Yes 

living area (sq ft) 1,649 613 1,672 639 1.05 No 

age at time of sale 36 27 31 27 -5.01 Yes 

bedrooms 3.0 0.6 3.0 0.6 1.17 No 

bathrooms 1.9 0.7 2.0 0.7 4.22 Yes 

Location Characteristics       
Euclidean distance to Solar Farm (miles) 0.44 0.21 1.40 0.41 70.94 Yes 

street network distance to Solar Farm 

(miles) 0.68 0.25 2.56 1.01 57.82 Yes 

distance to nearest river (miles) 0.29 0.19 0.27 0.18 -4.51 Yes 

distance to nearest lake (miles) 1.57 1.36 1.29 1.12 -7.51 Yes 

distance to nearest open space (miles) 10.95 5.43 9.54 5.72 -7.42 Yes 

distance to nearest major road (miles) 0.55 0.63 0.64 0.65 4.37 Yes 

Demographics       
White (%) 64.01 22.95 67.13 23.07 4.07 Yes 

Hispanic (%) 11.53 13.75 9.46 10.76 -5.69 Yes 

Bachelor’s degree (%) 11.21 6.66 16.21 9.80 15.60 Yes 

Average Income ($) 50,953 16,572 58,400 17,495 12.84 Yes 

Note: The treatment status is defined based on the street network distance measure. Thus, houses within one-mile of 

the nearest solar farm are treated and houses located farther away are controls.  
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Table 3.5. The effect of solar farm construction on house valuesa  

  Treated (≤ 0.5 miles)   Treated ((0.5; 1 ] miles)   Treated (≤ 1 mile) 
 (1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Treat 0.020 0.066* 0.044 0.061*  -0.007 0.000 0.018 -0.011  -0.002 0.016 0.023 0.006 
 (0.042) (0.035) (0.035) (0.034)  (0.033) (0.035) (0.035) (0.037)  (0.026) (0.028) (0.027) (0.029) 

Post 0.118** 0.074 0.074* 0.043**  0.120** 0.077* 0.075* 0.043**  0.120** 0.078* 0.076* 0.049** 
 (0.055) (0.046) (0.043) (0.022)  (0.055) (0.046) (0.043) (0.021)  (0.055) (0.046) (0.043) (0.021) 

Post X Treat -0.110 -0.147** -0.123* -0.125*  -0.150*** -0.120** -0.137*** -0.084*  -0.135*** -0.122*** -0.127*** -0.087** 
 (0.069) (0.074) (0.072) (0.075)  (0.053) (0.049) (0.051) (0.049)  (0.044) (0.043) (0.044) (0.042) 

Adjusted R2 0.578 0.630 0.612 0.651  0.580 0.630 0.613 0.651  0.581 0.630 0.614 0.651 

Observations 15,264 15,264 15,264 15,264  15,666 15,666 15,666 15,666  15,939 15,939 15,939 15,939 

Year fixed 

effects 
Yes Yes Yes 

  
Yes Yes Yes 

  
Yes Yes Yes 

 
Solar Farm 

characteristics 
Yes   

  
Yes   

  
Yes   

 
Solar Farm fixed 

effects 
 Yes  Yes   Yes  Yes   Yes  Yes 

County fixed 

effects 
  Yes 

  

  Yes 
  

  Yes 
 

County by Year 

fixed effects 
   

Yes  

   
Yes  

   
Yes 

F-testb 0.01 0.93 0.45 1.22  0.22 0.53 1.17 0.66  0.07 0.68 1.08 0.84 

(P-test) 0.92 0.34 0.50 0.27  0.64 0.47 0.28 0.42  0.79 0.41 0.30 0.36 

a. The estimates are based on equation (3.10). The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment and 

control groups are defined based on street network measure. The dependent variable is the natural log of sales price for houses sold between 1997 and 2017. The 

sample includes 249 solar farms built between 2009 and 2017. A control group includes houses located beyond one street network mile of the solar farm. All 

models include house, neighborhood, and location characteristics as shown in the Appendix B, Table 3.1B. Finally, robust standard errors clustered by solar farm 

are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 
b. F-test for Post + Post x Treat = 0.
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Table 3.6. The effect of solar farm construction on house values (donut approach)a 

  Treated (≤ 0.5 miles)  Treated ((0.5; 1 ] miles)  Treated (≤ 1 miles) 
 (1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Treat 0.014 0.053 0.039 0.047  -0.015 -0.006 0.010 -0.024  -0.011 0.009 0.015 -0.007 
 (0.041) (0.033) (0.034) (0.032)  (0.035) (0.037) (0.036) (0.039)  (0.028) (0.030) (0.028) (0.030) 

Post 0.122** 0.081* 0.083* 0.051**  0.124** 0.083* 0.083* 0.051**  0.124** 0.084* 0.083* 0.055** 
 (0.056) (0.048) (0.044) (0.023)  (0.057) (0.048) (0.044) (0.022)  (0.056) (0.048) (0.044) (0.022) 

Post X Treat -0.132* -0.168** 
-

0.141** 
-0.139* 

 
-0.156*** -0.122** -0.142*** -0.079 

 

-

0.140*** 
-0.124*** -0.131*** -0.081* 

 (0.069) (0.073) (0.071) (0.076)  (0.055) (0.051) (0.053) (0.051)  (0.046) (0.044) (0.046) (0.043) 

Adjusted R2 0.576 0.629 0.609 0.651  0.579 0.629 0.610 0.651  0.580 0.629 0.611 0.652 

Observations 13,687 13,687 13,687 13,687 
 

14,072 14,072 14,072 14,072 
 

14,345 14,345 14,345 14,345 

Year fixed 

effects 
Yes Yes Yes 

  
Yes Yes Yes 

  
Yes Yes Yes 

 
Solar Farm 

characteristics 
Yes   

  
Yes   

  
Yes   

 
Solar Farm 

fixed effects 
 Yes  Yes   Yes  Yes   Yes  Yes 

County fixed 

effects 
  Yes 

  

  Yes 
  

  Yes 
 

County by 

Year fixed 

effects 

   

Yes  

   

Yes  

   

Yes 

F-testb 0.02 1.28 0.67 1.37  0.26 0.39 1.01 0.29  0.09 0.53 0.88 0.35 

(P-test) 0.90 0.26 0.41 0.24  0.61 0.53 0.32 0.59  0.77 0.47 0.35 0.55 

a. The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment and control groups are defined based on street 

network measure. The dependent variable is the natural log of sales price for houses sold between 1997 and 2017. The sample includes 249 solar farms built 

between 2009 and 2017. A control group is defined based on a donut approach. A control group includes houses located beyond 1.5 street network mile of the 

solar farm. All models include house, neighborhood, and location characteristics as shown in the Appendix B, Table 3.1B. Finally, robust standard errors 

clustered by solar farm are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 

b. F-test for Post + Post x Treat = 0. 
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Table 3.7. The effect of solar farm construction on house values (construction period) 

  
Construction = 1 year before the solar farm 

operation start date  

Construction = 2 years before the solar farm 

operation start date 

 (1) (2) (3) (4)  (5) (6) (7) (8) 
Treat (≤1 mile) 0.001 0.027 0.032 0.015  -0.005 0.022 0.027 0.007 

 (0.027) (0.031) (0.030) (0.032)  (0.030) (0.036) (0.034) (0.036) 

Construction -0.028 -0.020 -0.030* 0.009  0.007 0.006 0.004 0.002 
 (0.017) (0.016) (0.015) (0.020)  (0.016) (0.014) (0.015) (0.020) 

Post 0.107* 0.065 0.059 0.052**  0.125** 0.082* 0.078* 0.050** 
 (0.058) (0.047) (0.043) (0.022)  (0.061) (0.047) (0.043) (0.024) 

Construction X Treat -0.020 -0.059 -0.048 -0.049  0.010 -0.020 -0.013 -0.003 
 (0.046) (0.050) (0.048) (0.051)  (0.039) (0.044) (0.043) (0.045) 

Post X Treat -0.138*** -0.133*** -0.136*** -0.096**  -0.132*** -0.128*** -0.131*** -0.088* 
 (0.045) (0.045) (0.046) (0.044)  (0.047) (0.048) (0.049) (0.047) 

Adjusted R2 0.581 0.631 0.614 0.651 
 

0.581 0.630 0.614 0.651 

Observations 15,939 15,939 15,939 15,939  15,939 15,939 15,939 15,939 

Year fixed effects Yes Yes Yes   Yes Yes Yes  
Solar Farm characteristics Yes   

  Yes   
 

Solar Farm fixed effects  Yes  Yes  
 Yes  Yes 

County fixed effects   Yes   
  Yes  

County by Year fixed effects    Yes  
   Yes 

Note: The estimates are based on equation (3.11). The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment and 

control groups are defined based on street network measure. The dependent variable is the natural log of sales price for houses sold between 1997 and 2017. The 

sample includes 249 solar farms built between 2009 and 2017. In columns (1) to (4), construction period equals one if a house is sold one year prior to the solar 

farm operation start date, while in columns (5) to (8), construction period equals one is a house is sold one or two years prior to solar farm operation start date. 

All models include house, neighborhood, and location characteristics as shown in Appendix B, Table 3.1B. Finally, robust standard errors clustered by solar farm 

are in parentheses where *** p<0.01, ** p<0.05, * p<0.1 
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Table 3.8. Years post solar farm construction 
  1 Year Post Construction   2 Years Post Construction   3 Years Post Construction 

 (1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Treat (≤1 mile) -0.015 0.009 0.012 0.006 
 

-0.013 0.010 0.016 0.004 
 

-0.008 0.013 0.020 0.006 

 (0.026) (0.029) (0.026) (0.029) 
 

(0.025) (0.028) (0.026) (0.029) 
 

(0.026) (0.028) (0.027) (0.029) 

Post 0.056 0.051* 0.027 0.056** 
 

0.070* 0.056* 0.037 0.048** 
 

0.114** 0.087* 0.074* 0.063*** 
 (0.035) (0.029) (0.026) (0.025)  (0.039) (0.033) (0.029) (0.021)  (0.054) (0.047) (0.044) (0.021) 

Post X Treat -0.096 -0.108* -0.114* -0.079 
 

-0.082* -0.094** -0.090* -0.074 
 

-0.110*** -0.104** -0.109** -0.078* 

 (0.064) (0.064) (0.063) (0.065) 
 

(0.044) (0.047) (0.046) (0.045) 
 

(0.040) (0.041) (0.042) (0.041) 

Adjusted R2 0.597 0.636 0.622 0.655 
 

0.591 0.633 0.618 0.651 
 

0.585 0.630 0.614 0.649 

Observations 12,567 12,567 12,567 12,567 
 

14,292 14,292 14,292 14,292 
 

15,269 15,269 15,269 15,269 

Year fixed effects Yes Yes Yes  
 

Yes Yes Yes  
 

Yes Yes Yes  

Solar Farm 

characteristics 
Yes   

  
Yes   

  
Yes   

 
Solar Farm fixed 

effects 
 Yes  Yes   Yes  Yes   Yes  Yes 

County fixed 

effects 
  Yes 

  

  Yes 
  

  Yes 
 

County by Year 

fixed effects 
   

Yes  

   

Yes  

   

Yes 

Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment and control groups are defined based on street 

network measure. The dependent variable is the natural log of sales price for houses sold between 1997 and 2017. Columns (1) to (4), removes sales occurring 

one year post solar farm construction. Columns (5) to (8) removes sales occurring two years post solar farm construction. Columns (9) to (12) removes sales 

occurring three years post solar farm construction. All models include house, neighborhood, and location characteristics as shown in the Appendix B, Table 3.1B. 

Finally, robust standard errors clustered by solar farm are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 
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Table 3.9. Additional robustness analysis 

  SF capacity ≤ 5 MW Electric Coops 

Forest and Grass 

Coverage 

 (1) (2) (3) 

Treat (≤1 mile) 0.004 0.012 0.005 
 (0.029) (0.019) (0.029) 

Post 0.047** 0.047** 0.049** 
 (0.023) (0.023) (0.021) 

Post X Treat -0.081* -0.072* -0.086** 
 (0.042) (0.037) (0.042) 

Treat X Coop  -0.054  

  (0.056)  

Post X Coop  0.028  

  (0.051)  

Post X Treat X Coop  -0.062  

  (0.085)  

Treat X Forest   -0.154 
   (0.094) 

Post X Forest   -0.029 
   (0.042) 

Post X Treat X Forest   0.191 

   (0.230) 

Treat X Grass   -0.000 
   (0.067) 

Post X Grass   0.012 
   (0.029) 

Post X Treat X Grass   0.124 

   (0.087) 

Adjusted R2 0.655 0.651 0.651 

Observations 15,034 15,939 15,37267 

Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment 

and control groups are defined based on street network measure. The dependent variable is the natural log of sales 

price. Column (1) drops sales around solar farms larger than 5 MW capacity; Column (2) incorporates interaction 

terms between a binary indicator Coop (that equals one if a house is located around solar farms that sell power to 

either electric co-ops or municipality owned electric utilities) and post, treat, and post x treat variables; Column 

(3) includes land characteristics of parcels before the construction of the solar farm (forest and grassland indicators). 

All specifications include county-by-year fixed effects and solar farm fixed effects. All models include house, 

neighborhood, and location characteristics as shown in the Appendix B, Table 3.1B. Finally, robust standard errors 

clustered by solar farm are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 

 

  

                                                 
67 As discussed in Chapter 2, land characteristics of parcels upon which solar farms are constructed (before they are 

actually built) are not created for every solar farm in the sample. Thus, the number of observations is lower in this 

specification.    
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Table 3.10. The effect of solar farm construction on sales counts   

  (1) (2) (3) (4) 

Treat (≤1 mile) -2.688*** -2.693*** -2.690*** -2.690*** 
 (0.013) (0.015) (0.014) (0.014) 

Post 0.001 -0.002 -0.000 -0.000 
 (0.002) (0.002) (0.002) (0.003) 

Post X Treat -0.058*** -0.055*** -0.057*** -0.057*** 
 (0.014) (0.015) (0.014) (0.014) 

Adjusted R2 0.996 0.996 0.996 0.997 

Observations 15,939 15,939 15,939 15,939 

Year fixed effects Yes Yes Yes  
Solar Farm characteristics Yes   

 
Solar Farm fixed effects  Yes  

Yes 

County fixed effects   Yes  
County by Year fixed 

effects 
   

Yes 

Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment 

and control groups are defined based on street network measure. The dependent variable is the natural log of sales 

count aggregated by solar farm by year of sale by treatment status. All models include house, neighborhood, and 

location characteristics as shown in the Appendix B, Table 3.1B. Finally, robust standard errors clustered by solar 

farm are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 
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Table 3.11. The effect of solar farm construction on house values in urbanized vs not-urbanized 

areas 

  Urbanized vs Non-Urbanizes Areas 
 (1) (2) (3) (4) 

Treat (≤1 mile) -0.002 0.008 0.014 0.003 
 (0.017) (0.019) (0.017) (0.019) 

Post 0.071*** 0.030* 0.028* 0.031 
 (0.015) (0.016) (0.015) (0.024) 

Post X Treat -0.088** -0.089*** -0.092*** -0.074** 
 (0.034) (0.034) (0.034) (0.034) 

Urban 0.110***  0.146***  

 (0.011)  (0.025)  

Treat X Urban -0.012 0.022 0.017 0.025 
 (0.065) (0.068) (0.067) (0.067) 

Post X Urban 0.214*** 0.164*** 0.192*** 0.130*** 
 (0.018) (0.017) (0.017) (0.042) 

Post X Treat X Urban -0.239* -0.156 -0.186 -0.146 
 (0.135) (0.129) (0.140) (0.139) 

Adjusted R2 0.591 0.632 0.618 0.651 

Observations 15,939 15,939 15,939 15,939 

Year fixed effects Yes Yes Yes  

Solar Farm characteristics Yes   
 

Solar Farm fixed effects  Yes  Yes 

County fixed effects   Yes  
County by Year fixed effects    Yes 

Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment 

and control groups are defined based on street network measure. The dependent variable is the natural log of sales 

price. There are 11 solar farms in urban areas and about 23 percent of the sales occurred around “urban” solar farms. 

All models include house, neighborhood, and location characteristics as shown in the Appendix B, Table 3.1B. 

Finally, robust standard errors clustered by solar farm are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 
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Figure 3.1. Hedonic function 

 

 

  



   

83 

 

 
Note: This figure maps solar farms used in residential sales analysis, which includes 249 solar farms built between 

2009 and 2017. The house sales data employed in this research do not include sales within a 2-mile radius for other 

202 solar farms. Given the scale of this map it is difficult to distinguish between house sales and solar farms, thus 

house sales are not depicted on the map. 

 

Figure 3.2. Solar farms used in residential property analysis 
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Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The figure is 

restricted to sales within 2.5 miles of the solar farm based on street network distance measure. The figure includes 

90 percent confidence intervals. 

 

Figure 3.3. Price function estimates pre- and post- solar farm construction 
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Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The figure is 

restricted to sales within 6 miles of the solar farm based on street network distance measure. The figure includes 90 

percent confidence intervals. 

 

Figure 3.4. Price function estimates pre- and post- solar farm construction 
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Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. Treatment and 

control groups are defined based on street network distance measure. The figure includes 90 percent confidence 

intervals. 

 

Figure 3.5. Price function estimates relative to solar farm construction date by treatment status 
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Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. Treatment and 

control groups are defined based on street network distance measure. The point estimates for the average treatment 

effect are provided along with 90 percent confidence intervals. 

 

Figure 3.6. Event study: the effect of solar farm construction on housing values 
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Chapter 4 

Birth Weight Impacts of Animal Feeding Operations in 

North Carolina 

4.1    Introduction 

Hog farming is a $22.5 billion industry in the United States and generates $2.9 billion in 

sales in North Carolina.68 North Carolina (NC) is the second largest pork-producing state in the 

country with over 2,000 large-scale hog farming facilities producing approximately 9 million 

hogs annually (USDA, 2018). Hog farming operations are predominantly clustered in Eastern 

NC, with Sampson and Duplin counties being the top hog producers with 1.8 and 1.7 million 

hogs, respectively (see Figures 4.1 and 4.2 that show the spatial distribution and concentrations 

of hog farms across NC).69  

Nearly all hogs in the country are raised in large-scale Animal Feeding Operations 

(AFOs), where a large numbers of animals, their waste, and other byproducts are often 

concentrated over a small land area.70 It is estimated that hogs produce 63.1 pounds of manure 

per 1,000 pound animal unit per day (USDA), which translates to approximately 10 billion 

gallons of manure produced annually in NC. AFOs have generated public concerns regarding 

odor and potential health effects due to airborne particulate matter and toxic gases present in hog 

                                                 
68 USDA report available at 

https://www.nass.usda.gov/Publications/Highlights/2014/Hog_and_Pig_Farming/index.php. 
69 These counties are among the lowest income counties in the state (in the bottom 30 North Carolina counties). 
70 An AFO is designated as a Concentrated Animal Feeding Operation (CAFO) if it houses more than 2,500 swine 

or the “method of waste discharge” meets the criteria defined by the Environmental Protection Agency (EPA). EPA 

regulations are defined at  https://www.epa.gov/sites/production/files/2015-

08/documents/cafo_final_rule2008_comp.pdf. 

https://www.nass.usda.gov/Publications/Highlights/2014/Hog_and_Pig_Farming/index.php
https://www.epa.gov/sites/production/files/2015-08/documents/cafo_final_rule2008_comp.pdf
https://www.epa.gov/sites/production/files/2015-08/documents/cafo_final_rule2008_comp.pdf


 

89 

 

waste lagoons (e.g., ammonia, methane, hydrogen sulfide, and carbon monoxide) that is later 

sprayed on neighboring fields, releasing gases into the air (National Research Council, 2003).71 

Furthermore, leakage from waste lagoons can contaminate well water or streams during storms, 

creating additional potential hazards to public health.72,73 In NC, the concerns of residents in 

communities surrounding AFOs were manifested in a recent class-action lawsuits brought 

against corporate pork producers (e.g., Wilson, 2018). 

In 2014 and 2015, 26 lawsuits representing more than 500 residents of NC were filed 

against Murphy-Brown, a subsidiary of Smithfield Foods. In 2018, the court reached jury 

verdicts in favor of plaintiffs for three out of 26 nuisance lawsuits, resulting in $550 million jury 

awards.74 The judge ruled that the odor and flies resulting from the waste spraying caused a 

nuisance to neighbors. The verdict of the fourth case resulted in a significantly lower monetary 

damage award relative to previous verdicts. In the same year, NC amended the Right to Farm 

Act restricting neighbors to sue for punitive damages and from bringing “nuisance” lawsuits 

against nearby hog farm facilities.75  

Although the hog farming industry has generated considerable debate in recent years, the 

effects of hog AFOs on public health outcomes are underexplored. While the epidemiological 

literature provides evidence that hog farms are associated with negative health outcomes, to my 

knowledge, the only peer-reviewed study that identifies the causal effect of hog farms on public 

health outcomes is Sneeringer (2009), where the author used the geographic shifts in livestock 

                                                 
71 See Hoff et al. (2002) for details on the types of gasses emitted by hog farms.  
72 The United States Geological Survey published a study in 2015 detailing the effects of hog CAFOs on waterways. 

The full report is available at: https://pubs.usgs.gov/sir/2015/5080/pdf/sir2015-5080.pdf 
73 Hog farm lagoons have overflowed during hurricanes. For example, six lagoons were structurally damaged, 33 

were overflowed, and 10 inundated due to hurricane Florence in NC (DEQ, 2018). 
74 The jury award was reduced to $97.88 million because of the existing cap on punitive damages. 
75 “North Carolina expands protections for its farmers under the Right to Farm Act” by Olivia F. Fajen published on 

March 1, 2019. Accessed at https://animallaw.foxrothschild.com/2019/03/01/north-carolina-expands-protections-

for-its-farmers-under-the-right-to-farm-act/. 

https://animallaw.foxrothschild.com/2019/03/01/north-carolina-expands-protections-for-its-farmers-under-the-right-to-farm-act/
https://animallaw.foxrothschild.com/2019/03/01/north-carolina-expands-protections-for-its-farmers-under-the-right-to-farm-act/
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production across the US to identify the impact of AFOs on infant health. The study found that 

doubling production in a county leads to a roughly 7.4 percent increase in infant mortality. The 

author also provides some evidence that this effect is primarily driven by air pollution from 

AFOs.  

In this research, I provide additional evidence of the effects of hog AFOs on infant health 

conditions in surrounding communities by exploring a rich, spatially explicit individual-level 

data on child health that is linked to detailed geographic information on hog farm operations in 

NC. The detailed geographic information in these data allow me to conduct the analysis with a 

high degree of spatial resolution. In addition, exploring infant health as an outcome of interest is 

econometrically advantageous since newborns have no prior exposure to pollution (Chay and 

Greenstone, 2003).  

To empirically evaluate the effect of hog facilities on infant health outcomes, I apply a 

reduced form framework where I exploit the exogenous variation in daily wind direction relative 

to a prevailing wind direction during a woman’s gestation period. Prevailing winds are assumed 

to capture potential sorting effects of mothers across space. For example, more educated or 

wealthy mothers may sort into upwind locations of AFO’s. To address this potential sorting, my 

model controls for farm-specific prevailing wind direction and proximity to the nearest hog farm 

to account for common spatial preferences (e.g., preferences for living farther away from a hog 

farm or outside of the prevailing wind direction). Controlling for potential pre-determined 

sorting effects allows me to treat deviations from the prevailing wind directions as an exogenous 

source of variation that captures the effects of hog farm exposures on infant health outcomes. 

Consistent with a growing literature on in-utero environmental exposures, I find evidence 

of a negative effect of in-utero exposure to hog farm facilities on infant health outcomes. The 
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main results reveal an economically and statistically significant increase in the incidence of very 

low birth weight (10.3 percent at the mean) and in the incidence of preterm birth (5.3 percent at 

the mean) outcomes. Furthermore, heterogeneous effects are found across babies whose mothers 

sort into different neighborhoods. I further decompose the main effect by seasonal exposure and 

find that in-utero exposure to hog facilities during spring season has a statistically significant 

negative effect on infant birth outcomes, which is consistent with the timing of waste application 

on sprayfields in the study area.  

Although the results provide evidence that exposure to hog farm facilities can affect 

infant health outcomes, the underlying mechanism remains unclear. The assumption is that the 

exposure measure examined in this chapter is linked to air-borne pollutants (e.g., particulate 

matter) and Sapkota et al. (2012) indicate that in-utero exposure to PM results in negative infant 

birth outcomes. However, air-borne pollutants and odor are highly correlated and there could 

also be stress-related effects related to malodor from hog farms. For example, Schiffman et al. 

(1995) and Horton et al. (2009) associated malodor from hog farm facilities to chronic and acute 

stress for neighbors of the farms. Moreover, stress is also linked to negative birth outcomes. For 

example, recent literature suggests that in-utero exposure to stressful events (e.g., hurricanes or 

the death of a family member) leads to a negative effect on birth outcomes (Currie and Rossin-

Slater, 2013 and Persson and Rossin-Slater, 2018). The research design examined in this chapter 

cannot detangle these two effects and it is outside of the scope of the work to identify the exact 

physiological pathway. 

This chapter is organized as follows. Section 4.2 briefly describes the harmful pollutants 

emitted from hog farm facilities and summarizes the epidemiological literature on AFOs and 

health outcomes. Data used in the analysis are discussed in Section 4.3. Section 4.4 describes the 
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identification strategy employed in the analysis. Results, robustness analysis and falsification 

tests are reported in Section 4.5. Section 4.6 concludes. 

4.2    Background 

The primary air emissions from hog AFOs include noxious gases like ammonia and 

hydrogen sulfide, as well as air-borne particulate matter (see Hoff et al. (2002) for common 

emissions). While the Environmental Protection Agency (EPA) currently does not classify 

hydrogen sulfide and ammonia as either a criteria air pollutant or a hazardous air pollutant, these 

pollutants have been recognized to be at high concentration levels near AFOs, which might be 

harmful to human health (Venzke, 2002). In laboratory tests on animals, in-utero and perinatal 

exposure to hydrogen sulfide and to high concentration levels of ammonia has been linked to 

“abnormal growth and morphology of developing cerebellar Purkinje cells and changes in 

neurotransmitter levels” and to smaller than normal newborn offspring (Hannah and Roth, 1991, 

Hannah et al., 1989, CDC, 2000).  

Contrary to ammonia and hydrogen sulfide, particulate matters have long been monitored 

and controlled by the EPA. Chay and Greenstone (2003) linked exogenous reductions in 

particulate matter induced by the implementation of Clean Air Act to infant health. The authors 

found that reductions in particulates leads to five to eight fewer infant deaths per 100,000 live 

births. Sapkota et al. (2012) summarized the peer-reviewed literature focusing on in-utero 

exposure to particulate matter and infant birth outcomes. Although there is a significant 

heterogeneity in the findings, the overall results reveal that in-utero exposure to PM2.5 and 

PM10 is associated with higher incidence of low birth weight and preterm births (Sapkota et al., 

2012). 
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Due to the lack of emission data from hog AFOs,76 it is difficult to link hog farm facilities 

directly to ambient air pollution.77 A number of studies have used observational data to link 

polluting land uses to health outcomes using proximity of an individuals’ home to polluting 

facilities as a proxy for exposure. For example, Currie et al. (2015) estimated that the operation 

of an industrial plant that emits toxic pollutants is associated with three percent increase in the 

incidence of low birth weight for infants born to mothers living within one mile of the facility 

and Currie et al. (2017) linked low birth weight to proximity to active hydraulic fracturing 

facilities. Furthermore, Currie et al. (2011) estimated that Superfund site cleanups reduce infant 

mortality rates by roughly 14 percent and decrease the incidence of congenital anomalies by 

about 20-25 percent for mothers living within 2,000 meters of a site relative to those who live 

between 2,000 – 5,000 meters of a site. 

The findings from several epidemiological studies suggest there may be a negative 

association between proximity to AFOs and health outcomes. A recent study reports that after 

adjusting for socioeconomic factors, residents living in communities adjacent to hog farms have 

higher rates of infant death, death from anemia, along with higher rates of kidney disease, 

tuberculosis, septicemia, emergency room visits, and hospital admissions for low-birthweight 

infants (Kravchenko et al., 2018). Mirabelli et al. (2006) examined the associations between self-

reported asthma symptoms among children in NC that attended public schools near animal 

feeding operations (AFOs). The authors found evidence that students attending schools within 

                                                 
76 While a site-specific monitoring data on emissions are not available, the National Air Emissions Monitoring Study 

funded by the AFO industry and run by Purdue University with EPA oversight collected data on key pollutants 

including ammonia, hydrogen sulfide, and particulate matter from 24 poultry, hog, and dairy AFOs across nine 

states for two years. EPA’s goal is to release a draft model of emission estimating methodologies for AFOs by 

January, 2020. More information could be found at https://www.epa.gov/afos-air/national-air-emissions-monitoring-

study. 
77 Sneringer (2010) found that doubling county-level hog production is associated with a 6.2 percent increase in 

“sulfur-related air pollution.”  

https://www.epa.gov/afos-air/national-air-emissions-monitoring-study
https://www.epa.gov/afos-air/national-air-emissions-monitoring-study
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three-miles of an AFO reported increased wheezing symptoms relative to students attending 

schools further away. In adult populations, Schinasi et al. (2011) found positive associations 

between odor and hydrogen sulfide with symptoms of runny nose, phlegm, sore throat, cough, 

wheezing and difficulty breathing among individuals living within 1.5 miles of a hog AFO in 

NC. Wing and Wolf (2000) conducted a limited study of 155 people and found that residents in a 

community in the vicinity of livestock operations that use liquid waste management systems 

experienced elevated levels of “headaches, runny nose, sore throat, excessive coughing, diarrhea, 

and burning eyes” relative to residents of a community without such facilities. In the 

Netherlands, however, studies found no statistically significant associations between residential 

proximity to swine, cattle, and poultry AFOs and respiratory health outcomes (Hooiveld et al., 

2016). Smit et al. (2014) and van Dijk et al. (2016) found that individuals living in close 

proximity to livestock farms in the Netherlands were associated with a lower prevalence of 

chronic obstructive pulmonary disease (COPD), chronic rhinitis, and asthma.78 

4.3    Data Sources and Summary Statistics 

Three main data sets are combined and analyzed in this chapter: 1) information on hog 

farm facilities; 2) confidential infant health data; and 3) wind direction and speed data. Each of 

these datasets is described below.  

Data on hog farm facilities are obtained from the NC Department of Environmental 

Quality (DEQ) and include the spatial location of 2,057 active hog AFOs across NC with either a 

state or federal permit for activities.79 The data also include the date the facility received the 

                                                 
78 See O’Connor et al. (2010) for a systematic review of the associations between AFOs and respiratory health 

outcomes of individuals in surrounding communities.   
79 Almost all of the required permits were obtained between 1997 and 2003, followed the passage of the 1997 bill 

that imposed a moratorium on hog farms, preventing construction or expansion of hog facilities in NC, which 

became permanent in 2007.   
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permit, the number of lagoons per site, the total manure estimate for each facility, the allowable 

head count per facility and the type of animal (growth stage) in the facility. In order to construct 

a standardized proxy of the pollution generated by each facility, I converted the allowable head 

count by animal type (e.g., babies versus adults) to a steady state live weight (SSLW). This 

conversion is based on the formula provided by the DEQ, where the animal count in each facility 

is multiplied by the average weight of a hog based on its age/type. Table 4.1 reports the average 

weight of a hog by type.  

The final sample of hog farms includes all farms in which there was at least one birth 

between 1996 and 2017 within a three-mile radius (14 hog facilities are excluded as a result). 

The sample restriction by distance is based on the existing literature that provides evidence that 

AFOs are associated with adverse health outcomes for individuals located within a three-mile 

radius of the facility (Mirabelli et al., 2006). Table 4.2 presents summary statistics of hog farm 

facilities. As reported in Table 4.2, a hog facility has on average 4,667 animals, 650,229 pounds 

of SSLW, and an estimated 4,583,308 gallons of annual total waste. The number of lagoons 

permitted for each farm ranges from 1 to 13, with an average of 1.6 lagoons.    

Infant health data are available from the NC Vital Statistics database, which include 

information on over 2.5 million births across NC from 1996 to 2017. The data include the 

residential addresses of the mothers, which were geocoded into latitude and longitude 

coordinates for each observation using ArcGIS. Data also include the birth date, infant birth 

weight, and gestation period (in weeks). Births with a gestation period of less than 26 weeks 

(N=15,207) or a birth weight of less than 453.6 grams (equivalent of 1 pound) (N=232) are 

excluded from the analysis. The child’s birth date and gestation length are used to infer a 
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clinically approximate date of conception. The final sample is restricted to mothers residing 

within a three-mile radius of at least one hog farm facility. 

Table 4.3, Panel A presents summary statistics for the infant health data. There are 

189,133 births in the final sample (within a three-mile radius of a hog farm). As reported in 

Panel A, column (1), the average birth weight is 3,225 grams and the average gestation period is 

38.6 weeks. In addition, about 11.3 percent of the births in the sample have low birth weight 

(defined as birthweight less than 2,500 grams), about 1.7 percent have very low birth weight 

(defined as birthweight less than 1,500 grams), and only 0.6 percent or 1,186 infants have 

extremely low birth weight (defined as birthweight less than 1,000 grams). In addition, about 8.5 

percent of births in the sample are classified as a high birth weight (defined as birthweight 

greater than 4,000 grams) and about 10 percent of babies were born preterm (defined as gestation 

length less than 37 weeks). For comparison, columns (3) and (4) summarize infant birth 

outcomes for the full sample (N=2,568,452). Not surprisingly, birth outcomes are similar across 

these two samples. While column (1) includes mothers living in close proximity to hog farm 

facilities, most of the hog farms are located in rural areas and thus are somewhat protected from 

pollution which stems from traffic congestion or large industrial facilities largely located in 

urbanized areas. 

For each mother, the distance and angle to all hog farm facilities located within a three-

mile radius of the mother’s location are measured using ArcGIS. The angle is within the range of 

-180 degrees to 180 degrees, where 0 degrees indicates that the hog farm is located to the east of 

mother’s location, 90 degrees indicates that the hog farm is located to the north, 180 degrees (or -

180 degrees) indicates that the hog farm is located to the west, and -90 degrees indicates that the 

hog farm is located to the south. The angle is converted such that 0 degrees indicates that the hog 
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farm is located to the north, 90 degrees – to the east, 180 degrees – to the south, and 270 degrees 

– to the west.  

The summary statistics of the distance to the nearest hog facility and the total exposure 

(the number of hog facilities and total SSLW) for each mother in the sample are reported in 

Table 4.3, Panel B. According to Panel B, the average distance to the nearest hog AFO is 1.73 

miles.80 Each mother, on average, has 3.53 hog AFOs within a three-mile radius and the average 

SSLW is 1.9 million. The number of overall hog facilities within a three-mile radius ranges from 

1 to 37.        

The climatic data for the 1995 – 2017 period are drawn from the North American 

Regional Reanalysis (NARR) daily reanalysis data produced by the National Centers for 

Environmental Prediction.81 The NARR model combines multiple sources in a systematic 

fashion to produce the final output. The data report directional “u component” (east to west 

direction) and “v component” (north to south direction) of the wind on a 32 by 32 km grid for 

each day. These components are linearly interpolated to each mother’s location and hog farm 

facility’s location. Then, these vector pairs are used to determine wind direction and wind speed 

at each location.82 The wind direction refers to the direction the wind is blowing from, where 

zero degrees indicate the wind is blowing from the north, 90, 180, and 270 degrees indicate the 

wind is blowing from the east, south, and west, respectively. 

The identification comes from the exogenous variation in wind direction at the mother’s 

location during the gestation period. Therefore, for each mother, the daily wind direction is 

                                                 
80 To better visualize this distribution, Figure 4.1C in the Appendix C reports CDF of home distances to the nearest 

hog farm facilities. 
81 Detailed description of the data can be found at https://www.ncdc.noaa.gov/data-access/model-data/model-

datasets/north-american-regional-reanalysis-narr. 
82 Detailed description of the vector conversion into wind direction and wind speed are described in Deryugina et al 

(2019).  

https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/north-american-regional-reanalysis-narr
https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/north-american-regional-reanalysis-narr
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calculated during her gestation period. Then, for each mother, the daily downwind indicator is 

created during her gestation period. The mother’s location is defined as downwind if the wind 

direction at the mother’s location is within 60 degrees of the angle between the mother’s 

residency and the hog facility. The downwind indicator is defined for each mother with respect 

to every hog facility located within a three-mile radius. For example, Figure 4.3 depicts a 

scenario for a home (mother’s residency) with three hog farm facilities (Farm 1, Farm 2, and 

Farm 3) within a three-mile radius. The solid arrow represents a wind direction at the mother’s 

location for a specific day (the wind direction indicates that the wind is blowing from the north-

northwest to the south-southeast). As shown in Figure 4.3, a mother’s location is downwind from 

Farm 1 and Farm 2 because the angle between the wind direction at mother’s location and the 

angle between mother’s residency and the hog facility (Farms 1 and 2) is less than 60 degrees. 

However, the mother’s residency is not downwind from Farm 3 for that specific day (the angle 

between the wind direction at mother’s location and the angle between mother’s residency and 

Farm 3 is 120 degrees). As a robustness check, an alternative definition of downwind is 

proposed, where instead of a binary indicator the cosine function is used (see Section 4.5.1).  

The number of days downwind during mother i’s gestation period is used to construct the 

main variable of interest, exposure intensity (ExpInt), in the following way:  

𝐸𝑥𝑝𝐼𝑛𝑡𝑖 = ∑ 𝑠𝑠𝑙𝑤𝑗 ∗
# 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑑𝑜𝑤𝑛𝑤𝑖𝑛𝑑 𝑑𝑢𝑟𝑖𝑛𝑔 𝑔𝑒𝑠𝑡𝑎𝑡𝑖𝑜𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑖𝑗

# 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑖𝑛 𝑔𝑒𝑛𝑠𝑡𝑎𝑡𝑖𝑜𝑛 𝑝𝑒𝑟𝑖𝑜𝑑𝑖

𝑛

𝑗=1
,  such that 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗 ≤ 3 𝑚𝑖𝑙𝑒𝑠 ∀ 𝑗 = 1, … 𝑛.                                                                                          (4.1)     

Thus, the exposure for each mother i is defined to be the weighted sum of SSLW across all hog 

AFOs (j) located within a three-mile radius of mother’s residency, where the fraction of days 

spent downwind during gestation period represents the weights.  
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A potential challenge using exogenous winds at mother’s location as a source of 

identification is that more educated or wealthy mothers are likely to sort themselves into upwind 

locations of hog farm facilities, which might otherwise affect birth outcomes and thus result in 

biased estimates. To mitigate the problem, the long-run average wind direction (based on the 

1995-2017 period) is constructed at each hog farm facility’s location to capture the farm-specific 

prevailing wind direction. Based on the long-run average wind direction, hog-farm specific 

directional bins are created such that “zero degrees” represents the wind direction that is 

prevailing for most of the time. Each bin represents a 45-degree range and mothers are assigned 

to those bins based on their home’s angular relationship to the hog farm. Figure 4.4 depicts two 

scenarios with different wind directions. The outer circle represents a three-mile radius around a 

hog farm. The solid arrow represents the long-run average wind direction at a hog farm’s 

location. In scenario A, the solid arrow indicates that the wind is blowing from south-southwest 

to the north-northeast, and this wind direction is set to be zero degrees for this farm. As shown in 

Figure 4.4, scenario A, eight 45-degree range directional bins are constructed oriented to the 

prevailing wind direction, where bin 1 corresponds to 337.5 - 22.5 degrees, bin 2 corresponds to 

22.5 – 67.5 degrees, and so forth. In scenario B, the long-run average wind direction indicates 

that the wind is blowing from the south-east to the north-west. In a similar fashion, eight 45-

degree range directional bins are constructed such that bin 1 corresponds to the prevailing wind 

direction (see Figure 4.4, scenario B). Each mother is assigned to these directional bins based on 

her angular relationship to the hog facility. Directional bin fixed effects are then included in the 

specification to capture sorting across space by mothers as discussed in section 4.4. 
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4.4    Identification Strategy 

To identify the infant health effects of exposures from hog facilities, I explore the 

exogenous variation in exposure generated by the randomness of wind direction at each mother’s 

location. One primary concern is that mothers sort into neighborhood based on prevailing wind 

direction, and selection into these neighborhoods might relate to unobserved factors, such as 

health care access and income, which might otherwise affect birth outcomes. For example, 

mothers located downwind of the AFO might reside in poorer communities and underserved by 

healthcare, which makes it harder to disentangle whether the adverse birth effects are driven by 

exposure or socioeconomic factors.  

To address this concern, I assume that (1) mothers sort into neighborhoods based on 

direction to the nearest hog facility and (2) selection into these neighborhoods relates to 

unobserved factors (e.g., income or healthcare access) that otherwise might affect birth outcomes 

but are consistent within these neighborhoods. Accordingly, to address potential sorting based on 

prevailing wind patterns measured at the nearest hog farm location, I construct hog farm-specific 

directional bins (“neighborhoods”) and explicitly account for mothers’ location within these bins 

in the analysis. More precisely, I estimate the following model: 

   𝐼𝐵𝑂𝑖𝑡𝑚𝑗 = 𝛼 + 𝛽 ∗ 𝐸𝑥𝑝𝐼𝑛𝑡𝑖 + ∑ 𝛾𝑛 ∗ 𝑏𝑖𝑛𝑛𝑗
8
𝑛=2 +  𝛿 ∗ 𝑓(𝑑𝑖𝑠𝑡𝑖𝑗) + 𝜇𝑗 + 𝜏𝑡 + 𝜎𝑚 + 휀𝑖𝑡𝑚𝑗, (4.2) 

where IBO is infant i’s birth outcome, whose conception year is t, conception month is m, and 

whose nearest hog farm is j. There are seven measures of IBO used in the analysis: birth weight 

(BW), an indicator variable for low birth weight (LBW), an indicator of very low birth weight 

(VLBW), an indicator of extremely low birth weight (ELBW), an indicator of high birth weight 

(HBW), an indicator of preterm birth (PTB), and the gestation period (GP) in weeks. Infant birth 

outcomes are regressed on the exposure intensity (ExpInt) that was defined in equation (4.1) and 
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is the weighted sum of SSLW across all hog farms within a three-mile radius of mother i’s 

location. As discussed in Section 4.3, weights are constructed for each mother-hog facility pair 

and represent the number of days that a mother spent downwind during the gestation period.   

To address mother’s potential geographic sorting behavior into upwind neighborhoods 

that might be related to socioeconomic factors and thus result in bias estimates, I construct eight 

45-degree range hog farm-specific directional bins (bin 1 through bin 8), where each bin is coded 

as one if mother i is located within that bin. Bins are oriented such that bin 1 corresponds to the 

long-term prevailing wind direction for a specific AFO. This approach assumes that the 

prevailing wind is consistent for a specific farm and unobserved factors are consistent within 

these bins. To more flexibly account for the structure of geographical sorting, I account for a 

different specification of distance (linear, quadratic, and cubic) to the nearest hog facility in the 

analysis (f(dist)). I also include nearest hog farm fixed effects, 𝜇𝑗, which control for time-

invariant common unobserved characteristics of hog farm j. The terms 𝜏𝑡 and 𝜎𝑚 in equation 

(4.2) are year of conception and month of conception fixed effects, respectively (see Currie and 

Schwandt (2013) on the importance of controlling year and month of conception in the analysis, 

which affect birth outcomes independent of maternal characteristics). The inclusion of these 

fixed effects and controlling for distance to the nearest AFO helps to ensure that identification of 

hog farm exposure on infant health outcomes comes from plausibly exogenous variation in wind 

direction at mother’s location during her pregnancy. Finally, 휀𝑖𝑡𝑚𝑗 is an error term. Robust 

standard errors are clustered at the nearest hog farm level, which represents to level of physical 

exposure, to allow for correlation of observations within a three-mile radius of a hog farm.  

The key coefficient of interest is 𝛽, which captures the average effect of exposure 

intensity on infant health outcomes. Additional specifications are estimated that include 
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directional bins and distance measures interaction terms. These specifications control flexibly for 

unobserved heterogeneity in preferences for proximity to hog farms across directional bins.  

Furthermore, one might expect exposure intensity to have a differential effect on mothers 

located in different bins. In order to test for these potential heterogeneous effects, exposure 

intensity is interacted with directional bin dummies and estimated in the following specification: 

𝐼𝐻𝑂𝑖𝑡𝑚𝑗 = 𝛼 + ∑ 𝛽𝑛 ∗ 𝑏𝑖𝑛𝑛𝑗

8

𝑛=1

∗ 𝐸𝑥𝑝𝐼𝑛𝑡𝑖 + ∑ 𝛾𝑛 ∗ 𝑏𝑖𝑛𝑛𝑗

8

𝑛=2

 

                                             + 𝛿 ∗ 𝑓(𝑑𝑖𝑠𝑡𝑖𝑗) + 𝜇𝑗 + 𝜏𝑡 + 𝜎𝑚 + 휀𝑖𝑡𝑚𝑗,                                     (4.3) 

where 𝛽𝑛 captures the effect of exposure intensity on child health outcomes for mothers whose 

residency is assigned to bin n.  

Finally, I decompose the main exposure effect by seasons. Hog waste is sprayed on 

neighboring fields to fertilize crop and pasture fields during the growing season (spring and 

summer (Chastain and Henry, 2003). To capture these seasonal differences, the following 

specification is estimated: 

 𝐼𝐵𝑂𝑖𝑡𝑚𝑗 = 𝛼 + ∑ 𝛽𝑠 ∗ 𝐸𝑥𝑝𝐼𝑛𝑡𝑖𝑠
4
𝑠=1 + ∑ 𝛾𝑛 ∗ 𝑏𝑖𝑛𝑛

8
𝑛=2 +  𝛿 ∗ 𝑓(𝑑𝑖𝑠𝑡𝑖𝑗) + 𝜇𝑗 + 𝜏𝑡 + 𝜎𝑚 + 휀𝑖𝑡𝑚𝑗, (4.4) 

where exposure intensity is calculated for each season s in the following way: 

𝐸𝑥𝑝𝐼𝑛𝑡𝑖𝑠 = ∑ 𝑠𝑠𝑙𝑤𝑗 ∗
# 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑑𝑜𝑤𝑛𝑤𝑖𝑛𝑑 𝑑𝑢𝑟𝑖𝑛𝑔 𝑔𝑒𝑠𝑡𝑎𝑡𝑖𝑜𝑛 𝑝𝑒𝑟𝑖𝑜𝑑𝑖𝑗𝑠

# 𝑜𝑓 𝑑𝑎𝑦𝑠 𝑖𝑛 𝑔𝑒𝑛𝑠𝑡𝑎𝑡𝑖𝑜𝑛 𝑝𝑒𝑟𝑖𝑜𝑑𝑖

𝑛

𝑗=1
, such that  

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗 ≤ 3 𝑚𝑖𝑙𝑒𝑠 ∀ 𝑗 = 1, … 𝑛, and s∈{winter, spring, summer, fall}, where winter, spring, 

summer, and fall correspond to calendar seasons. 

In this specification, the main coefficient of interest is 𝛽𝑠, which measures the exposure 

effect on infant health outcome in season s. The strongest effect is expected to be during the spraying 

season (spring and summer). To the extent that there is a delay between spraying and actual 

exposure, we might expect to see effects in other seasons.  For example, nitrogen transport may 
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take several months before it contaminates local groundwater sources that could be ingested by 

pregnant women sourcing drinking water from shallow wells.  

4.5    Results 

Table 4.4 reports the main results of hog farm exposure on birth outcomes. All 

specifications include directional bin fixed effects (constructed based on long-run average wind 

direction measured at the nearest hog farm location) such that bin 1 is the reference category, 

nearest hog farm fixed effects, month and year of conception fixed effects, and the quadratic 

distance to the nearest hog farm.83 The outcome variables differ across regressions as noted in 

the column heading (column 1 through column 7 of Table 4.4). All specifications with a binary 

dependent variable are estimated using linear probability models.84 The exposure intensity 

variable (ExpInt) is in 1,000 units across all the tables. Robust standard errors are clustered at the 

nearest hog farm level in all the results tables (similar results are found if clustered at a county 

level). Finally, ExpInt variable enters model linearly because F-test reject models with higher 

degree polynomials (quadratic or cubic) at a 5 percent significance level.   

The results reported in Table 4.4 suggest that the exposure intensity (ExpInt) significantly 

decreases infant birth weight (column 1), increases the incidence of very low birth weight 

(column 3), increases the incidence of preterm birth (column 6) and reduces the length of 

gestation (column 7). For example, a 100,000 unit increase in exposure reduces birth weight by 

1.63 grams. I interpret the magnitude of these estimates in outcome variables for a newborn that 

goes from the 25th percentile of exposure (ExpInt=103,747) to the 75th percentile of exposure 

                                                 
83 Identical results are found for the main coefficient of interest (ExpInt) when linear or cubic distance is included in 

the specification.  
84 Table 4.4 also reports the share of the predicted outcomes variables (for a binary indicator) that fall outside of the 

0–1 range. Table 4.1C in the Appendix C provides estimates based on a logit model for specifications with binary 

outcome variables.  



 

104 

 

(ExpInt=792,309). For example, the estimate in column (1) suggests a 11.2-gram reduction in 

infant birth weight when an infant goes from the 25th to the 75th percentile of exposure. The 

estimate in column (3) reveals 0.00172 percentage point increase in the incidence of very low 

birth weight, which translates to an economically significant 10.3 percent at the mean (or 

0.00172/0.017). Similarly, the results suggest an economically and statistically significant 5.3 

percent (or 0.0054 percentage point) increase in the incidence of preterm birth at the mean.           

In addition to the main effects reported in Table 4.4, it is noteworthy that mothers 

assigned to bin 5 have babies that are associated with a statistically significantly lower incidence 

of very low birth weight outcomes (see coefficient for bin 5 in column 3) relative to babies 

whose mothers are assigned to bin 1 (a reference category). Similarly, mothers assigned to bin 6 

have babies that are associated with a statistically significantly lower incidence of high birth 

weight (see coefficient for bin 6 in column 5) relative to babies whose mothers are assigned to 

bin 1. In other words, these correlations confirm expected unobserved systematic differences 

across mothers who live in bin 5 and bin 6 (i.e. mothers who are generally upwind) versus 

mothers who live in bin 1 (i.e. mothers who are generally downwind).  

Tables 4.2C and 4.3C in the Appendix C report results for specifications where linear and 

quadratic distance to the nearest hog farm are interacted with directional bin dummy variables, 

respectively.85 All specifications control for nearest hog farm fixed effects and year and month of 

conception fixed effects. As reported in Tables 4.2C and 4.3C, the main coefficient of interest 

(ExpInt) is estimated with a relatively small standard error but almost identical in magnitude to 

that found in Table 4.4. The results in Tables 4.2C and 4.3C suggest that the percentage increase 

in the incidence of very low birth weight ranges from 9.9 to 10.4 percent (at the mean) and the 

                                                 
85 Identical results are found for the main coefficient of interest when cubic distance is interacted with directional bin 

dummies – results are not reported. 
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percentage increase in preterm births ranges from 5.3 to 5.4 percent (at the mean) for a baby that 

is moved from the 25th percentile of exposure to the 75th percentile of exposure. 

Table 4.5 presents estimates of the effects of hog farm exposure on infant health 

outcomes for each directional bin separately (see equation 4.3). Each specification controls for 

directional bin fixed effects, quadratic distance to the nearest hog farm, nearest hog farm fixed 

effects, and year and month of conception fixed effects. The results in Table 4.5 indicate that the 

exposure to a hog farm statistically significantly reduces infant birth weight (see column 1) for 

mothers living in bin 3 through bin 6 (estimates range between 12 and 17 grams for a baby that is 

moved from the 25th percentile of exposure to the 75th percentile of exposure). The main 

coefficient estimates become statistically significant for a low birth weight outcome when 

estimating results for each directional bin separately (see column 2). More precisely, estimates 

for bins 3 and 6 in column (2) reveal approximately a 5 percent increase (at the mean) in the 

incidence of low birth weight for a baby that is moved from the 25th percentile to the 75th 

percentile of exposure. Estimates for a very low birth weight outcome are larger in magnitude 

and indicate statistically significantly higher incidence of very low birth weight ranging from 

10.6 (bin 3) to 19 (bin 5) percent at the mean (see column 3) for a baby that is moved from the 

25th percentile to the 75th percentile of exposure. According to Table 4.5, the largest in 

magnitude estimates are found for extremely low birth weight (column 4), illustrating 19 percent 

(bin 2) to 28 percent (bin 5) increase in the incidence of extremely low birth weight at the mean 

for a baby that is moved from the 25th to the 75th percentile of exposure. Column (6) reveals a 

statistically significant percentage increase in preterm births for a baby that is moved from the 

25th to the 75th percentile of exposure ranging from 5.2 percent (bin 1) to 6.7 percent (bin 5) at 
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the mean. Finally, the results in column (7) indicate statistically significant reduction in the 

length of gestation across all bins with the exception of bin 4. 

Table 4.6 reports the estimates of seasonal exposure to hog facilities on infant health 

outcomes. Interestingly, the results reveal that the only season-exposure intensity interaction 

term that is significant is the spring season. This suggests that for babies whose gestation period 

overlaps with the spring season, negative birth outcomes are more likely to result, which is 

consistent with the timing of waste application on sprayfields in the study area. The results in 

Table 4.6 suggest a statistically and economically significant reduction in birth weight (78 

grams) for a baby that is moved from the 25th percentile of exposure to the 75th percentile of 

exposure (see column 1). Columns (2) and (6) indicate about a 43 percent and 50 percent 

increase in the risk of low birth weight and preterm births during the spring season at the mean, 

respectively (for a baby that is moved from the 25th to the 75th percentile of exposure). Although 

not statistically different from zero, the effects on birth weight (column 1), low birth weight 

(column 2) and preterm birth (column 6) are large in magnitude with opposite signs for the 

summer season.  

In summary, I find evidence of a negative impact of exposure to hog farm facilities on 

infant birth outcomes. Heterogeneous exposure effects are detected for directional bins that are 

constructed using hog farm-specific long-run average wind direction. Finally, after decomposing 

the main effect by seasonal exposure, I find significant negative birth effects for babies whose 

gestation period overlaps with the spring season, which is consistent with sprayfield activity. 

4.5.1    Robustness and Sensitivity Analysis 

In this sub-section, I present additional results based on different sample restrictions, an 

alternative measure of the downwind variable, and the inclusion of a wind speed variable in the 
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specification. For the first sensitivity analysis, the sample is altered to include mothers who live 

within a two-mile radius of at least one AFO or to mothers who live within a four-mile radius of 

at least one AFO. 

Table 4.7 reports the main coefficient of interest (ExpInt). Each specification accounts for 

directional bin fixed effects, quadratic distance to the nearest hog farm, month and year of 

conception fixed effects, and nearest hog farm fixed effects. The sample size drops to 113,106 

observations when a two-mile sample is analyzed (see Panel A). The results are similar in 

magnitude and significance to those generated by a three-mile sample (Table 4.4) for birth 

weight, preterm birth, and the length of gestation outcome variables. Results regarding a very 

low birth weight outcome variable are qualitatively similar to those reported in Table 4.4 but lose 

statistical significance. In addition, Table 4.7, Panel A reveals a 5.2 percent (or 0.0058 

percentage point) increase in the incidence of low birth weight (at the mean) at 1 percent 

significance level for a baby that is moved from the 25th percentile of exposure to the 75th 

percentile of exposure. Panel B of Table 4.7 reports results for mothers who live within a four-

mile radius of at least one AFO. The estimates are small in magnitude and highly insignificant 

for ExpInt variable (see Panel B, Table 4.7), suggesting exposure is spatially limited to no more 

than three miles.   

Next, an alternative measure of downwind variable is explored. Here, instead of using a 

binary indicator for being downwind, the cosine of the difference in angles between the wind 

direction at the mother’s location and the angle between mother’s residency and the nearest hog 

facility is examined (Anderson, 2016). More precisely, the downwind variable is constructed for 

each mother-AFO pair (ij) for each day during the gestation period (d) in the following way: 

                                                𝑑𝑜𝑤𝑛𝑤𝑖𝑛𝑑𝑖𝑗𝑑 = {
cos(𝜑𝑖𝑗𝑑) 𝑖𝑓 𝜑 < 90°

        0        𝑖𝑓 𝜑 ≥ 90°
 ,                               (4.5) 
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where 𝜑 is the angle between the wind direction at mother’s location and the angle between the 

mother’s location and the nearest hog farm. The main variable of interest, ExpInt, is constructed 

accordingly, where the SSLW is weighted by the fraction of days downwind during the gestation 

period for each mother-AFO pair, and summed up across all AFOs within a three-mile radius of 

mother i’s residency.  

Table 4.8 shows results based on this alternative definition of downwind. The results for 

ExpInt variable are slightly larger to those presented in Table 4.4. For example, Table 4.8 reveals 

a statistically significant 11.9 percent increase in the incidence of very low birth weight and 5.6 

percentage increase in preterm birth outcomes (at the mean) for a baby that is moved from the 

25th percentile of exposure to the 75th percentile of exposure (see columns 3 and 6).   

Wind speed could be an important determinant of exposure for all mothers living around 

hog facilities. Therefore, Table 4.9, Panel A reports results from regressions that control for the 

average wind speed at each mother’s residency during her gestation period (estimates are 

reported for only ExpInt and wind speed variables). The average wind speed varies from about 2 

mph to 6 mph in the sample. After controlling for the average wind speed, the estimates for 

ExpInt variable are slightly smaller in magnitude relative to the main results reported in Table 

4.4 but remain statistically significant for birth weight, very low birth weight, preterm indicator, 

and the length of gestation outcome variables.  

As a further robustness check, I constructed ExpInt variable based on total manure 

measure (also expressed in 1,000 units). Results based on this alternative definition of exposure 

intensity are reported in Table 4.9, Panel B and are almost identical to the main results. For 

example, the estimate in column (1) reveals a 11.2-gram reduction in infant birth weight for a 

baby that is moved from the 25th percentile of exposure to the 75th percentile. Furthermore, the 
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results indicate a 10.4 percent increase in the probability of very low birth weight (column 3) and 

a 5.3 percent increase in the probability of preterm birth (column 6) at the mean for a baby that is 

moved from the 25th percentile of exposure to the 75th percentile of exposure. 

 Finally, Table 4.9 Panel C shows the estimates based on the sample where mothers with 

the ExpInt measure in the top and bottom one percent of all ExpInt estimates are excluded. The 

estimates for ExpInt variable are slightly smaller in magnitude than those reported in Table 4.4, 

but remain statistically significant. 

4.5.2    Falsification Test 

In this sub-section, I provide evidence of validity for the research design employed in the 

analysis. The coefficient for the key variable of interest (ExpInt) would be biased if controlling 

for the directional bin fixed effects, distance to the nearest hog facilities and the nearest hog farm 

fixed effects in the analysis does not fully address endogenous sorting of mothers as discussed in 

Section 4.4.  In the main analysis, I evaluated the effect of in-utero exposure to hog farm 

facilities where the ExpInt variable is constructed for each mother and is computed as the 

weighted sum of SSLW by the fraction of days the mother’s home is downwind during her 

gestation period. In other words, identification relies on the exogenous variation in wind 

direction during the gestation period. To investigate this potential bias, I construct the placebo 

exposure intensity variable (ExpInt) based on the exogenous variation in wind direction at 

mother’s residency post the birth date of each baby in the sample. Specifically, the SSLW is 

weighted by the fraction of days the mother’s residency is downwind during 280 days post her 

child’s birth date. In theory, I should expect to find no effects of this placebo ExpInt on infant 

birth outcomes unless there is an endogenous sorting effect that is not captured in the research 

design.  
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Table 4.10 shows the results for this falsification analysis. All specifications control for 

directional bin fixed effects, quadratic distance to the nearest AFO, and the nearest hog farm 

fixed effects. Standard errors are clustered at the nearest AFO level. According to Table 4.10, the 

coefficient of interest (see coefficient for ExpInt) is not statistically significantly different from 

zero for any of the outcome variables analyzed in this chapter.  

Another approach to testing the validity of the research design is to apply a similar 

identification strategy in the context of housing markets. One would expect to find no effects of 

the exposure variable on house values if the research design employed in the analysis fully 

controls for sorting behavior. In other words, families should not migrate in response to 

exogenous variation in wind direction after accounting for the prevailing wind direction. To test 

for this, I constructed single-family housing data from Zillow Inc. (2017) and re-estimated 

equation (4.2) where the outcome variable is the natural log of sale price (CPI-adjusted to 2017 

dollars).86 The housing dataset is described in detail in Chapter 3 of this dissertation. The final 

sample (N=36,348) is restricted to houses located within a three-mile radius of at least one hog 

farm.87 For each transaction in the sample, I created an ExpInt variable in similar fashion as 

described in equation (4.1), where weights are the fraction of days a house is located downwind 

during the year property is sold. In addition, directional bins and distance measures are created 

similarly as discussed in Section 4.3.  

Table 4.11 presents estimates for ExpInt variable based on housing transactions sample. 

Standard errors are clustered at the nearest AFO level in all regressions. Columns (1) through (3) 

                                                 
86 Data provided by Zillow through the Zillow Transaction and Assessment Dataset (ZTRAX). More information on 

accessing the data can be found at http://www.zillow.com/ztrax. The results and opinions are those of the author(s) 

and do not reflect the position of Zillow Group. 
87 The number of observations increases to 46,303 if the sample is restricted to observations with only sales prices, 

but not complete information. 
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account for housing characteristics (acres, age, and number of bedrooms), while columns (4) 

through (6) do not. In addition, columns (1) and (4) control for directional bin fixed effect and 

distance to the nearest AFO. Columns (2) and (5) control for the interaction between directional 

bins and linear distance to the nearest AFO, while columns (3) and (6) account for the interaction 

between directional bins and a quadratic distance measure.  

According to Table 4.11, no statistically or economically significant results are found for 

the ExpInt variable. Although there were not many house sales within a three-mile radius of at 

least one AFO, these results provide some support for validity of the research design employed 

in the chapter and suggestive evidence that the estimates reported for infant health outcomes are 

identified off of the exogenous variation in wind direction at the mothers’ residency. 

4.6    Conclusion 

This is the first large-scale study that uses high resolution data to identify the causal 

effect of in-utero exposure to hog farm facilities on infant birth outcomes in NC. After 

accounting for mother’s geographic sorting behavior and for proximity to the nearest hog farm 

facility, I explored the wind direction at mother’s residency to identify the effect of exogenous 

variation in exposure intensity. According to the main results, exposure to hog farm facilities 

within three miles increases the incidence of a very low birth weight by 10.3 percent (at the 

mean) and premature births by 5.3 percent (at the mean) for a baby that is moved from the 25th 

percentile of exposure to the 75th percentile of exposure. Heterogeneous effects are found across 

different neighborhoods, suggesting a 5 percent increase in probability of low birth weight. 

These results are robust to various sample restrictions.  

The complexity of interpreting the results presented in this chapter arises from the fact 

that the exposure intensity variable is the mixture of days spent downwind during the gestation 
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period and a steady state live weight and thus does not have a natural interpretation. To put these 

findings in perspective, I interpret the results for a baby whose mother spent the average days (89 

days) downwind during her pregnancy in the sample. The average gestation length in the sample 

is 270 days. For example, if a baby whose mother spent 89 days downwind during her pregnancy 

is moved from the 75th percentile of exposure (SSLW=2,403,635 pounds that corresponds to 

1,696 farrow-to-finish sows) to the 25th percentile of exposure (SSLW=314,739 pounds that 

corresponds to 222 farrow-to-finish sows), then the incidence of a very low birth weight would 

be reduced by 10.3 percent. In other words, the reduction in the exposure would lead to 103 

fewer infants with very low birth weight per 1,000 births. There are 3,157 babies born with very 

low birth weight between 1997 and 2017 in the sample, which would have been resulted in 325 

less infants with very low birth weight. Furthermore, the cost of neonatal intensive care unit 

(NICU) hospitalizations for babies with very low birth weight is among the most expensive, 

totaling to $13.4 billion annually (Johnson et al, 2013). Infants with very low birth weight spend 

on average 55.5 days in NICU, with the average cost of $131,472 per infant.88 According to the 

above calculation, reducing the number of farrow-to-finish sows from 1,696 to 222 within a three 

mile radius of a mother’s home who spends 89 days downwind during her pregnancy (270 days) 

would have saved $42.7 million in NICU hospitalization costs.  

A similar calculation is applied to infants with preterm births (N=18,997). Premature 

babies stay on average 12.9 days in hospital that costs on average $15,100 (compared to $600 

and 1.9 days for infants with normal birth weight) (Russell et al., 2007).89 Moving an infant 

                                                 
88 “Unraveling the cost of very low birth weight infants” by Dr. Tricia Johnson. Published in August, 2015. 

Accessed at https://blog.neonatalperspectives.com/2015/08/07/unraveling-the-cost-of-very-low-birth-weight-

infants/. 
89 The cost of hospitalization for low birth weight and preterm births in the US was $5.8 billion in 2001, which was 

47 percent of the total costs for all infant hospitalizations (Russell et al., 2007). 

https://blog.neonatalperspectives.com/2015/08/07/unraveling-the-cost-of-very-low-birth-weight-infants/
https://blog.neonatalperspectives.com/2015/08/07/unraveling-the-cost-of-very-low-birth-weight-infants/
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whose mother spent the average time downwind during her pregnancy from the 75th percentile of 

exposure to the 25th percentile of exposure would have resulted in 1,006 less premature births, 

which corresponds to $15.1 million saving in hospitalization costs. Thus, reducing the number of 

infants with very low birth weight and preterm births would result in large hospitalization cost 

savings.  

The cost of hospitalization associated with these birth outcomes is only one way to 

measure the cost of exposure. In addition, health outcomes at birth have been linked to negative 

adult outcomes, including education and earnings (see Almond and Currie (2010) for a review). 

Although exposure to hog farm facilities leads to negative infant health outcomes, it is 

not clear what mechanism drives these effects. Further research is necessary to identify the 

mechanism through which hog AFOs affect infant health outcomes. Furthermore, this research 

does not address mothers’ potential behaviors for avoiding exposure to hog farm facilities during 

windy days or during pregnancy.  

As a next step, I will incorporate weather data in the analysis. Future research would 

extend the analysis to include infant birth outcomes linked to exposure generated by poultry farm 

facilities in NC. 
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Table 4.1. Average weight per animal by its type 

Animal Type (By Growth Stage) Average Weight per Animal 

Farrow to Feeder 522 

Farrow to Finish 1,417 

Farrow to Wean 433 

Feeder to Finish 135 

Gilts 150 

Boar 400 

Wean to Feeder 30 

Wean to Finish 155 

Notes: Farrow-to-Finish stage refers to a period from breeding to a market stage; farrow is 

defined as “giving birth to piglets;” gilt refers to a “female pig that has not farrowed;” boar refers 

to an “intact male.”90 

 

  

                                                 
90 The full definition of these terms can be found at https://www.aasv.org/foundation/research/prevet/Appendix1.pdf 

and http://www.pcifapia.org/_images/212-6_PCIFAP_Ecnmics_v5_tc.pdf. 

https://www.aasv.org/foundation/research/prevet/Appendix1.pdf
http://www.pcifapia.org/_images/212-6_PCIFAP_Ecnmics_v5_tc.pdf
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Table 4.2. Hog farm description (N=2,043)        

 Mean Std. Dev Min Max 

Allowable Count 4,667 4,728 100 70,249 

Steady State Live Weight 650,229 745,395 21,000 10,300,000 

# of Lagoons 1.6 1.0 1.0 13.0 

Total Waste (gallon) 4,583,308 5,330,196 133,700 71,300,000 
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Table 4.3. Summary statistics 

   

Panel A. Infant Birth Data         

  

Sample within 3 miles  

(N=189,133) 

Full Sample  

(N= 2,568,452) 

 Mean Std. Dev Mean Std. Dev 

Weight (grams) 3,225 623 3,222 620 

Gestation length (weeks) 38.6 2.0 38.6 2.0 

Low birth weight (LBW) 0.113 0.317 0.113 0.317 

Very low birth weight (VLBW) 0.017 0.128 0.017 0.127 

Extremely low birth weight (ELBW) 0.006 0.079 0.006 0.078 

High birth weight (HBW) 0.085 0.279 0.083 0.276 

Preterm birth 0.100 0.301 0.100 0.301 
     
Panel B. Exposure      
  Mean Std. Dev. Min Max 

Distance to the nearest hog farm (mile) 1.73 0.76 0.01 3.00 

# of farms within three-miles 3.53 4.47 1 37 

Total SSLW within three-miles 1,951,824 2,815,041 31,406 45,700,000 
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Table 4.4. Effects of hog farm exposure on infant health outcomes (eq. 4.2) 

Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 2,043 AFOs. ExpInt is in 1,000 units. Finally, 

robust standard errors clustered at the nearest AFO level are in parentheses where *** p<0.01, ** p<0.05, * p<0.1.

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt (1,000 units) -0.0163** 0.000004 0.0000025* 0.0000014 -0.0000004 0.0000078** -0.000076*** 
 (0.007684) (0.000003) (0.000001) (0.000001) (0.000003) (0.000003) (0.000021) 

bin2 0.115 -0.002 -0.002 -0.000 -0.001 0.002 0.001 
 (14.596) (0.006) (0.002) (0.001) (0.004) (0.004) (0.034) 

bin3 3.030 -0.002 -0.002 -0.000 -0.001 -0.001 0.026 
 (11.614) (0.005) (0.002) (0.001) (0.004) (0.004) (0.028) 

bin4 8.406 -0.003 -0.001 0.001 0.001 0.002 -0.008 
 (12.424) (0.005) (0.002) (0.001) (0.004) (0.004) (0.028) 

bin5 7.632 -0.003 -0.004** -0.001 0.000 -0.003 0.035 
 (11.762) (0.005) (0.002) (0.001) (0.004) (0.004) (0.029) 

bin6 -9.148 0.003 -0.001 -0.000 -0.007** 0.001 -0.010 
 (11.796) (0.005) (0.002) (0.001) (0.004) (0.004) (0.027) 

bin7 -14.890 -0.002 -0.000 0.000 -0.005 0.005 -0.010 
 (12.959) (0.005) (0.002) (0.001) (0.004) (0.004) (0.028) 

bin8 -8.458 -0.000 -0.000 0.001 -0.005 0.002 -0.000 
 (15.536) (0.006) (0.002) (0.001) (0.004) (0.004) (0.031) 

dist -5.444 0.001 0.001 -0.000 0.001 0.009 -0.037 
 (15.482) (0.007) (0.002) (0.001) (0.006) (0.006) (0.041) 

dist2 -0.291 0.000 0.000 0.000 -0.001 -0.002 0.005 
 (4.765) (0.002) (0.001) (0.000) (0.002) (0.002) (0.011) 

Mean Dependent Variable 3,225 0.113 0.017 0.006 0.085 0.100 38.60 

Month, Year, Hog Farm fixed effects Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.018 0.007 0.002 -0.000 0.007 0.005 0.009 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

Share of the predicted dependent variable 

that falls outside of the 0-1 range 
 

0.0076 0.0632 0.1279 0.0127 0.0092 
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Table 4.5. Heterogeneous effects of hog farm exposure on health outcomes by directional bins  

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt X bin1 

(1,000 unites) 
-0.015 0.0000037 0.0000009 0.0000011 -0.0000025 0.000007* -0.00006** 

 (0.011) (0.000005) (0.000002) (0.000001) (0.000004) (0.000004) (0.000027) 

ExpInt X bin2 

(1,000 unites) 
-0.014 0.0000028 0.0000027* 0.0000017* 0.0000019 0.000009** -0.00006** 

 (0.010) (0.000005) (0.000002) (0.000001) (0.000004) (0.000004) (0.000028) 

ExpInt X bin3 

(1,000 unites) 
-0.025** 0.000008* 0.000003* 0.0000017 -0.00000045 0.000010** -0.00008*** 

 (0.010) (0.000005) (0.000002) (0.000001) (0.000004) (0.000004) (0.000028) 

ExpInt X bin4 

(1,000 unites) 
-0.019* 0.0000042 0.0000032* 0.0000011 0.0000003 0.0000024 -0.000044 

 (0.010) (0.000005) (0.000002) (0.000001) (0.000004) (0.000004) (0.000028) 

ExpInt X bin5 

(1,000 unites) 
-0.023** 0.0000065 0.000004** 0.000002* 0.0000005 0.000009** -0.00010*** 

 (0.010) (0.000004) (0.000002) (0.000001) (0.000004) (0.000004) (0.000028) 

ExpInt X bin6 

(1,000 unites) 
-0.018* 0.000008* 0.0000036* 0.000001 0.0000013 0.000008** -0.00010*** 

 (0.010) (0.000005) (0.000002) (0.000001) (0.000004) (0.000004) (0.000029) 

ExpInt X bin7 

(1,000 unites) 
-0.005 -0.000004 0.0000017 0.000001 -0.0000022 0.0000066 -0.00008*** 

 (0.010) (0.000004) (0.000002) (0.000001) (0.000004) (0.000004) (0.000028) 

ExpInt X bin8 

(1,000 unites) 
-0.007 0.0000041 0.0000005 0.000001 0.0000012 0.000007 -0.00007** 

 (0.010) (0.000005) (0.000002) (0.000001) (0.000004) (0.000004) (0.000032) 

bin2 -0.520 -0.001 -0.003 -0.001 -0.004 0.0001 0.005 
 (19.511) (0.007) (0.002) (0.001) (0.005) (0.006) (0.045) 

bin3 9.405 -0.005 -0.003 -0.001 -0.003 -0.003 0.040 
 (15.029) (0.006) (0.002) (0.001) (0.004) (0.005) (0.036) 

bin4 10.617 -0.004 -0.002 0.001 -0.001 0.004 -0.014 
 (15.462) (0.006) (0.002) (0.001) (0.004) (0.005) (0.034) 

bin5 12.885 -0.005 -0.006*** -0.001 -0.002 -0.005 0.059* 
 (14.547) (0.006) (0.002) (0.001) (0.005) (0.005) (0.035) 

bin6 -6.869 0.0001 -0.002 -0.0002 -0.009** 0.0001 0.013 
 (14.707) (0.006) (0.002) (0.001) (0.004) (0.005) (0.032) 

bin7 -19.592 0.002 -0.001 0.0003 -0.006 0.005 0.002 
 (16.028) (0.006) (0.002) (0.001) (0.005) (0.004) (0.034) 

bin8 -12.255 -0.0003 -0.0003 0.001 -0.007* 0.002 0.008 
 (18.963) (0.007) (0.003) (0.001) (0.004) (0.005) (0.038) 

dist -5.581 0.001 0.001 -0.0003 0.001 0.009 -0.038 
 (15.393) (0.007) (0.002) (0.001) (0.006) (0.006) (0.042) 

dist2 -0.230 0.0002 0.0000 0.0002 -0.001 -0.002 0.005 
 (4.734) (0.002) (0.001) (0.0004) (0.002) (0.002) (0.011) 

Mean 

Dependent 

Variable 3,225 0.113 0.017 0.006 0.085 0.100 38.60 

Month, Year, 

hog farm fixed 

effects 

Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.018 0.007 0.002 -0.000 0.007 0.005 0.009 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 

2,043 AFOs. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are in 

parentheses where *** p<0.01, ** p<0.05, * p<0.1.  
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Table 4.6. Heterogeneous effects by seasonal variation  

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt X Winter 

(1,000 units) 
-0.032 -0.000002 0.000018 -0.000005 -0.000012 0.000009 -0.000033 

 (0.071) (0.00003) (0.00001) (0.00001) (0.00002) (0.00003) (0.00020) 

ExpInt X Spring 

(1,000 units) 
-0.113** 0.00007** 0.00003** 0.000007 -0.000012 0.00007*** -0.00066*** 

 (0.056) (0.000028) (0.000013) (0.000010) (0.000021) (0.000026) (0.000192) 

ExpInt X 

Summer (1,000 

units) 

0.066 -0.00006 -0.00001 -0.000001 -0.00002 -0.00004 0.00024 

 (0.056) (0.000050) (0.000012) (0.000008) (0.000018) (0.000032) (0.000230) 

ExpInt X Fall 

(1,000 units) 
-0.003 -0.00005 0.000002 -0.000005 -0.000026 -0.00006 0.00024 

 (0.064) (0.000049) (0.000015) (0.000009) (0.000022) (0.000054) (0.000229) 

bin2 1.276 -0.002 -0.002 -0.0001 -0.0005 0.001 0.003 
 (14.951) (0.006) (0.002) (0.001) (0.004) (0.004) (0.035) 

bin3 4.219 -0.002 -0.002 -0.00002 -0.002 -0.001 0.022 
 (12.009) (0.005) (0.002) (0.001) (0.004) (0.004) (0.029) 

bin4 9.042 -0.003 -0.001 0.001 0.0001 0.002 -0.017 
 (13.049) (0.005) (0.002) (0.001) (0.004) (0.004) (0.029) 

bin5 6.810 -0.002 -0.003* -0.0003 -0.0003 -0.002 0.018 
 (12.283) (0.005) (0.002) (0.001) (0.004) (0.004) (0.031) 

bin6 -11.127 0.004 0.0001 0.0002 -0.008** 0.002 -0.027 
 (12.479) (0.005) (0.002) (0.001) (0.004) (0.004) (0.028) 

bin7 -16.807 -0.002 0.001 0.0003 -0.006 0.006 -0.022 
 (13.728) (0.005) (0.002) (0.001) (0.004) (0.004) (0.029) 

bin8 -9.799 -0.0002 0.0004 0.001 -0.006 0.003 -0.007 
 (16.347) (0.006) (0.002) (0.001) (0.004) (0.004) (0.033) 

dist -4.637 0.001 0.001 -0.0003 0.001 0.008 -0.034 
 (15.492) (0.007) (0.002) (0.001) (0.006) (0.006) (0.042) 

dist2 0.005 0.00009 -0.00004 0.0002 -0.001 -0.002 0.007 
 (4.725) (0.002) (0.001) (0.0004) (0.002) (0.002) (0.011) 

Mean Dep Var 3,225 0.113 0.017 0.006 0.085 0.100 38.60 

Month, Year, 

hog farm fixed 

effects 

Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.018 0.007 0.002 -0.000 0.007 0.005 0.009 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 

2,043 AFOs. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are in 

parentheses where *** p<0.01, ** p<0.05, * p<0.1.  
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Table 4.7. Main effects based on two-mile and four-mile samples 
Panel A. Mothers living within two miles of at least one AFO    

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt  

(1,000 units) 
-0.031*** 0.000012*** 0.0000025 0.00000025 -0.000004 0.000011** -0.00009*** 

 (0.011) (0.000005) (0.000002) (0.000001) (0.000004) (0.000004) (0.000031) 

Observations 113,106 113,106 113,106 113,106 113,106 113,106 113,106 

        
Panel B. Mothers living within four miles of at least one AFO    

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt  

(1,000 units) 
-0.003 0.0000003 -0.00000003 0.000001 0.000001 0.000002 -0.000017 

 (0.005) (0.0000026) (0.0000008) (0.0000005) (0.0000017) (0.0000020) (0.0000144) 

Observations 268,767 268,767 268,767 268,767 268,767 268,767 268,767 

Notes: In Panel A, the sample is restricted to mothers residing within two-miles of at least of hog AFO, while in Panel B the sample is restricted to mothers 

residing within four-miles of at least of hog AFO. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are in parentheses 

where *** p<0.01, ** p<0.05, * p<0.1.  



 

121 

 

Table 4.8. Main results based on an alternative measure of downwind variable  

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt 

(1,000 units) 
-0.017** 0.000004 0.000003* 0.0000014 -0.00000019 0.0000080** -0.000078*** 

 (0.008) (0.0000036) (0.0000014) (0.0000010) (0.0000028) (0.0000032) (0.0000219) 

bin2 0.123 -0.002 -0.002 -0.0002 -0.001 0.002 0.001 
 (14.596) (0.006) (0.002) (0.001) (0.004) (0.004) (0.034) 

bin3 2.955 -0.002 -0.002 -0.0002 -0.001 -0.001 0.026 
 (11.613) (0.005) (0.002) (0.001) (0.004) (0.004) (0.028) 

bin4 8.546 -0.003 -0.001 0.001 0.001 0.002 -0.007 
 (12.417) (0.005) (0.002) (0.001) (0.004) (0.004) (0.028) 

bin5 7.593 -0.003 -0.004** -0.001 0.000 -0.003 0.035 
 (11.761) (0.005) (0.002) (0.001) (0.004) (0.004) (0.029) 

bin6 -9.164 0.003 -0.001 -0.000 -0.007** 0.001 -0.010 
 (11.793) (0.005) (0.002) (0.001) (0.004) (0.004) (0.027) 

bin7 -14.805 -0.002 -0.000 0.000 -0.005 0.005 -0.009 
 (12.951) (0.005) (0.002) (0.001) (0.004) (0.004) (0.028) 

bin8 -8.247 -0.00012 -0.00036 0.001 -0.005 0.002 0.001 
 (15.512) (0.006) (0.002) (0.001) (0.004) (0.004) (0.031) 

dist -5.571 0.001 0.001 -0.000 0.001 0.009 -0.038 
 (15.481) (0.007) (0.002) (0.001) (0.006) (0.006) (0.042) 

dist2 -0.258 0.0002 0.0000004 0.0002 -0.001 -0.002 0.005 
 (4.766) (0.002) (0.001) (0.0004) (0.002) (0.002) (0.011) 

Mean 

Dependent 

Variable 3,225 0.113 0.017 0.006 0.085 0.100 38.60 

Month, 

Year, Hog 

Farm fixed 

effects 

Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.018 0.007 0.002 -0.000 0.007 0.005 0.009 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 

2,043 AFOs. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are in 

parentheses where *** p<0.01, ** p<0.05, * p<0.1.  
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 Table 4.9. Additional robustness checks

Panel A. All specifications account for the average wind speed variable       

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt (1,000 units) -0.017** 0.0000045 0.0000025* 0.0000014 -0.0000004 0.0000078** -0.000077*** 
 (0.008) (0.0000034) (0.0000013) (0.0000009) (0.0000026) (0.0000030) (0.000021) 

Wind Speed (miles per hour) -29.563** 0.019** 0.004 0.00003 0.001 0.020** -0.158*** 

 (14.710) (0.008) (0.004) (0.002) (0.005) (0.008) (0.053) 

Mean Dependent Variable 
          

3,231  0.111 0.016 0.006 0.087 0.100 38.61 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

 
Panel B. ExpInt measure is constructed based on manure estimates     

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt (1,000 units) -0.002** 0.0000006 0.00000035* 0.00000019 -0.00000004 0.0000011** -0.000011*** 
 (0.001) (0.0000005) (0.0000002) (0.0000001) (0.0000004) (0.0000004) (0.0000029) 

Mean Dependent Variable 
          

3,231  0.111 0.016 0.006 0.087 0.100 38.61 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

        
Panel C. Top and bottom 1 percent of ExpInt are excluded from the analysis     

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt (1,000 units) -0.014* 0.0000029 0.0000027** 0.0000012 0.0000010 0.000005* -0.000069*** 
 (0.008) (0.000004) (0.000001) (0.000001) (0.000003) (0.000003) (0.000022) 

Mean Dependent Variable 
          

3,224  

                

0.113  

                

0.017  

                

0.006  

                

0.085  

                

0.100  

                

38.60  

Observations 185,356 185,356 185,356 185,356 185,356 185,356 185,356 
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Table 4.10. Effects of hog farm exposure post gestation period on infant birth outcomes 

  
Weight 

(grams) 
LBW VLBW ELBW HBW 

 (1) (2) (3) (4) (5) 

ExpInt (1,000 units) -0.015 0.0000030 0.0000004 0.0000005 -0.0000015 
 (0.011) 0.0000035 0.0000012 0.0000008 0.0000026 

bin2 0.259 -0.002 -0.002 -0.0002 -0.001 
 (14.631) (0.006) (0.002) (0.001) (0.004) 

bin3 2.981 -0.002 -0.002 -0.0003 -0.001 
 (11.640) (0.005) (0.002) (0.001) (0.004) 

bin4 8.502 -0.003 -0.001 0.001 0.001 
 (12.465) (0.005) (0.002) (0.001) (0.004) 

bin5 7.873 -0.004 -0.004** -0.001 0.000 
 (11.804) (0.005) (0.002) (0.001) (0.004) 

bin6 -8.916 0.003 -0.001 -0.0001 -0.007** 
 (11.823) (0.005) (0.002) (0.001) (0.004) 

bin7 -14.605 -0.002 -0.001 0.0001 -0.005 
 (12.950) (0.005) (0.002) (0.001) (0.004) 

bin8 -8.314 -0.0002 -0.0005 0.001 -0.005 
 (15.616) (0.006) (0.002) (0.001) (0.004) 

dist -5.656 0.001 0.001 -0.0003 0.001 
 (15.491) (0.007) (0.002) (0.001) (0.006) 

dist2 -0.207 0.0001 -0.0000 0.0002 -0.001 
 (4.764) (0.002) (0.001) (0.0004) (0.002) 

Mean Dependent Variable 
         

3,225  

                

0.113  

                

0.017  

                

0.006  

                

0.085  

Month, Year, Hog Farm fixed 

effects 
Yes Yes Yes Yes Yes 

Adjusted R2 0.017 0.007 0.002 -0.001 0.007 

Observations 189,133 189,133 189,133 189,133 189,133 

 Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 

2,043 AFOs. Placebo ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are 

in parentheses where *** p<0.01, ** p<0.05, * p<0.1.  
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Table 4.11. Effects of hog farm exposure on house values 
 (1) (2) (3) (4) (5) (6) 

ExpInt (1,000 

units) 
0.000019 0.000017 0.000017 0.000023 0.000018 0.000024 

 (0.000034) (0.000033) (0.000034) (0.000032) (0.000031) (0.000032) 

bin2 -0.006   -0.004   

 (0.011)   (0.017)   

bin3 -0.006   -0.016   

 (0.013)   (0.025)   

bin4 -0.010   -0.009   

 (0.021)   (0.024)   

bin5 -0.016   -0.002   

 (0.026)   (0.027)   

bin6 0.005   0.008   

 (0.022)   (0.024)   

bin7 -0.0005   -0.001   

 (0.013)   (0.021)   

bin8 0.027***   0.006   

 (0.010)   (0.017)   

dist -0.000013**   -0.000015**   

 (0.000006)   (0.0000066)   

dist2 0.0000000006**   0.000000001**   

 (0.0000000003)   (0.0000000003)   

acres 0.017*** 0.017*** 0.017***    

 (0.003) (0.003) (0.003)    

acres2 -0.000*** -0.000*** -0.000***    

 (0.00001) (0.00001) (0.00001)    

age -0.015*** -0.015*** -0.015***    

 (0.00032) (0.00032) (0.00032)    

age2 0.0001*** 0.0001*** 0.0001***    

 (0.00001) (0.00001) (0.00001)    

bedrooms 0.310*** 0.310*** 0.310***    

 (0.034) (0.034) (0.034)    

bedrooms2 -0.001 -0.001 -0.001    

 (0.006) (0.006) (0.006)    

Bin X Linear 

Distance 
 Yes   Yes  

Bin X Quadratic 

Distance 
  Yes   Yes 

Adjusted R2 0.390 0.390 0.390 0.131 0.131 0.131 

Observations 36,648 36,648 36,648 46,303 46,303 46,303 

 Notes: The sample is restricted to houses located within three-miles of at least of hog AFO. Columns (1) through 

(3) control for housing characteristics (age, number of bedrooms, acres), while columns (4) through (6) do not. 

Columns (1) and (4) control for directional bin fixed effect and distance to the nearest AFO; columns (2) and (5) 

control for the interaction between directional bins and linear distance to the nearest AFO; and columns (3) and (6) 

account for the interaction between directional bins and a quadratic distance measure. All specifications include 

nearest hog farm fixed effects. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO 

level are in parentheses where *** p<0.01, ** p<0.05, * p<0.1.  
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Figure 4.1. Hog farms across North Carolina 
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Figure 4.2. A heat-map of hog farm concentrations by census tract 
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Note: The outer circle represents a three-mile radius around a home (mother’s residency). The solid arrow represents 

the daily wind direction at mother’s residency, and Farm 1, Farm 2, and Farm 3 represent three hog farm facilities 

around mother’s location.  

 

Figure 4.3. A downwind house 
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Note: The outer circle represents a three-mile radius around a hog farm and represents the sample boundary. The red 

solid arrow represents the long-run average wind direction at hog farm’s location, and the eight directional bins are 

centered on this arrow, with Bin 1 containing the prevailing wind direction (set to zero degrees). These bins are 

represented by the area between the dashed lines. 

 
Figure 4.4. Hog farm - specific directional bins 
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Chapter 5 

Conclusion 

In this dissertation, I examine three important economic questions related to externality-

generated land uses and their effects on property values and infant birth outcomes in nearby 

communities. The first essay explores the effect of utility-scale, ground-mount solar installations 

on agricultural property values. Results suggest that the construction of the solar farm does not 

create a positive or negative spillover effect on nearby agricultural land values. However, results 

suggest that construction of a solar farm nearby creates a signal effect of suitability of the land 

that is capitalized in agricultural land values located in close proximity to transmission lines, 

which is an important feature in a solar farm construction process. Although the current research 

examines the average impact of solar farms on nearby agricultural land values, future research 

would explore any differential effect of solar farms on nearby property values by their size. 

In the second essay, I quantify the effect of construction of the solar farm on nearby 

house values in a difference-in-differences style framework. The findings suggest that the 

construction of the solar farm diminishes residential property values within one mile of the solar 

farm (via street network) and the effect is larger for houses locating within half-mile of the solar 

farm. A back-of-the-envelope calculation indicates that a reduction in house values translates to 

$11,900 reduction in the average house value for houses located within one-mile of a solar farm 

in my sample. It should be noted that there are relatively few post-solar farm sales within one 

mile (street network measure) of a solar farm in the sample. Future research would expand 

housing sales data to include sales for 2018 and 2019. This would not only increase post-sales, 
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but would also allow me to explore if price impacts stay or diminish over time. Finally, future 

research could explore heterogeneity of impacts as related to visual buffers.  

In the third essay, I explore infant birth effects of hog livestock facilities on neighboring 

communities. I find evidence that the exposure to hog farm facilities generated by the arguably 

exogenous variation of wind direction at each mother’s location leads to negative birth outcomes. 

Results suggest that reducing in-utero exposures to hog facilities would result in substantial 

hospitalization cost savings. Future research will extend the analysis to include infant birth 

outcomes linked to exposure generated by poultry farm facilities. 

In sum, the results of this dissertation adds to the existing literature on property values 

and health effects of externality-generated land uses. The findings of these essays will be 

informative for not only individuals living in surrounding communities of these land types but 

will also be a valuable input for future policy development.
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Appendix A 

Table 2.1A. Land size (acres) by solar farm capacity 

 # of Facilities Mean SD Min Max 

1 MW Solar Farms 10 5.41 1.85 2.97 8.70 

5 MW Solar Farms 95 27.68 11.03 12.01 108.45 

All Solar Farms ≥ 1 MW 428 36.28 64.68 2.97 629.42 

Note: The land size calculation is based on polygons that cover the physical outline of the solar farm panels.  
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Table 2.2A. Estimated coefficients for agricultural land sales over 30 acres.a 

 
Sales prices between  

$1,000 and $7,000  

per acre 

Sales prices between  

$1,000 and $10,000  

per acre 

Sales prices between 

 $300 and $7,000  

per acre 

Sales prices between  

$300 and $10,000 

per acre 

Sample 

restriction 
(1) (2) (3) (4) 

ln (dist_sf) -0.093 -0.078 -0.109 -0.094 
 (0.066) (0.070) (0.083) (0.084) 

After 0.050 0.051 -0.010 -0.016 
 (0.110) (0.115) (0.137) (0.138) 

ln (dist_sf) x After -0.015 -0.023 -0.005 -0.011 
 (0.038) (0.043) (0.048) (0.051) 

ln (dist_tl) 0.018 0.022 0.070*** 0.070** 
 (0.021) (0.021) (0.027) (0.027) 

ln (dist_tl) x After -0.075** -0.082** -0.088** -0.097** 
 (0.031) (0.033) (0.041) (0.042) 

Adjusted R2 0.191 0.227 0.143 0.188 

Observations 1,512 1,616 1,913 2,017 

F-testb 5.205 4.589 0.303 0.634 

(P-value) 0.023 0.032 0.582 0.426 

a. The dependent variable is the natural log of sales price per acre for agricultural land sold between 2007 and 2017 

within 5 miles from a nearest solar farm. The sample is restricted to sales greater than 30 acres. All specifications 

control for county by year fixed effects and solar farm fixed effects. Land and location characteristics are not 

included in the analysis. Finally, robust standard errors are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 

b. F-test for ln (dist_tl) + ln (dist_tl) x After = 0.  
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Table 2.3A. Full set of coefficient estimates for agricultural land sales over 30 acres.a 

Sample 

restriction 

Sales prices 

between  

$1,000 and $7,000  

per acre 

Sales prices between  

$1,000 and $10,000 

 per acre 

Sales prices 

between 

 $300 and $7,000  

per acre 

Sales prices 

between  

$300 and $10,000  

per acre 
 (1) (2) (3) (4) 

ln (dist_sf) 0.005 -0.003 -0.011 -0.007 
 (0.040) (0.044) (0.050) (0.053) 

After 0.044 0.019 -0.015 -0.045 
 (0.110) (0.115) (0.139) (0.140) 

ln (dist_sf) x After -0.089 -0.057 -0.103 -0.077 
 (0.066) (0.070) (0.085) (0.086) 

ln (dist_tl) 0.015 0.025 0.078*** 0.081*** 
 (0.021) (0.022) (0.028) (0.027) 

ln (dist_tl) x After -0.063** -0.075** -0.103** -0.111*** 
 (0.031) (0.033) (0.042) (0.042) 

Acres -0.0003 -0.0004 -0.001** -0.001** 
 (0.0003) (0.0004) (0.0004) (0.0005) 

Acres2 -0.0000001 -0.00000001 0.000001* 0.000001* 
 (0.0000002) (0.0000003) (0.0000003) (0.0000003) 

# of buildings 0.039 0.038 0.079 0.073 
 (0.070) (0.070) (0.088) (0.089) 

Well drained 0.063 0.058 0.026 0.020 
 (0.051) (0.052) (0.065) (0.064) 

Best soil 0.043 -0.008 0.075 0.033 
 (0.077) (0.083) (0.093) (0.097) 

Slope -0.002 -0.005 0.003 -0.00002 
 (0.004) (0.004) (0.005) (0.005) 

Water 2.866 3.430 0.694 2.217 
 (1.829) (2.209) (2.813) (2.936) 

Water2 -13.538** -14.967** -2.939 -7.297 
 (6.024) (7.194) (9.165) (9.588) 

Developed -0.367 -0.401 -0.744 -0.625 
 (0.457) (0.508) (0.574) (0.584) 

Developed2 0.140 0.066 0.515 0.407 
 (0.390) (0.439) (0.499) (0.509) 

Barren  -2.662 -1.575 -7.882 -6.708 
 (4.159) (4.544) (5.162) (5.467) 

Barren2 6.503 3.951 16.294 13.079 
 (11.040) (11.973) (13.016) (13.844) 

Forest 0.249 -0.036 -0.295 -0.442 
 (0.339) (0.384) (0.409) (0.421) 

Forest2 -0.260 -0.068 0.209 0.356 
 (0.286) (0.309) (0.356) (0.356) 

Grass -0.044 0.064 0.649 0.767* 
 (0.371) (0.377) (0.458) (0.452) 

Grass2 0.127 -0.175 -0.782** -0.982** 
 (0.315) (0.332) (0.398) (0.398) 

Wetland -0.142 -0.313 -0.190 -0.297 

  (0.388) (0.415) (0.490) (0.495) 

Wetland2 -0.047 0.039 0.004 0.099 
 (0.381) (0.390) (0.490) (0.487) 

Dist. to River 0.094 0.035 -0.495* -0.525* 
 (0.239) (0.259) (0.299) (0.309) 

Dist. to River2 -0.045 0.073 0.709** 0.820** 
 (0.275) (0.306) (0.335) (0.357) 
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Table 2.3A (continued) 
Dist. to Lake -0.039 -0.036 -0.023 -0.014 

 (0.045) (0.046) (0.056) (0.056) 

Dist. to Lake2 0.007 0.006 0.001 0.000 
 (0.008) (0.007) (0.009) (0.009) 

Dist. to City -0.002 -0.040 0.049 0.013 
 (0.030) (0.033) (0.039) (0.039) 

Dist. to City2 -0.001 0.002 -0.008 -0.004 
 (0.004) (0.005) (0.006) (0.006) 

Dist. to Open 

space 
-0.046* -0.028 -0.014 -0.007 

 (0.025) (0.026) (0.030) (0.029) 

Dist. to Open 

space2 
0.002* 0.001 0.001 0.000 

 (0.001) (0.001) (0.002) (0.001) 

Dist. to Primary 

road 
-0.093 -0.096 0.030 0.024 

 (0.059) (0.061) (0.072) (0.073) 

Dist. to Primary 

road2 
0.023 0.024 -0.007 -0.005 

 (0.016) (0.016) (0.019) (0.020) 

Dist. to Secondary 

road 
0.109 0.225 0.041 0.157 

 (0.221) (0.227) (0.260) (0.262) 

Dist. to Secondary 

road2 
-0.317 -0.394 -0.241 -0.328 

 (0.251) (0.249) (0.274) (0.270) 

Dist. To Airport -0.016 -0.028 -0.041 -0.046 
 (0.022) (0.025) (0.028) (0.028) 

Dist. To Airport2 0.0002 0.0004 0.001 0.001 
 (0.0004) (0.0004) (0.0004) (0.0004) 

% within 100 year 

flood plain 
0.002 -0.062 -0.021 -0.043 

 (0.107) (0.123) (0.125) (0.133) 

County x Year FE, 

Solar Farm FE 
Yes Yes Yes Yes 

Adjusted R2 0.212 0.241 0.148 0.192 

Observations 1,512 1,616 1,913 2,017 

a. The dependent variable is the natural log of sales price per acre for agricultural land sold between 2007 and 2017 

within 5 miles from a nearest solar farm. Sample includes 303 solar farms built between 2009 and 2017. The sample 

is restricted to sales greater than 30 acres. Finally, robust standard errors are in parentheses where *** p<0.01, ** 

p<0.05, * p<0.1. 
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Table 2.4A. Agricultural land sales analysis for various price cut-offs  
Panel A. Only Parcels > 30 Acres 

Sample 

restriction 

Sales prices 

between  

$1,000 - $7,000 

per acre 

Sales prices 

between  

$1,000 - $10,000 

per acre 

Sales prices 

between  

$300 - $7,000 

per acre 

Sales prices 

between  

$300 - $10,000 

per acre 

Sales prices 

between  

$100 - $7,000  

per acre 

Sales prices 

between  

$100 - $10,000  

per acre 

Sales prices 

between  

$300 - $20,000  

per acre 

Sales prices 

between  

$100 - $20,000  

per acre 
 (1) (2) (3) (4) (5) (6) (7) (8) 

ln (dist_sf) 0.005 -0.003 -0.010 -0.007 -0.005 -0.008 0.033 0.029 
 (0.039) (0.044) (0.050) (0.053) (0.070) (0.070) (0.054) (0.071) 

After 0.047 0.021 -0.012 -0.045 -0.091 -0.111 -0.003 -0.051 
 (0.110) (0.115) (0.139) (0.141) (0.176) (0.171) (0.147) (0.174) 

ln (dist_sf) x After -0.091 -0.059 -0.106 -0.080 -0.075 -0.047 -0.126 -0.085 
 (0.066) (0.070) (0.085) (0.086) (0.109) (0.107) (0.088) (0.107) 

ln (dist_tl) 0.015 0.025 0.078*** 0.081*** 0.056* 0.061* 0.083*** 0.070** 
 (0.022) (0.022) (0.028) (0.027) (0.033) (0.033) (0.028) (0.033) 

ln (dist_tl) x After -0.063** -0.074** -0.102** -0.110*** -0.095* -0.102** -0.119*** -0.114** 
 (0.031) (0.033) (0.042) (0.042) (0.052) (0.050) (0.042) (0.049) 

County x Year 

FE, Solar Farm 

FE 

Yes Yes Yes Yes Yes Yes 

Yes Yes 

Adjusted R2 0.213 0.242 0.148 0.192 0.156 0.191 0.238 0.234 

Observations 1,512 1,616 1,913 2,017 2,114 2,218 2,119 2,320 
         

Panel B. Only Parcels > 10 Acres 

Sample 

restriction 

Sales prices 

between  

$1,000 - $7,000 

per acre 

Sales prices 

between  

$1,000 - $10,000 

per acre 

Sales prices 

between  

$300 - $7,000  

per acre 

Sales prices 

between  

$300 - $10,000 

per acre 

Sales prices 

between  

$100 - $7,000  

per acre 

Sales prices 

between  

$100 - $10,000  

per acre 

Sales prices 

between  

$300 - $20,000  

per acre 

Sales prices 

between  

$100 - $20,000  

per acre 
 (1) (2) (3) (4) (5) (6) (7) (8) 

ln (dist_sf) -0.011 0.004 0.010 0.029 -0.005 0.016 0.036 0.023 
 (0.025) (0.027) (0.032) (0.033) (0.042) (0.041) (0.033) (0.041) 

After -0.057 -0.085 -0.144* -0.152* -0.206** -0.197** -0.104 -0.136 
 (0.069) (0.070) (0.087) (0.085) (0.104) (0.099) (0.087) (0.100) 

ln (dist_sf) x After 0.022 0.027 -0.007 -0.003 0.013 0.006 0.018 0.026 
 (0.043) (0.043) (0.053) (0.051) (0.064) (0.061) (0.051) (0.060) 

ln (dist_tl) 0.003 0.012 0.028* 0.033* 0.038* 0.039* 0.035** 0.037* 
 (0.013) (0.014) (0.017) (0.017) (0.021) (0.021) (0.017) (0.021) 

ln (dist_tl) x After -0.028 -0.015 -0.061** -0.043* -0.077** -0.051* -0.061** -0.066** 
 (0.020) (0.021) (0.026) (0.026) (0.031) (0.031) (0.026) (0.030) 

County x Year 

FE, Solar Farm 

FE 

Yes Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.200 0.234 0.176 0.212 0.171 0.198 0.262 0.241 

Observations 3,190 3,609 3,888 4,307 4,186 4,605 4,754 5,052 
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Table 2.5A. Only agricultural land sales (dropped vacant land sales) 

Sample Restriction 

Sales prices 

between  

$1,000 - $7,000 

per acre 

Sales prices 

between  

$1,000 - $10,000  

per acre 

Sales prices 

between  

$300 - $7,000 

per acre 

Sales prices 

between  

$300 - $10,000 

per acre 

Sales prices 

between  

$100 - $7,000 

per acre 

Sales prices 

between  

$100 - $10,000 

per acre 

Sales prices 

between  

$300 - $20,000 

per acre 

Sales prices 

between  

$100 - $20,000 

per acre 
 (1) (2) (3) (4) (5) (6) (7) (8) 

ln (dist_sf) -0.018 -0.057 -0.193** -0.185* -0.138 -0.164 -0.145 -0.128 
 (0.082) (0.092) (0.098) (0.099) (0.162) (0.155) (0.097) (0.148) 

After 0.149 -0.025 -0.161 -0.334 0.004 -0.174 -0.278 -0.118 
 (0.178) (0.213) (0.219) (0.236) (0.305) (0.305) (0.242) (0.307) 

ln (dist_sf) x After -0.157 0.016 0.026 0.123 -0.134 0.013 0.067 -0.015 
 (0.113) (0.141) (0.152) (0.162) (0.201) (0.204) (0.167) (0.204) 

ln (dist_tl) -0.005 -0.009 0.109** 0.115*** 0.073 0.091* 0.123*** 0.107** 
 (0.043) (0.045) (0.044) (0.044) (0.053) (0.052) (0.045) (0.053) 

ln (dist_tl) x After 0.043 -0.020 -0.130 -0.168* -0.078 -0.135 -0.181** -0.162 
 (0.072) (0.086) (0.083) (0.086) (0.098) (0.103) (0.088) (0.104) 

County x Year FE, Solar Farm FE Yes Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.215 0.312 0.166 0.232 0.150 0.203 0.313 0.277 

Observations 547 587 721 761 807 847 799 885 

F-testb 0.332 0.139 0.079 0.463 0.004 0.231 0.535 0.361 

(P-test) (0.565) (0.709) (0.779) (0.496) (0.951) (0.631) (0.465) (0.548) 

a. The dependent variable is the natural log of sales price per acre for only agricultural land sold between 2007 and 2017 within 5 miles from a nearest solar farm 

(i.e. vacant land sales are dropped from the analysis). Finally, robust standard errors are in parentheses where *** p<0.01, ** p<0.05, * p<0.1.  

b. F-test for ln(dist_tl) + ln(dist_tl) x After = 0.
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Table 2.6A. Full set of coefficient estimates for agricultural land sales analysis, dropping land 

characteristic data 

Sample restriction 

Sales prices 

between  

$1,000 and $7,000 

per acre 

Sales prices 

between  

$1,000 and $10,000  

per acre 

Sales prices 

between  

$300 and $7,000 

per acre 

Sales prices 

between  

$300 and $10,000 

per acre 

  (1) (2) (3) (4) 

ln (dist_sf) -0.008 -0.007 -0.015 -0.009 
 (0.039) (0.042) (0.049) (0.051) 

After 0.047 0.031 -0.010 -0.032 
 (0.109) (0.114) (0.136) (0.137) 

ln (dist_sf) x After -0.098 -0.075 -0.112 -0.092 
 (0.065) (0.069) (0.083) (0.084) 

ln (dist_tl) 0.012 0.018 0.068** 0.070*** 
 (0.021) (0.022) (0.027) (0.027) 

ln (dist_tl) x After -0.063** -0.073** -0.095** -0.103** 
 (0.031) (0.033) (0.041) (0.041) 

Acres -0.0003 -0.0004 -0.001** -0.001** 
 (0.0003) (0.0004) (0.0004) (0.0004) 

Acres2 -0.00000003 -0.000000003 0.000001* 0.000001* 
 (0.0000002) (0.0000003) (0.0000003) (0.0000003) 

# of buildings 0.037 0.052 0.089 0.092 
 (0.071) (0.072) (0.089) (0.089) 

Dist. to River 0.120 0.104 -0.496* -0.507* 
 (0.250) (0.257) (0.293) (0.303) 

Dist. to River2 -0.144 -0.038 0.631* 0.751** 
 (0.300) (0.316) (0.339) (0.362) 

Dist. to Lake -0.035 -0.032 -0.008 0.0002 
 (0.046) (0.047) (0.057) (0.057) 

Dist. to Lake2 0.008 0.006 -0.001 -0.002 
 (0.008) (0.008) (0.009) (0.009) 

Dist. to City 0.017 -0.027 0.069* 0.027 
 (0.029) (0.033) (0.037) (0.038) 

Dist. to City2 -0.003 0.001 -0.010* -0.006 
 (0.004) (0.005) (0.005) (0.006) 

Dist. to Open space -0.044* -0.028 -0.015 -0.007 
 (0.025) (0.026) (0.029) (0.029) 

Dist. to Open space2 0.002* 0.001 0.001 0.0004 
 (0.001) (0.001) (0.001) (0.001) 

Dist. to Primary road -0.093 -0.098 0.046 0.041 
 (0.057) (0.060) (0.071) (0.072) 

Dist. to Primary road2 0.023 0.024 -0.009 -0.008 
 (0.016) (0.016) (0.019) (0.020) 

Dist. to Secondary 

road 
0.077 0.203 0.069 0.180 

 (0.211) (0.214) (0.250) (0.253) 

Dist. to Secondary 

road2 
-0.270 -0.365 -0.244 -0.324 

 (0.242) (0.239) (0.264) (0.263) 

Dist. To Airport -0.010 -0.020 -0.037 -0.041 
 (0.022) (0.024) (0.027) (0.027) 

Dist. To Airport2 0.0002 0.0004 0.001 0.001 
 (0.0004) (0.0004) (0.0004) (0.0004) 

County x Year FE, 

Solar Farm FE 
Yes Yes Yes Yes 

Adjusted R2 0.194 0.232 0.145 0.189 

Observations 1,512 1,616 1,913 2,017 
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Table 2.7A. Robustness checks (price ranges from $300 to $10,000 per acre).a 

  

Drop 

Residential 

Vacant Land 

Sales from             

1997 - 2017 

Land Size 

Less than 

1000 Acres 

Drop Sales 

with Houses 

SE Clustered 

at County 

Level 
 (1) (2) (3) (4) (5) 

ln (dist_sf) -0.004 -0.013 -0.007 -0.028 -0.007 
 (0.062) (0.045) (0.053) (0.056) (0.066) 

After -0.067 -0.062 -0.045 -0.110 -0.045 
 (0.158) (0.136) (0.140) (0.155) (0.150) 

ln (dist_sf) x After -0.073 -0.069 -0.080 -0.018 -0.080 
 (0.101) (0.080) (0.086) (0.094) (0.082) 

ln (dist_tl) 0.095*** 0.064*** 0.081*** 0.078*** 0.081** 
 (0.029) (0.024) (0.027) (0.029) (0.039) 

ln (dist_tl) x After -0.141*** -0.099** -0.110*** -0.097** -0.110** 
 (0.048) (0.039) (0.042) (0.044) (0.054) 

County x Year FE, 

Solar Farm FE 
Yes Yes Yes Yes Yes 

Adjusted R2 0.197 0.199 0.191 0.203 0.192 

Observations 1,679 2,637 2,012 1,870 2,017 

F-testb 1.274 1.078 0.708 0.298 0.615 

(P-test) (0.259) (0.299) (0.400) (0.585) (0.436) 

a. The dependent variable is the natural log of sales price per acre for agricultural land sold within 5 miles from a 

nearest solar farm. Results are based on the least restricted sample, where the price ranges from $300 to $10,000 per 

acre. Column (1) drops vacant land that is classified as residential. Column (2) expands sample and includes sales 

from 1997 to 2017. Column (3) drops sales larger than 1,000 acres. Column (4) keeps sales with no houses, and 

column (5) includes standard errors clustered at county level. Finally, robust standard errors are in parentheses 

where *** p<0.01, ** p<0.05, * p<0.1. 

b. F-test for ln(dist_tl) + ln(dist_tl) x After = 0.  
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Figure 2.1A. CDF of solar farm capacity 
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Note: The sample is restricted to solar farms smaller than 5 MW capacity. 

 

Figure 2.2A. CDF of solar farm capacity 
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Note: Acreage only includes solar farm panel coverage as determined with aerial photography as described in 

Section 2.4, and does not include buffers or any additional land set aside for solar farm operational needs. 

 

Figure 2.3A. CDF of solar farm acreage 
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Note: The sample is restricted to solar farms with land size less than 50 acres. Acreage only includes solar farm 

panel coverage as determined with aerial photography as described in Section 2.4, and does not include buffers or 

any additional land set aside for solar farm operational needs. 

 

 Figure 2.4A. CDF of solar farm acreage 
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Appendix B 

Table 3.1B. The effect of solar farm construction on house values – full set of coefficient estimates  
  Treated (≤ 0.5 miles)  Treated ((0.5; 1 ] miles)  Treated (≤ 1 miles) 

 (1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Treat 0.020 0.066* 0.044 0.061*  -0.007 0.000 0.018 -0.011  -0.002 0.016 0.023 0.006 
 (0.042) (0.035) (0.035) (0.034)  (0.033) (0.035) (0.035) (0.037)  (0.026) (0.028) (0.027) (0.029) 

Post 0.118** 0.074 0.074* 0.043**  0.120** 0.077* 0.075* 0.043**  0.120** 0.078* 0.076* 0.049** 
 (0.055) (0.046) (0.043) (0.022)  (0.055) (0.046) (0.043) (0.021)  (0.055) (0.046) (0.043) (0.021) 

Post X Treat -0.110 -0.147** -0.123* -0.125*  -0.150*** -0.120** -0.137*** -0.084*  -0.135*** -0.122*** -0.127*** -0.087** 
 (0.069) (0.074) (0.072) (0.075)  (0.053) (0.049) (0.051) (0.049)  (0.044) (0.043) (0.044) (0.042) 

Acres 0.034** 0.056*** 0.049*** 0.056***  0.034** 0.055*** 0.048*** 0.054***  0.035*** 0.057*** 0.050*** 0.056*** 
 (0.014) (0.012) (0.011) (0.013)  (0.013) (0.012) (0.011) (0.012)  (0.013) (0.011) (0.011) (0.012) 

acres2 -0.001 -0.002*** -0.002** -0.002***  -0.001 -0.002*** -0.002** -0.002***  -0.001 -0.002*** -0.002*** -0.002*** 
 (0.001) (0.001) (0.001) (0.001)  (0.001) (0.001) (0.001) (0.001)  (0.001) (0.001) (0.001) (0.001) 

age -0.009*** -0.008*** -0.008*** -0.007***  -0.009*** -0.008*** -0.008*** -0.008***  -0.009*** -0.008*** -0.008*** -0.008*** 
 (0.001) (0.001) (0.001) (0.001)  (0.001) (0.001) (0.001) (0.001)  (0.001) (0.001) (0.001) (0.001) 

age2 0.000*** 0.000** 0.000*** 0.000**  0.000*** 0.000*** 0.000*** 0.000***  0.000*** 0.000*** 0.000*** 0.000*** 
 (0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000) (0.000) 

bedrooms 0.151*** 0.176*** 0.172*** 0.179***  0.131** 0.159*** 0.153*** 0.166***  0.132** 0.157*** 0.152*** 0.164*** 
 (0.056) (0.052) (0.053) (0.053)  (0.055) (0.054) (0.054) (0.054)  (0.055) (0.054) (0.053) (0.055) 

bedrooms2 -0.025*** -0.028*** -0.028*** -0.029***  -0.022*** -0.026*** -0.025*** -0.027***  -0.022*** -0.025*** -0.025*** -0.026*** 
 (0.008) (0.008) (0.008) (0.008)  (0.008) (0.008) (0.008) (0.008)  (0.008) (0.008) (0.008) (0.008) 

bath 0.262*** 0.238*** 0.244*** 0.235***  0.280*** 0.259*** 0.260*** 0.256***  0.273*** 0.253*** 0.254*** 0.249*** 
 (0.055) (0.048) (0.049) (0.045)  (0.056) (0.049) (0.049) (0.046)  (0.055) (0.048) (0.048) (0.045) 

bath2 -0.031*** -0.026** -0.027*** -0.025***  -0.033*** -0.030*** -0.029*** -0.029***  -0.032*** -0.029*** -0.028*** -0.027*** 
 (0.012) (0.010) (0.010) (0.009)  (0.012) (0.010) (0.010) (0.009)  (0.012) (0.010) (0.010) (0.009) 

living area 0.069*** 0.072*** 0.072*** 0.072***  0.070*** 0.073*** 0.074*** 0.074***  0.071*** 0.074*** 0.074*** 0.074*** 
 (0.004) (0.004) (0.004) (0.004)  (0.005) (0.004) (0.005) (0.004)  (0.005) (0.004) (0.005) (0.004) 

living_area2 -0.001*** -0.001*** -0.001*** -0.001***  -0.001*** -0.001*** -0.001*** -0.001***  -0.001*** -0.001*** -0.001*** -0.001*** 
 (0.0001) (0.0001) (0.0001) (0.0001)  (0.0001) (0.0001) (0.0001) (0.0001)  (0.0001) (0.0001) (0.0001) (0.0001) 

dist. river 0.071 0.025 0.076 0.025  0.090 0.051 0.088 0.053  0.087 0.045 0.086 0.046 
 (0.092) (0.079) (0.079) (0.077)  (0.089) (0.077) (0.078) (0.075)  (0.088) (0.077) (0.078) (0.075) 

dist. river2 -0.216* -0.033 -0.094 -0.040  -0.243** -0.077 -0.122 -0.082  -0.239* -0.065 -0.119 -0.071 
 (0.126) (0.110) (0.097) (0.109)  (0.123) (0.110) (0.097) (0.109)  (0.122) (0.111) (0.098) (0.110) 

dist. lake 0.022 -0.000 0.018 -0.003  0.023 -0.008 0.017 -0.010  0.021 -0.007 0.017 -0.008 
 (0.022) (0.028) (0.021) (0.027)  (0.023) (0.028) (0.021) (0.028)  (0.022) (0.028) (0.021) (0.028) 

dist. lake2 -0.001 0.001 -0.004 0.002  -0.001 0.003 -0.003 0.004  -0.001 0.003 -0.004 0.003 
 (0.003) (0.005) (0.003) (0.005)  (0.004) (0.005) (0.003) (0.006)  (0.004) (0.005) (0.003) (0.005) 

dist. open 

space 
-0.025*** -0.007 -0.004 -0.013  -0.024*** -0.004 -0.004 -0.010 

 
-0.024*** -0.006 -0.005 -0.011 

 (0.008) (0.017) (0.009) (0.018)  (0.008) (0.018) (0.008) (0.019)  (0.007) (0.018) (0.008) (0.018) 

dist. open 

space2 
0.001** 0.0002 0.0001 0.001  0.001** 0.0002 0.0001 0.001 

 

0.001** 0.0002 0.0001 0.001 

 (0.000) (0.001) (0.000) (0.001)  (0.000) (0.001) (0.000) (0.001) 
 

(0.000) (0.001) (0.000) (0.001) 
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Table 3.1B (continued) 
dist. primary 

road 
-0.022 0.011 -0.005 0.003  -0.021 0.008 -0.004 0.003 

 
-0.023 0.006 -0.006 0.001 

 (0.023) (0.029) (0.022) (0.029)  (0.023) (0.028) (0.021) (0.028) 
 

(0.022) (0.027) (0.020) (0.028) 

dist. primary 

road2 
0.007 0.003 -0.002 0.006  0.007 0.003 -0.002 0.005 

 
0.007 0.003 -0.002 0.005 

 (0.006) (0.009) (0.007) (0.009)  (0.006) (0.009) (0.006) (0.009) 
 

(0.006) (0.009) (0.006) (0.009) 

white 0.539*** 0.213*** 0.353*** 0.196***  0.530*** 0.212*** 0.347*** 0.198***  0.537*** 0.221*** 0.357*** 0.208*** 

 (0.067) (0.074) (0.057) (0.070)  (0.066) (0.072) (0.055) (0.069) 
 

(0.066) (0.072) (0.055) (0.069) 

Hispanic 0.139 -0.092 -0.076 -0.081  0.132 -0.079 -0.077 -0.072  0.140 -0.083 -0.075 -0.079 

 (0.109) (0.071) (0.065) (0.076)  (0.106) (0.067) (0.062) (0.072) 
 

(0.103) (0.066) (0.062) (0.071) 

bachelor's 

degree 
1.191*** 0.130 0.495*** 0.147  1.188*** 0.125 0.489*** 0.144 

 
1.177*** 0.109 0.480*** 0.126 

 (0.278) (0.121) (0.157) (0.116)  (0.286) (0.121) (0.158) (0.117) 
 

(0.288) (0.121) (0.157) (0.118) 

average 

income (in 

$100) 

0.0002* 0.0003*** 0.0002* 0.0003***  0. 0002* 0.0003*** 0. 0002* 0.0003*** 

 

0.0002* 0.0003*** 0.0002* 0.0003*** 

 (0.0001) (0. 0001) (0.0001) (0. 0001)  (0. 0001) (0.0001) (0. 0001) (0. 0001)  (0.0001) (0.0001) (0.0001) (0.0001) 

Adjusted R2 0.578 0.630 0.612 0.651 
 

0.580 0.630 0.613 0.651 
 

0.581 0.630 0.614 0.651 

Observations 15,264 15,264 15,264 15,264 

 

15,666 15,666 15,666 15,666 

 

15,939 15,939 15,939 15,939 

Year fixed 

effects 
Yes Yes Yes 

  

Yes Yes Yes 

  

Yes Yes Yes 

 

Solar Farm 

characteristics 
Yes   

  

Yes   

  

Yes   

 
Solar Farm 

fixed effects 
 Yes  Yes   Yes  Yes   Yes  Yes 

County fixed 

effects 
  Yes 

  

  Yes 

  

  Yes 

 
County by 

Year fixed 

effects 

   

Yes  

   

Yes  

   

Yes 

Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment and control groups are defined based on street 

network measure. The dependent variable is the natural log of sales price for houses sold between 1997 and 2017. The sample includes 249 solar farms built 

between 2009 and 2017. A control group includes sales located beyond 1 street network mile of the solar farm. All models include house, neighborhood, and 

location characteristics as shown in the Appendix B, Table 3.1B. Finally, robust standard errors clustered by solar farm are in parentheses where *** p<0.01, ** 

p<0.05, * p<0.1. 
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Table 3.2B. The effect of solar farm construction on house values – Euclidean distance measure  

  Treated (≤ 0.5 miles)   Treated ((0.5; 1 ] miles)   Treated (≤ 1 miles) 
 (1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Treat 0.002 0.015 0.013 0.005  -0.026 -0.028 -0.030 -0.026  -0.017 -0.020 -0.019 -0.019 
 (0.025) (0.022) (0.021) (0.022)  (0.029) (0.023) (0.024) (0.024)  (0.024) (0.020) (0.020) (0.020) 

Post 0.116** 0.073 0.079* 0.041*  0.114** 0.068 0.073* 0.031  0.121** 0.067 0.074* 0.043 
 (0.053) (0.045) (0.042) (0.021)  (0.054) (0.048) (0.044) (0.021)  (0.055) (0.046) (0.043) (0.026) 

Post X Treat -0.037 -0.042 -0.033 -0.022  0.013 0.017 0.017 0.015  -0.004 0.001 0.002 0.007 
 (0.032) (0.030) (0.032) (0.030)  (0.029) (0.028) (0.028) (0.026)  (0.024) (0.023) (0.024) (0.023) 

Adjusted R2 0.592 0.641 0.622 0.661  0.579 0.630 0.613 0.651  0.580 0.630 0.613 0.634 

Number of observations 13,344 13,344 13,344 13,344  14,816 14,816 14,816 14,816  15,939 15,939 15,939 15,939 

Year fixed effects Yes Yes Yes   Yes Yes Yes   Yes Yes Yes  
Solar Farm 

characteristics 
Yes   

  
Yes   

  
Yes   

 
Solar Farm fixed effects  Yes  Yes  

 Yes  Yes  
 Yes  Yes 

County fixed effects   Yes   
  Yes   

  Yes  
County by Year fixed 

effects 
   

Yes  

   
Yes  

   
Yes 

Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment and control groups are defined based on 

Euclidean distance measure. The dependent variable is the natural log of sales price for houses sold between 1997 and 2017. The sample includes 249 solar farms 

built between 2009 and 2017. A control group includes sales located beyond one-Euclidean mile of the solar farm. All models include house, neighborhood, and 

location characteristics as shown in the Appendix B, Table 3.1B. Finally, robust standard errors clustered by solar farm are in parentheses where *** p<0.01, ** 

p<0.05, * p<0.1. 

  



 

155 

 

Table 3.3B. The effect of solar farm construction on house values  

  Treated (≤ 1 miles) 
 (1) (2) (3) (4) 

Treat -0.028 0.000 0.002 -0.012 
 (0.029) (0.029) (0.027) (0.031) 

Post 0.082 0.038 0.043 0.008 
 (0.054) (0.034) (0.032) (0.015) 

Post X Treat -0.110** -0.097** -0.115*** -0.064 
 (0.047) (0.044) (0.044) (0.043) 

Adjusted R2 0.581 0.623 0.613 0.637 

Observations 32,413 32,413 32,413 32,413 

Year fixed effects Yes Yes Yes  

Solar Farm characteristics Yes   
 

Solar Farm fixed effects  Yes  Yes 

County fixed effects   Yes  

County by Year fixed effects    
Yes 

Note: The sample includes houses located within three-Euclidean miles from the nearest solar farm. The treatment 

and control groups are defined based on street network measure. A control group includes houses located 

beyond 1 mile of the solar farm. The dependent variable is the natural log of sales price for houses sold between 

1997 and 2017. All models include house, neighborhood, and location characteristics as shown in the Appendix B, 

Table 3.1B. Finally, robust standard errors clustered by solar farm are in parentheses where *** p<0.01, ** p<0.05, 

* p<0.1. 
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Table 3.4B. The effect of solar farm construction on house values 

  

Construction = 1 year before the solar farm 

operation start date   

Construction = 2 years before the solar farm 

operation start date 
 (1) (2) (3) (4)  (5) (6) (7) (8) 

Treat (≤1 mile) -0.019 0.015 0.016 -0.000  -0.027 0.008 0.010 -0.007 
 (0.031) (0.032) (0.029) (0.033) 

 
(0.035) (0.036) (0.034) (0.038) 

Construction -0.017 -0.013 -0.018* -0.008  0.010 0.012 0.009 0.014 
 (0.014) (0.011) (0.011) (0.013)  (0.016) (0.010) (0.010) (0.014) 

Post 0.074 0.030 0.033 0.003  0.089 0.047 0.049 0.015 
 (0.058) (0.036) (0.033) (0.016)  (0.062) (0.038) (0.035) (0.017) 

Construction X Treat -0.056 -0.089* -0.081 -0.071  -0.004 -0.027 -0.029 -0.021 
 (0.050) (0.052) (0.050) (0.051) 

 
(0.043) (0.046) (0.044) (0.047) 

Post X Treat -0.119** -0.112** -0.129*** -0.077*  -0.111** -0.105** -0.124** -0.070 
 (0.049) (0.047) (0.046) (0.045)  (0.051) (0.050) (0.049) (0.049) 

Adjusted R2 0.581 0.623 0.613 0.637  0.581 0.623 0.613 0.637 

Observations 32,413 32,413 32,413 32,413  32,413 32,413 32,413 32,413 

Year fixed effects Yes Yes Yes   Yes Yes Yes  
Solar Farm characteristics Yes   

  Yes   
 

Solar Farm fixed effects  Yes  Yes  
 Yes  Yes 

County fixed effects   Yes   
  Yes  

County by Year fixed effects    
Yes  

   
Yes 

Note: The sample includes houses located within three-Euclidean miles from the nearest solar farm. The treatment and control groups are defined based on street 

network measure. The dependent variable is the natural log of sales price for houses sold between 1997 and 2017. In columns (1) through (4), construction period 

equals one if a house is sold one year prior to the solar farm operation start date, while in columns (5) through (8), construction period equals one is a house is 

sold one or two years prior to solar farm operation start date. All models include house, neighborhood, and location characteristics as shown in the Appendix B, 

Table 3.1B. Finally, robust standard errors clustered by solar farm are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 
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Table 3.5B. Heterogeneity analysis by demographics 

  Education Race (white) 

Race 

(Hispanic) Income 

 (1) (2) (3) (4) 

Post X Treat (≤1 mile) -0.061 -0.074 -0.060 -0.060 
 (0.057) (0.056) (0.070) (0.057) 

Post X Treat X (Above 

Median) 
-0.072 -0.028 -0.045 -0.065 

 (0.080) (0.082) (0.086) (0.080) 

Adjusted R2 0.651 0.651 0.651 0.651 

Observations 15,939 15,939 15,939 15,939 

Note: The sample includes houses located within two-Euclidean miles from the nearest solar farm. The treatment 

and control groups are defined based on street network measure. The dependent variable is the natural log of sales 

price. All specifications include county-by-year fixed effects and solar farms fixed effects. All models include 

house, neighborhood, and location characteristics as shown in the Appendix B, Table 3.1B. Finally, robust standard 

errors clustered by solar farm are in parentheses where *** p<0.01, ** p<0.05, * p<0.1. 
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Note: The sample includes houses located within three-Euclidean miles from the nearest solar farm. The figure is 

restricted to sales within 2.5 miles of the solar farm based on street network distance measure. The figure includes 

90 percent confidence intervals. 

 

Figure 3.1B. Price function estimates pre- and post- solar farm construction 
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Note: The sample includes houses located within three-Euclidean miles from the nearest solar farm. The figure is 

restricted to sales within 6 miles of the solar farm based on street network distance measure. The figure includes 90 

percent confidence intervals. 

 

Figure 3.2B. Price function estimates pre- and post- solar farm construction 
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Note: The sample includes houses located within three-Euclidean miles from the nearest solar farm. Treatment and 

control groups are defined based on street network distance measure. The figure includes 90 percent confidence 

intervals. 

 

Figure 3.3B. Price function estimates relative to solar farm construction date by treatment status 
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Appendix C 

Table 4.1C. Effects of hog farm exposure on infant health outcomes (logit model) 

  LBW VLBW ELBW HBW Preterm 
 (1) (2) (3) (4) (5) 

ExpInt_1000 0.000039 0.0001352** 0.000218* -0.00001 0.0000829*** 
 (0.00003) (0.00007) (0.00013) (0.00003) (0.00003) 

bin2 -0.016 -0.098 -0.043 -0.011 0.017 
 (0.059) (0.103) (0.158) (0.052) (0.049) 

bin3 -0.023 -0.094 -0.043 -0.019 -0.012 
 (0.050) (0.100) (0.143) (0.044) (0.045) 

bin4 -0.034 -0.034 0.131 0.010 0.019 
 (0.051) (0.103) (0.141) (0.046) (0.044) 

bin5 -0.036 -0.240** -0.110 0.003 -0.038 
 (0.049) (0.108) (0.159) (0.047) (0.043) 

bin6 0.027 -0.031 -0.013 -0.092** 0.007 
 (0.050) (0.105) (0.148) (0.045) (0.041) 

bin7 -0.020 -0.022 0.031 -0.065 0.052 
 (0.049) (0.103) (0.150) (0.050) (0.041) 

bin8 -0.001 -0.022 0.098 -0.062 0.026 
 (0.060) (0.122) (0.144) (0.046) (0.045) 

dist 0.008 0.073 -0.042 0.015 0.099 
 (0.067) (0.158) (0.240) (0.075) (0.068) 

dist2 0.001 -0.002 0.031 -0.007 -0.024 
 (0.019) (0.045) (0.066) (0.022) (0.019) 

Mean Dependent 

Variable 
0.113 0.017 0.006 0.085 0.1 

Month, Year, Hog 

Farm fixed effects 
Yes Yes Yes Yes Yes 

Adjusted R2 0.019 0.034 0.051 0.021 0.017 

Observations 189,133 189,133 189,133 189,133 189,133 

Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 

2,043 AFOs. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are in 

parentheses where *** p<0.01, ** p<0.05, * p<0.1.  

  



 

162 

 

Table 4.2C. Effects of hog farm exposure on infant health outcomes (linear distance) 

  
Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt 

(1,000 units) 
-0.017** 0.0000043 0.0000025** 0.000001 -0.0000003 0.0000079*** -0.000077*** 

 (0.0075) (0.0000034) (0.0000013) (0.0000009) (0.0000026) (0.0000030) (0.0000206) 

bin1 X dist -3.300 0.001 0.001 0.000 0.000 0.000 -0.018 
 (6.060) (0.003) (0.001) (0.000) (0.002) (0.002) (0.015) 

bin2 X dist -4.598 0.002 0.000 0.000 0.000 0.001 -0.020 
 (7.183) (0.003) (0.001) (0.001) (0.002) (0.002) (0.016) 

bin3 X dist -4.140 0.001 0.001 0.000 -0.000 0.000 -0.011 
 (5.749) (0.002) (0.001) (0.000) (0.002) (0.002) (0.015) 

bin4 X dist -1.322 0.000 0.001* 0.001** 0.001 0.002 -0.028** 
 (4.937) (0.002) (0.001) (0.000) (0.002) (0.002) (0.013) 

bin5 X dist -1.038 0.000 -0.001 -0.000 0.000 -0.001 0.002 
 (5.247) (0.002) (0.001) (0.000) (0.002) (0.002) (0.013) 

bin6 X dist -10.200 0.003 0.001 0.000 -0.003** 0.001 -0.025* 
 (6.257) (0.003) (0.001) (0.000) (0.002) (0.002) (0.013) 

bin7 X dist -13.701* 0.002 0.002** 0.001 -0.002 0.003* -0.025** 
 (7.680) (0.003) (0.001) (0.000) (0.002) (0.002) (0.012) 

bin8 X dist -11.962 0.002 0.002 0.001 -0.003 0.002 -0.023 
 (9.057) (0.003) (0.001) (0.000) (0.002) (0.002) (0.019) 

Mean 

Dependent 

Variable 3,225 0.113 0.017 0.006 0.085 0.100 38.60 

Month, 

Year, Hog 

Farm fixed 

effects 

Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.018 0.007 0.002 -0.000 0.007 0.005 0.009 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 

2,043 AFOs. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are in 

parentheses where *** p<0.01, ** p<0.05, * p<0.1.  
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Table 4.3C. Effects of hog farm exposure on infant health outcomes (quadratic distance) 

 Weight 

(grams) 
LBW VLBW ELBW HBW Preterm 

Gestation 

(weeks) 
 (1) (2) (3) (4) (5) (6) (7) 

ExpInt 

(1,000 units) 
-0.016** 0.0000042 0.0000024* 0.0000014 -0.00000028 0.0000078** -0.000076*** 

 (0.008) (0.0000034) (0.0000013) (0.0000009) (0.0000026) (0.0000030) (0.0000206) 

bin1 X dist -7.340 0.008 0.004 0.001 0.010 0.008 -0.051 
 (26.034) (0.010) (0.004) (0.002) (0.009) (0.008) (0.060) 

bin1 X dist2 1.861 -0.003 -0.001 -0.001 -0.004 -0.002 0.012 
 (9.361) (0.003) (0.001) (0.001) (0.003) (0.003) (0.021) 

bin2 X dist -20.288 0.001 0.006** 0.001 -0.003 0.012 -0.069 
 (21.766) (0.010) (0.003) (0.002) (0.007) (0.008) (0.055) 

bin2 X dist2 6.970 0.000 -0.002** -0.001 0.002 -0.003 0.018 
 (6.384) (0.003) (0.001) (0.001) (0.002) (0.003) (0.017) 

bin3 X dist -2.299 0.001 -0.004 -0.003 -0.001 0.007 0.005 
 (20.281) (0.009) (0.003) (0.002) (0.008) (0.008) (0.053) 

bin3 X dist2 -0.700 -0.000 0.002* 0.001* 0.001 -0.002 -0.010 
 (7.421) (0.003) (0.001) (0.001) (0.003) (0.003) (0.020) 

bin4 X dist 7.285 -0.003 -0.000 -0.001 0.002 0.007 -0.015 
 (20.373) (0.008) (0.003) (0.002) (0.008) (0.008) (0.051) 

bin4 X dist2 -3.619 0.002 0.001 0.001 -0.000 -0.001 -0.008 
 (7.050) (0.003) (0.001) (0.001) (0.003) (0.002) (0.017) 

bin5 X dist -8.066 0.004 -0.001 -0.001 0.005 0.010 -0.049 
 (18.885) (0.009) (0.003) (0.002) (0.008) (0.008) (0.057) 

bin5 X dist2 3.244 -0.002 0.000 0.000 -0.002 -0.004 0.020 
 (6.627) (0.003) (0.001) (0.001) (0.003) (0.003) (0.019) 

bin6 X dist -7.750 0.004 0.002 -0.000 -0.003 0.006 -0.067 
 (18.460) (0.008) (0.003) (0.002) (0.007) (0.008) (0.051) 

bin6 X dist2 -0.976 -0.000 -0.000 0.000 0.000 -0.001 0.015 
 (6.603) (0.003) (0.001) (0.001) (0.002) (0.003) (0.017) 

bin7 X dist -13.297 -0.004 -0.000 -0.000 -0.003 0.010 -0.035 
 (17.498) (0.007) (0.003) (0.002) (0.006) (0.008) (0.053) 

bin7 X dist2 -0.005 0.002 0.001 0.000 0.001 -0.002 0.002 
 (6.375) (0.003) (0.001) (0.001) (0.002) (0.003) (0.018) 

bin8 X dist 4.813 -0.000 0.000 -0.000 0.003 0.010 -0.021 
 (18.156) (0.009) (0.003) (0.002) (0.007) (0.008) (0.053) 

bin8 X dist2 -7.146 0.001 0.001 0.000 -0.002 -0.002 -0.003 
 (7.013) (0.004) (0.001) (0.001) (0.003) (0.003) (0.018) 

Mean 

Dependent 

Variable 3,225 0.113 0.017 0.006 0.085 0.100 38.60 

Month, 

Year, Hog 

Farm fixed 

effects 

Yes Yes Yes Yes Yes Yes Yes 

Adjusted R2 0.018 0.007 0.002 -0.000 0.007 0.005 0.009 

Observations 189,133 189,133 189,133 189,133 189,133 189,133 189,133 

 Notes: The sample is restricted to mothers residing within three-miles of at least of hog AFO. The sample includes 

2,043 AFOs. ExpInt is in 1,000 units. Finally, robust standard errors clustered at the nearest AFO level are in 

parentheses where *** p<0.01, ** p<0.05, * p<0.1.  
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Figure 4.1C. CDF of home distances to the nearest hog farm facilities 


