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As the renewable energy transition continues inro less receptive communities, local
apposition is expected to intensify, potentially slowing the process. Since the local
impacts are neither well quantified nor widely recognized, we lack policies and com-
mon practices to mitigate the potential associated welfare loss in affected communities.
Based on a nationwide dataset combining property transactions and large-scale solar
photovoltaic (LSSPV} sites, we analyze the heterogencous effects of LSSPV on propesty
prices and the associated causal pathways. Difference-in-differences estimates show that
LSSPV significantly increases agricultural or vacant land value by about 19.4% within a
2-mile radius, while simultaneously reducing residential property values within 3 miles
by abour 4.8%. The estimated average negative impact on home values is primarily
driven by site proximity and diminishes with both distance and time. Effect estimazes
are more rebust to aleernative specifications when proximity pairs with visibility rather
than invisibility, but no evidence suggests visibility significantly amplifies the proximity
effect. Heterogeneous effect estimates indicate that high selar lease potendial, being in
heavily Democratic-leaning counties, and brownfield redevelopment largely mitigate
the negative residential value impact. The analysis reveals no significant heterogeneity
across a few Factors, including varying site visibility, directional orientation of properties
relative to the LSSPV site, and different tracking systems. Evidence indicates that the
negative impact on residential values might mainly stem from negative perceptions, but
channels through physical conditions cannot be entirely dismissed. Our assessment pro-
vides benchmark information for local externality mitigation plans, potentially reducing
community opposition and expediting the renewable energy transition.

solar energy | economicvaluation | econometric analysis | renewable energy transition

As the cost of solar energy continues to decline (1), solar is likely co remain the leading
source of renewable energy in the United States (2). Although the climace benefits of
large-scale solar photovoltaic (LSSPV) are widely recognized, the siting of LSSPV projects
has encountered increasing local resistance (3=5). As the renewable energy transition
deepens into less receprive communities, local opposition is expected to intensify and slow
down the transition process. Anecdotal and qualitative evidence suggests that the local
concerns are primarily driven by negative aesthetic impacts, decreased property values,
environmental injustice, and adverse impacts on local agriculoure (3, 6, 7). However, these
negarive impacts are not well quantified, and we lack policies or common practices 1o
mitigate the potential welfare loss in affected communities.

LSSPV facilities can significantly alter local amenitics in residential arcas. Recent studies
suggest that proximity to a solar site may reduce home values (8, 9) duc to diminished
amenities such as adverse visual impact (10). The geomerric and highly reflective surfaces
of LSSPV facilities can be seen as unattractive and disruprive, particularly in natural or
aprarian sertings (11). There are other potential disamenities associated with LSSPV chat
may not be revealed immediately after site installation, including disrupted ecosystems
and wildlife habitats (12, 13), increased soil erosion and water runoff, and degraded air
quality (14). Moreover, negative perceptions of disamenities could lead to property value
losses that are unrelated to actual levels of physical disamenities, a phenomenon known
as the stigma effect in the housing marker (15, 16).

Solar development can affect land prices considerably. An LSSPV facility typically requires
berween 5 and 10 acres per MWac of generating capacity. Agricultural land has been the
mast common land type for LSSPV dl:V:’bpmr:nL. due 1o its suitability, such as being flac,
dry, cleared of natural vegetation, and close to clectric infrascruceure (17, 18). A recenc
projection from the American Farmland Trust shows that solar projects could occupy over
7 million acres by 2040, with 83% of new installations on farmlands and ranchlands, half
of which are on highly productive land (19). If we consider the potential future surge in
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Large-scale solar projects are
crucial for decarbonizing the US
economy, but growing local
resistance may impede the
renewable energy transition. We
estimate the impact of large-scale
solar on property prices and the
underlying pathways using 8.8
million sales and 3,699 solar sites
in the United States. Exposure to
solar sites decreases nearby
residential home values but
increases land values. For
large-lot hames, the increase in
land value largely mitigates the
negative residential impact.
Varying county political leaning
and land use histaries result in
significantly different residential
value impacts, Empirical evidence
indicates that the current negative
residential impact might
represent a stigma effect attached
to solar sites. Our findings
provide important insights for
addressing local resistance
agalnst large-scale solar projects.
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Fig. 1. Map of LSSPV lacaticns, capacity, and visibility. The size of circies indicates the capatity of each LSSPY site. The colors represent the visibility of each site.
Visitiility is measured in the number of local (<6 miles) residential homes with a view of that LSSPV site,

energy demand, e.g., clectrifying the transportation sector and
establishing Al dara centers, the required farmland for solar energy
production could be much higher than the projected 5.8 million
acres. In the long run, the land use competition between solar
development and agriculeural production is likely to increase che
scarcity of farmlands, especially at the urban fringe. In the short
run, leasing the land for solar energy produccion provides higher
financial returns than cradidonal agricultural operations, which
may drive up farmland prices and elevate farming costs.

Existing scudies provide suggestve evidence thac visual impacts
and loss of property values are the owo leading concerns for local
oppesitions (3, 10). These local impacts of LSSPV represent classi-
cally defined externalities, as no widely established mechanism exists
for solar site owners 10 compensate neighboring communities for
potential negartive effects. Quantifying these externalities is imporeant
1o establishing solat siting procedures that adequarely compensate the
community and allow socially oprimal allocations of resources. More
importantly, as solar sites are initially developed in receprive commu-
nities, siting efforts are expecred ro become more challenging when
the renewable energy transition continues. Studies have suggested
that a major proportion of proposed LSSPV projects were denied or
withdrawn due te local resistance (5, 10)." Clarifying and addressing

'Crawdord et al {3}, based on 33 Interviews with residents, found that the top three of
residents' mast eommon concerns of |arge-scale solar are "negative aesthelic impact”,
‘decreased property values”, and “misuse of agricultural land”, Moreaver, a survey con-
ducted in 2023 by Nilson et al {10) shows that 123 developers report visual concerns ta be
the maost comman concern for utiliny-scale solar, followed by property value loss and agri-
cultural land loss.

*An earlier study fram Mulvaney {5) showed that nearly half of the LSSPY projects proposed
from 2005 to 2016 in the Southwest US were denled or withdrawn, largely due to local
resisiance. A survey conducted in 2023 by Milson et al. (10) suggests that among solar
industry respondents across the US, 95% agree that community opposition will get in the
way of decarbanization goals. The same sunvey shows that about 40% of planned solar
projects were canceled while the remalinlng 60% were delayed by at least 6 months In the
last S y, and local ordinances and community opposition are amang the leading causes
of cancellation.

2of 10 https://doi org/10.1073/pnas.2418414122

the excernalities of LSSPV development will help alleviate local oppo-
sition t solar development and accelerate the energy transidon.

Utilizing property-level transaction data and dertailed LSSPV
site information, we present a comprehensive nationwide analysis
to estimate and quantify the externalities of LSSPV facilities facing
nontesidential and residential properries. We employ a
Difference-in-Differences (DID) identification framework to
investigate the effects of solar projects on nearby properry values.
Previous studies have employed similar metheds to investigate the
propercy value effects of solar site exposure in a few selecred states
(8, 9, 20). While viewshed analyses and visual impacr investiga-
tions are prevalent for wind site scudies (e.g., refs. 21-25), previous
solar studies have not measured site visibility or quantified che
associated visual impacr, despite some indicating its relevance (e.g.,
ref. 26). In contrast to previous solar studics focusing on site prox-
imity, we addionally assess the impact of site visibility and its
interaction with proximity. Specifically, we create a geospatial
darabase showing the visibility from every residential home ro
nearby LSSPV facilicy in the contiguous United Staces (Fig. 1, see
Data and Methods for derails). With the average effects showing
the general size of welfare changes in the neighborhood, we further
differentiate the impact mechanisms and provide informarion for
a compensation plan for the local externalitics gencrated by
LSSPV sites.

Our analysis demonstrates that LSSPV sites affect local residen-
tial property values and land values differently. We separately analyze
transactions on three types of properties, The first type is residencial
properties (hereafter “residendal hoines” or “residendal") with a lot
size under five acres {i.e., the rypical minimum acreage require-
ment for a solar lease), where LSSPV effects primarily stem from
impacts related to residential amenitics. The second type invalves
agriculrural or vacant land above five acres (hereafter “agricultural
tand” or “ag-land”), where LSSPV effects mainly result from
potential solar lease-induced land use value changes. The third

pnas.org
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Fig. 2. Effects of proximity and view on residential home value. The blue Fne
connects the coefficient estimates of proximity bins without view, obtained
by interacting the proximity bins, the binary posttreatment indicator, and
the no-visibility indicator {i.e., equals 1 if no site view). The red line connects
coefficient estimates of proximity bins with view, obtained by interacting the
proximity bins, the binary posttreatment indicator, and the visibility indicator
(l.e., equals 1 Ifwith site view), The number of observations (N) in this analysis
is 8,303,074, excluding singleton abservations on the census-tract by year level,
The 955 Cis are constructed with two-way clustered SEs at the census tract
and year |evel. The control group is properties (n the 5-to-6-mile proximity bin.

type includes properties over five acres with residential seructures
(hereafter “large-lot homes™), where LSSPV effeces may include
both residential amenity and Jand use value impacts. Within the
analysis of cach propercy type, we further investigate the impact
heterogeneicy across a range of dimensions, including rural-urban
starus, census region, lot size, county political Jeaning, median
household income, solar site scale, site historical land use, state
siting regulation, among athers. To make sure our estimaces are
not specific ro the five-acre segrc§atiun criterion, we conducted
robustness checks in 57 Appendis.

1. Results

1.1. LSSPV Impact on Restdential Home Value. We first present
the results for residential properties under five acres, which include
approximately 8.3 million property transactions wichin a 6-mile
radius of LSSPV sites from 15 y before the installation of each
site through 2020. Furcher analytical derails are provided in Dasa
and Methods.

1.1.1. Residential proximity and visibility. We first use distance decay
specihcations within the DID framework (see Section 3.5 for model
deails) to decide the proper treatment variable, assuming solar site
exposure is decermined by proximity and visibility. The view-specific
distance decay results (Fig. 2) show that proximity is the major
driver of the negative residential value impact. We find that, without
LSSPV view, LSSPV proximity reduces residential sales price by up
1o 7.2% within a 0.5-mile radius, and che bin-specific estimates
gradually decrease with distance and remain statistically significant
up to 3 miles from the LSSPV site. Having LSSPV in the viewshed
of a home incurs slightly more negative effects {i.c., up to 7.9%
within 0.5 miles) compared to the pure proximity effects,” and the

L

The resulls are presented In $1.4ppendr; Tave 55, which suggast that the main estimates
are robust to alternative acreage thresholds for segregating the small-lot properties and
large-lot properties (e g., S miles to 0.3 miles far small-lot properties and 5 miles to 9 miles
for large-fot properties). Therefore, the main conclusions of this study are not sensitive ta
changes In the live-acre threshold.

fAs pointad aut In the Dofa and Methods section below, our visibility measuce potentially
overraprasents the tre visibility especially when the viewpeint and the target are close,
limited by structural glevation data availability (36). This measurement blas Intraduces
attenuation in the treatment varlable, potentlally leading to an underesiimation of the
wvisibility innpact {and hence the difference hetweenvisibility and proximicy impact in Fig, 2),

PNAS 2025 Vel 122 No.24 e2418414122

bin-specific effects also diminish with distance. Beyond 3 miles, both
the proximity effecr and the visibilicy effect become indistinguishable
from zero, suggesting thar visibility does notindependently generate
negative impacts in the absence of proximity.

1.1.2. Residential treatment—site within 3 miles. As shown in
Table 1 column (1), when examining the average rreatment effect of
proximity within 3 miles (regardless of visibilicy), the estimare is 4.8%
and statistically significant ac the 5% level. We further investigate
the interaction between proximity and visibility in column (2).
When the solar site is visible and within 3 miles, propercy values,
on average, decrease by about 5.2%. The corresponding effect of
an invistble site is estimared ar 4.6%. While both estimares are
statistically significant at the 5% level, a statiscical sk shows that
the difference berween them is not significant at all (rest P-value

0.746), indicating that site visibility may not impose a significant
additional average effect beyond proximiry and supporting the
validity of proximity-based specifications in prior studies (e.g.,
refs. 8 and 9). We also checked an alternacive specification that
excludes no-view properties within the 3-mile radius in column (3)
of Table 1, which provides a similar interaction effect of visibilicy
and proximity. These average cffect analyses, combined with the
distance decay results, suggest that site proximity alone largely
drives the residendal home effect. Consequently, site proximiry
within a 3-mile radius [as presented in Table 1 column {1)] serves
as the principal ueatment variable, representing 1LSSPV exposure, in
subsequent event study and heterogenciry analyses, Examining the
sensitivity of estitnates o alternative control group specifications in
SI Aprendix, Table 86, we find thar the interaction effect of visibiligy
and proximity remains robust across the board, while the pure
proximity effect becomes insignificant in some of the alternative

Table 1. 0ID Estimates for Residential Homes
(1) 2) {3)

ProxT ProxT = ViewT  ProxT x ViewT
ProxT ~0.076**
(0.022)
fi5: ProxT = Post ~ ~0.048%
{0.020)
ProxT x OMiewT -0.078*+
(0.022)
ProxT = 1ViewT ~0.070** -0.044
{0.023) {0.029)
P ProxT x -0.046*(0.020)
O MiewT = Post
ﬂ;h'-"f; ProxT x -0.052* -0.046+
1ViewT = Post
(0,020) (0.023)
N 4975808 4975808 2444983
Covariates Yes Yes Yes
Census Yes Yes Yes

Tract » Year
Test (Hy: J3°-* = g{™); z-Statistic = 0.324 Pvalue = 0.746

Note: In Column (1), ProxT, standing for site proximity below 3 miles, is used as (he Ireat-
ment, In Column (2}, prowimity without view (PraxT«0.ViewT) and proximity with view
{ProxT«1 ViewT) are used as treatment. i Column (3} properties that satisfy ProxT = 1
and ViewT =0 are excluded. #3 5 represent the treatment effects sperified in Section 3.5.1.
SE, two-way clustered at census tract and year level, are reparled In parentheses: P <
041,'P <005 "P< 001, P < 0001 Census tract by year fixed effects and property-fevel
convariates are included in all specifications but not displayed. The control group |s prop-
erties in the S-to-G-mlle praximity bins of the LSSPV sites, and properties lpcated within 3
to 5 miles from the LSSPY sites are excluded. The number of observations, M, is calculated
excluding singletan abservations.on the census-tract by year devel. The coefficient for Post
is omitted due to collinearity with fived effects.

https://doi.org/10.1073/pnas.2418414122 3 of 10
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Fig. 3, Event study on residential home value. The treatment (LSSPV site within 3 miles) effect on residential home values is illustrated across different years
relative to the year of LSSPV installation. The blue squares on the black line ind'cate the caefficient estimates, abrained by interacting the treatment variable
with year indicators. The reference year is defined as 3 y before the LSSPV installation, and the contral group is properties in the 5-to-6-mile proximity bin, The
shaded areas represent the 95% Cls, constructed using two-way clusterad SEs ar tha census tract and year laval.

specifications, This implies that site visibility appears to reinforce
the proximity effect in the sense that it improves the robustness of
the home value effect estimare across various alternarive control
group spccuﬁcanons To provide a comprehensive view of the
proximiry effect, we present both the specifications from column (1)

and column (2) in the pretrend tests and robustness checks in the
81 Appendix. Pretrend tests with placebo treatments in S/ Appendix,
Table §5 show thac the parallel rend assumptions are satisfied for
all specifications in Table 1. More robustness checks in §7Apperictix,
Tables §8 and §9 confirm thar all estimates in Table | remain
consistent when applying alternative sample selection criteria based
on acreage and the number of cbservations per tract-year cluster.

1.1.3. Residentiol event-study results. We explore the timing

of the LSSPV exposure effect (i.c., site visible within 3 miles)

based on an event Sil.ldy thrﬂ I'_hC I}ZSE ycar is Spﬁciﬁfd as 3 Y
prior to the LSSPV installation® (Fig. 3). The average negative
price impact on residential homes is minor after the base year
but becomes pronounced following che installation. The effect
generally maintains its magnitude over time and fades afier che
ninth year postinstallation. There are potential explanations for
the ohserved effect dynamics. Righr after the base year, the gradual
dissemination of the LSSPV site information may not have reached
many home buyers or led them 1o fully realize the potential
negative price impact of the site, but the installation event makes
the impacts clear and manifested in the marker. The diminishing
effect after 9 y might come from the shrinking sample size as
most of the LSSPYV sites were developed after 2010. However, if
the diminished effect is true, it does not necessarily imply chac
the negative amenity impacts disappear after 9 y since many of the
negative impacts, such as soil erosion and dust pollurion, may take
a long time to manifest (14, 27, 28). A more plausible explanation
of the faded price impact may be linked to residential sorting
and demographic shifts (29-31), as individuals less concerned

Hrhis approsimately represents the time when some residents may become aware of the
upcoming LSSPV site through permitting. contracting. community engagement, or ather
site preparation activities.

40f10  hups://doiorg/10.1073/pnas.2418414122

about LSSPV facilities move into the affected neighborhoods.
‘This indirectly suggests that the negative price impact might be
more closely related ro psychological facrors than to the amenities
themselves, which will be explored further in subsequent analyses
and discussions.

1.1.4. Residentiol Effect Heterogenelty. We explore the heteroge-
neicy of LSSPV exposure effect on residential homes across various
dimcnsions, as shown in ST Appendix and Fig, 4" We observe
noticeable heterogencity across census regions, county political
leaning, county median household income, and historical land
use of the LSSPV sices. Stacistical rests results are available in
ST Appendix, Table 510. LSSPV sites in the Northeast region
impose significantly more negative impacts than these in
ather regions. Heavily Democratic-leaning counties (over 65%
Demacratic votes in 2016) experience a posidve LSSPV effect
(+0.0374, insignificant), which is significantly different from
more politically conservative counties (-0.0538, significant at the
5% level). Greenfield LSSPV development leads to 2 negative
effect (-0.0466, significant at the 10% level), while brownfield
redevelopmencs lead 10 a positive residential value effece (+0.225,
significant at the 10% levcl} significancly different from the
effect of Greenfield LSSPV.! Observed differences along other
dimensions are not statistically significant. Moreover, we observe
almost zero heterogeneity acrass different rural status, different lot
sizes, differenc site capacities, and different levels of site visibility. A
highet level of visual exposure (“High View” in Fig. 4) or dircctly
facing the solar panels (i.e, in the south of the solar panels,

“We also investigate the hetercgeneaus pure proximity and visible proximity effects in
SiAppendiy Fig, 57, The results show that both effects have very simllar heterogeneities as the
main resulls in Fig. 4: the negative property value impact is significantly higher in more palit-
ically conservative countles, and brownfleld sites may have a positive property value impact.,

Hargwmfields include sites such as hazardous waste facllities, abandoned contaminated
areas, and inactive mines {53). Solar projects on brownflelds often require site deanup,
which ¢an reduce negative externalitles and undesirability of these sites and pasitively
affect praperty values, This aligns with Gaur et al. {54). who found that residents are willing
ta pay more for solar projects on brownfields, as these sites are gtherwise undesirable,
Meanwhile, respondents in Gaur et al. request compensatian for solar project developed
on greenflelds suggesting that they perceive brownflelds as the mare appropriate land
type for LSSPV development than greenfields.

pnas.org
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Fig. 4. Heterogeneous effects of LSSPV exposure by different dimensions. Diamonds are the point estimate of the effect of LSSPV on nearby residential home
values based on DID models. The treatment is LSSPY within 3 miles, and the control group is properties in the S-to-6-mile proximity bin of the LSSPV site. The
95% Cls of the estimates are shown as bars, having clustered SEs ai the census tract and year level. Check §f Appendix for the details of all factors investigated
here. Mare heterogeneity checks differentiating visible and invisible sites are available in $f Appendix, Tig 57,

“Facing” in Fig. 4) does not lead to a more negative residential
value effect, providing further evidence that more view exposure
may not lead ro significantly more negative impacts. While we lack
direct dara on glint and glare effects, indirect evidence suggests
they may not be a primary mechanism, as we find no evidence to
support char being exposed 1o a site with tracking systems (i.c.,
potentially more susceptible to glare impacts, “Tracking” in Fig, 4)

o facing the solar panels lead to more negative impacis, Instead of
visual levels or details, impaets appear to stem from psychological
facrors, such as negative perceptions of industrialization and
altered scenic views. These negative perceptions are expected to
be amplified by conservative ideology or mitigated by progressive
ideology, aligning with the empirical finding that more politically

conservative counties are associated with more negative impacts.
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Fig. 5. Distance decay results far agriculturalivacant land and large-lot homes. The top subfigure shows estrmales for agricultural and vacant land above five
acres. The bottom subfigure shows estimates for large-lat homes, defined as propertias aver five acres with residential structures, The results show the value
effects of LSSPV for a range of proximity bins, defined with 2-mile intervals. The blue line connects the coefficient estimates of proximity bins, obtained by
interacting the proximity-bin indicators with the binary posttreatment indicator. The treatment groups are properties within these proximity bins, while the
contro} group is properties within the 18-to-20-mile proximity bin. The 95% Cls are constructed with two-way clustered SEs at the county site and year leve!
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1.2. LSSPV Impact on Agricultural Land Value. Our Ag-land
analyses show that having LSSPV sites wirhin 2 miles of agriculeural
or vacant land increases the sales price per acre by an average of
19.4%, which is stacistically significant ac the 5% level (Fig. 5).
The positive effect rapidly declines and becomes insignificant beyond
2 miles, similar to esdmares in ref. 32. This positive effect is fikely
due to the demand increase from potential solar leases, as further
expansion of existing LSSPV sites is less costly than constructing
new sites and likely involve nearby agricultural or vacant land.
Precvend tests in 57 Appendix, Table 55 show that the parallel trend
assumptions are satishied. Robustness checksin S/ Appendix, Table $7
suggest that our main ag-land estimate is robust against different
control group selection criteria. Event-study results in S7 Appendix,
Fig. 55 show thar the positive land value effect manifests 3 y afrer
the site installation and fades away 6 y later. 57 Appendix, Fig. S6
presents our analysis of heierogencous ag-land cffects, We find that
LSSPV sites of larger than-median scale have virtually zero effect
on land value, while sites of smaller scale display a positive effect on
land value (significant ar the 10% level). Considering that smaller
sites have a larger potential for expansion, this observation seems
to confirm our speculation that the nearby land value increase is
mainly driven by the potendial of future solar lease. We also find
that agricultural or vacant lots of large acreage bear virwally zero
effect while smaller lots show a significandy (at the 5% level) positive
effect. However, these differences are not statistically significant.
More robustness checles in 57 Appendi, Table 58 suggest that our
land value estimaces remain consistent when applying alternative
sample selection criteria based on acreage. Finally, robustness checks
in S Appesdiz, Table 59 reveal that when focusing solely on county-
site-year clusters containing more than a few sales, the land price
effect of LSSPV rises dramatically, reaching 86.1% when excluding
less-than-20-land-sales clusters {corresponding to a coefficient of
0.621). Given that we have excluded sales of land hosting LSSPV
sites, the mechanism behind this substantial effecr on land prices
remains unclear but warrants further investigation.

1.3, LSSPV Impact on Large-Lot Home Value. Qur empirical
results show that LSSPV sites have a dual effece: they decrease
residential property values via reduced residential amenity, while
simultaneously increasing nearby land prices due to enhanced
land use potential. For farge-lot residential homes with over five
acres of land, we expect the LSSPV 1o impact property values
through both channels. Qur distance decay analysis (Fig. 5,
Borton) suggests that the overall LSSPV impact on large-lot home
price is close to zero and statistically insignificant for all nearby
proximity bins, Robustness checks in 57 Appendiv, Tables 58 and
59 confirm that these large-loc-home estimates remain small and
insignificant when applying alternative sample selection criteria
based on acreage and the number of observations per tract-year
cluster. Therefore, the LSSPV propercy value impacts via amenity
reduction and increased land use potential seem o offser each
other in residential homes with over five acres of land,

2. Discussion

This scudy provides a comprehensive nationwide assessment of the
externalities associated with LSSPV installations in the United
States focusing on their impacts on property values. We leverage
a rich property wansacrion dataser with derailed geosparial

"The coefficient estimata is 0.177, which reflects the affect on the togaﬁttﬂz;pl' price. When
this Is converted to the aclual proportional price effect, theresultis €7 "~ 1 = 19.4%,
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informacion of LSSPV sites to estimate the effects on both resi-
dential properties and agricultural/vacant land. We apply advanced
geospatial methods to avercome computational challenges and
develop a comprehensive nationwide database on LSSPV visibility:
Our findings reveal chat LSSPV installarions negarively affeer the
value of residential propercies located within 3 miles, while increas-
ing prices for a.gricul[ura.] and vacant land within 2 miles. Moreaver,
when the impacts through reduced residential amenity and
increased land use potential coexist, the LSSPV effect on large-lot
homes is indistinguishable from zero. We also explore the dynamics
and heterogencities of the local property value effects of LSSPV.

Our analyses and heterogencity checks indicare that a nearby solar
site may ace as a stigmatizing nuisance {i.¢. a psychological disamen-
ity, see refs. 15, 16, 33) and 34). Evidence supporting this claim
includes the minimal variacion in effeces across different levels of site
visibility, in effects across properties (o the south and to the north
of the site, and in effects across sites with different tracking systems,
as they suggest that the view details of solar sites {including view
extent, the exact view composition, and patential difference in glare
effects) do not significantly impact residential values. The nepative
impact on neatby residences appears to operate primarily through
psychological channels rather than through the degree of visibility
or specific visual details. Considering disamenities other than visual
impacr, the scale of the site likely resules in different disamenity levels
and impacts, bur this is also not observed (j.c., “Big USS” vs, “Small
USS” in Fig. 4). One explanadon can be linked to negative percep-
tions that solar sites are induserial/commercial uses that aleer rural
land use and scenic views (15). The disparicies in effects between
brownfield and greenfield sites align with chis mechanism. Another
piece of evidence is the significantly higher property value loss in
more conservative counties compared to Democratic-leaning coun
vies. This disparity is likely duc te solar sites being more aligned with
progressive values prevalent in Democratic-leaning counties and less
frequenty associated with negative perceptions. However, we cannot
entirely rule out causal channels related ro acrual disamenicy varia-
tions. First, our nationwide analysis may obscure heterogeneities
under certain conditions — for example, sites with a larger scale may
have a stronger negative effect in the Norcheast but a weaker one in
the West, potentially canceling out in a pooled sample. Second,
unexplored physical channels, such as vegerarion and soil manage-
ment practices (e.g., refs. 9 and 27), might also contribute to the
negative LSSPV impact on residendal values.

Our findings highlight the complex interplay berween the benefits
and costs of LSSPV development. In S/ Appendix. Table S11, we
performed a back-of-the-envelope caleulation to estimate the benefits
and costs of LSSPV solar sites included in our analysis, including the
mitigation value (i.c., avoided social cost of carbon emission), the
appreciation of nearby agricultural or vacant land value, the value loss
of nearby residential properties, and the agricultural producdon loss
on land udlized for hosting LSSPV. The resules suggest char the
assessed benefis of existing LSSPV significandy ourweigh the assessed
tomal costs. The carbon mitigation benefit is the major benefic (zbout
$22.2 billion annually), while the loss in residential home value is the
dominant cost (about -$4.1 billion annually). Therefore, property
value losses constitute a major proporrion of negarive externaliries of
LSSPV. While the expansion of solar energy is crucial for the renew-
able energy transition, it is imperative to address the localized exter-
nalities t ensure equitable outcomes for affected communides.
Quandicative evidenice, such as that generated by this study, can inform
policymakers and stakeholders in designing compensation mecha-
nisms and siting strategies chat mitigate negative impacts while pro-
moting the broader adaption of solar encrgy.
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To illustrate how our results or similar studies could be used ro
develop a community compensation plan, we design a protorype
evidence-based community compensation plan for a site proposal
in (57 Appende, Fig. 512). First, property value impact studies
should be carefully conducted with empirical data from comparable
solar sites {e.g;, similar size, similar demographics, in counties or
states of similar regulations, etc.}, where the effect of distance decay,
dynamics, and heterogeneities across a wide range of dimensions
should be analyzed. The sample choice of LSSPV sitcs needs to
balance site similarity and statistical power of analysis. Second, based
on the praperty value study, compensation specifics should be
decided for different properties in the neighborhood. Taking our
main results as an example, compensation rates could be setat 5.2%
of the annualized property value for 10 y for residential homes within
3 miles of the LSSPV site with a site view, 4.8% for those without
a view, and 19.4% of annual agriculwral land rental costs'! for 4 ¥y
for leasing farmers wichin 2 miles. Thitd, the community compen-
sation plan can involve communication with stakehaolders ahead of
the permitting process, and stakeholders” input should be involved
in the revision process before reaching a final plan. A comprchensive
compensation plan should also consider local externalives thar migh
not visibly manifest in properey prices. We would like 1o stress that
the specific community compensation plan developed based on cur
nationwide study here should be merely taken as an example, and
we recammend conducting rargered studies to determine appropri-
ate community compensation plans for a specific LSSPV site.

3. Data and Methods

The analysis primarily utilizes data of three categories: The US
LSSPV data, the real estate transaction and assessment records,
and geospatial dara.

3.1. L5SPV Data. The LSSPY dara acquired from the US Large
Scale Solar Photovoltaic Database (IUSPVDB) (35) contain 3,699
LSSPV facilities in\'cstigatt:d in the study. This dataset providcs
detailed information on LSSPV site footprint, area, capacity, and
installation year, spanning from 1986 to 2021 (S{ Appendix, Iz 51
shows the rotal acreage developed per year, and S7 Appeniv,
Table 51 shows the summary statistics of LSSPV projecis), The
facility polygons are digitized along the boundaries of che solar
arrays, within an accuracy of 10 m.

3.2. Property Transaction. The property data are purchased from
Cﬂl‘t_‘[ﬂgit rhruugh a dala :lgreemenl’. COI'C]_.OgiC data Cﬁ“tain
comprehensive information on property and transactions from the
whole United States and enables researchers to work on property-
level tesearch questions. We developed a process to exclude non-
arm’s-length transactions (i.e., purging price outliers, foreclosure
sales, multiple sales, sales berween relatives, sales involving institutional
buyers or sellers, and ochers as detailed in 57 Appendiy) so that our
analyses only include transactions reflecting fair market values. The
transaction prices are adjusted for inflation to reflect their values
in 2017 dollars using cthe Consumer Price Index data from the
US Bureau of Labor Staristics. We also exclude potential home
Hipping events by semoving rransacrions of the same properry thar
occur within 120 d of each other. As the majority of LSSPV sites
have been developed within the past decade, we keep rransactions
up to 15 y before the installation of nearest LSSPV to make the
time frame generally centered around the LSSPV development.

Mot that this compensation assumes that the land price ingrease will induce a similar
change in land rent costs. [Fland rent data is available, it could be used as the outcome in
a similar DID study to decide the land rental cost impact of LSSPV site, which could serve
a5 the baseline of the compensation ta leasing farmers.

PNAS 2025 Vol 122 No 24 2418414122

The final dataset for analysis comprises both single-family
residential properties and agriculeural or vacanr land, spanning
40 states'* from 1993 10 2020. To avoid the potential impact from
marker disequilibrium, we drop observations during the Great
Recession (i.c., 2008 to 2010). S/ Appendix, Tables S2-54 show
the summary statistics of residential homes, agricultural and vacant
land, and large-lot homes, respectively. S/ Appendiy, Figs. S2-51
illustrace the distribution of post-LSSPV-installation transactions
of residential homes, agricultural or vacant land, and large-lot
homes, respectively, across different proximity bins,

3.3. Geospatial Data. The geospatial data consist of 2 collection of
geographic layers obtained from the US Census Burcau TIGER/
line geodatabase (USCB TIGER) and US Energy Informarion
Administration (EIA), which includes shapefiles of primary
roads, transmission lincs, and metropoliran arcas. To support
heterogeneity analyses, we also collected data on median hiousehold
income, median land values, political leanings, and state-level
siting policies, among other factors (see ST Appendin for details).

To acquire solar site proximity and ather (disJamenities, we gen-
erated geographic variables that represent the Euclidian distance
bt:[wccn a PI'DPCTIY and [hﬁ boundary ofthe ncarest Fl\f'c SOIQ[’ Shcs,
transmission line, primary road, and metropolitan area. The geo-
graphic variables were then maiched with the property dara. To
alleviare identification concerns thar atrributes of contrel observa-
tions {i.e., properties far away from sites) might considerably deviare
from treared observations (i.e., properties with solar site exposure),
we only kept residential hames that are less than er equal to 6 miles
away [rom the nearest solar sites. For properdes above five acres (i.€.,
aglicu]tural land or large-lot homes), we use a 20-mile radius inclu-
sion criterion due to the general low density and low transaction
volumes of such properties, The final sample includes 8.3 million
transactions for residential homes, 68 thousand transactions for
agriculrural or vacane land, and 416 thousand transacrions for
large-lot homes.

3.4, Visibility Analysis. We cstablish a visibility database for
LSSPV across the continental United Seares and investigate the
property value effect of LSSPV visibility. We calculate the visibility
from residential propereies to lavge-scale solar sices within 6 miles,
This visibility analysis proceeds in three steps. First, we acquire
Digital elevation models (DEMs) of the continental United States
from the Shurtle Radar Topographic Mission (SRTM}) produced
by NASA.* Our analysis uses the 2018 version of SRTM DEMs at
a resolucion of 90 m by 90 m. "The DEMs employed reflect cerrain
elevation but may not capture structures (e.g., houses or trecs), and
hence could overstate visibility especially when the viewpointand
the target are close (36). Nonetheless, the employed DEMs ase the
best available public data for our analysis, as structural elevation
dara (e.g., Light Detection and Ranging, or LIDAR, dara) are not
available for most solar sites and their neighborhoods.

Second, we calculate the viewsheds from solar sites to decide
the areas from which the sices are visible, utilizing the duality of
vision following ref. 21 (i.., if and only if viewpoint A has a view
on target B, a viewpoint on B has a view on target A). This
approach greatly reduces compureational effore since the number

*Yhe other ten states fi.c., Alaska, Hawali, ldaho, Kansas, Loukiana, Malne, Mississippi,
Montana, Utah, and Wyoming} are excluded from the final analysis due to the absence of
LSSPV sites, a lack of available transactions near L5SPV sites, or their nen-cantinental
status.

BOEMs provide crudal Information on the ground topography of the study area. The Shuttle
Radar Topographic Mission by MASA employs remote sensing technology to gather laser
light measurements of the earth's surface. The mission started in 2000, with » goal to create
the first near-global topographical map of Earth and collect data on nearly 80 percent of
the planets land surfaces. Data are available at https://srim.csi.cgiar.org/,
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Fig. 6. Surface of Visibility Index. The visibility index measures the number of visible perimeter paints of nearby salar sites. Intuitively, the red color denotes
regions with salar view, and regions in darker red can see a larger area of solar panels.

of solar sites (3,699) is much smaller than the number of proper-
ties (abour 5.9 million). Unlike the wind turbines that require
height specifications for accurate viewshed analyses, L.SSPV sites
span broad areas, necessitating a proper way to account for parrial
views of a large solar site, Specifically, we ser viewpoints along the
perimeter of cach site, where the viewpoints are defined with a
random stare point, an interval distance D, and a height of two
meters. In practice, D is set at 500 m to balance the compuration
workload and the accuracy of parcial view accounting.

Third, we aggregate che viewsheds from all sice perimeter view-
points and overlay the aggregared viewshed layer with properties
to calculate the visibilicy variables. The aggregation of viewsheds
will generare the visibility index (Fig. 6) for each geographic unir
defined by the raster resolution (90 m by 90 m). Overlaying with
the property layer, the visibility index will represent the number
of perimerer viewpoints that can see a property, or the number of
solar site perimeter points that the property has view on based on
the duality of vision. This properry-specific visibility index quan-
tifies the extent of solar site visibilicy for each property and can be
converted into a binary visibility variable that serves as che oreat-
ment variable in a DID model. For more details of the visibilicy
analysis, refer to Visibility Analpsis Decails section in S/ Appendix.

3.5. Econometrics: Property Value Effect Models. Previous studies
have used econometric models to analyze and identify a varicry of
characteristics that could consistently influence property values,
such as the productivity of the farmland {e.g,, ref. 37), the influences
of urbanizarion (e.g., ref. 38), and environmental factors (e.g., refs.
39-41). To estimare the impact of solar projects on nearby property
values, it is crucial to control for potential confounders. ‘We employ
a DID approach to investigate the effects of LSSPV installation
on nearby properry values. Intuitively, chis approach compares the
change in property values before and afier installation for properties

8of10 https://doi.org/10.1073/pnas. 2418414122

close to the LSSPV site against the value change for properties
farther away bu still within the defined viciniry.

3.5.1. Analyses for residentiof homes. The general DID framework
of our residential home study is as follows:

Iﬂ(Pﬂ.} =ﬂ0+ﬂlpojfﬂ.+ﬁ2?:+ﬁ3pwf"x?:
(1]

K K
+84 ) X4y, Y (Post, X X5 1+,
k=1 k=1

In Eq. 1, each ohservation corresponds to a transaction of resi-
dential home i that accurred in year ¢, with the dependent variable
being the natural logarithm of transaction price ln{P,-,), Post,, is a
binary indicator that denotes whether the transaction of residential
home happened afier the LSSPVY installation. 7; is the binary indi-
cator that denotes whether a residential home was assigned o a
treatment group, and the exact definition of treatment is explained
below. The coefficient f; associated with the interaction term
berween Post;, and T, captures the impact of LSSPV installation on
the outcome variable, which resembles a propertional change in the
residential home prices. Previous studies show that the proximity to
transmission lines could have an impact on the value of nearby prop-
erty (42), and this impact could change after an LSSPV inscallation
in the vicinity (20). To account for housing and lot characteristics
thar could affect home values and the estimation of 5, we include

property-level control variables X: and Post;, X X: {43, 44}, where
X;f include total bedroom number, total bathroom number, building

age, and natural logarithms of distances to the nearest transmission
line, the nearest primary road, and the nearest metropolitan area. To
absorb the time-varying external location-specific shocks in the hous-
ing marker, we incorporate fixed effects on the census traee by year
level, denoted as 7. All SE are two-way clustered at the census tract
and year level.
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To detect the proper site-proximity treatment in the average
effect medels (i.e., Eq. 1), we employed a distance decay version
of the DID approach, as shown in Eq. 2. The distance decay swdy
uses proximiry incervals (777, ¥ m < M = 1) as the treatment var-
iables instead of a single binary reatment (as 7} in Bq. 1). The
distance-decay model shown in Fig. 2 uses 0.5-mile intervals from
0 to 6 miles, with propertics in che 5 to 6 mile ring (ie., T:M)
serving as the control group. To investigate the role of visibilicy,
we further interact the proximity intervals with a binary visibilicy
variable to produce the resulws in Fig. | (i.e., the treatment varia-
bles become 77" X 1(View = 1) and T x 1(View = 0)). The
model specifications in Eq. 2 are identical to Eq. 1 exeept for

differences in the treatment variables,

M~1 M=1
In(P,) =fo+ Py Post,+ X, BT+ ), B7Post, X T)"
=l m=t
[2]

K K
6, 3 Xty ) (Post xXB) 4zt
k= k=1

Based on the proximity cut-off point suggested in the distance
dccay resules, we spccif}' 2 proximity creatment (i.e., resulis suggest
properties within 3 miles) for the average treatment model in Eq. 1.
Moreover, we can test the average treatment effecr of the interaction
between visibility and proximity, by slighdy medifying Eq. I to allow
for two treatment groups [i.c., effects shown as ﬂ;‘.m' and ﬂ;ﬂ“mw

in Table 1 column (2)]. The empirical results of these specifications

decide the appropriate trearment to use for subsequent studies,
whete the control group specification will also be consistent with
the exploratory specifications.*® Derails of subsequent event scudy
and heterogenciry analyses are presented in S7 Appendia.

Our DID model relies on the assumption that che LSSPV sicing
process is independent of the price trends over time conditional
on the covariates (i.e., the parallel trends assumption). We conduct
pretrend tests with placebo treatments by setting a pseudo-post
variable mimicking a fake installation event 6 y before the actual
installation and dropping observations thar are actually treated
afier the actual site installation. Null effect estimates from the
placeba tests suppart the plausibility of the parallel trends assump-
tion. Moreover, the event study model could also display pretreat-
ment effects where pretrearment crend differences would show up
and suggest a violation of the parallel trends assumprion.

3.52. Analyses for agricultural land and large-lot hames. We use
a distance-decay model to detecr the cur-off proximity for the

treatment variable in the DID analysis for agricultural or vacant land

This is to say, if pure proximity with a 3-mile cut-off point Is decided as the most mean-
ingful treatment to use, the control group in the main average effect model will be prop-
erties within the 5-t0-6-mile proximity bin. This would involve the exclusion of properties
within the 3-to-5-mile bin fram the analyses. The subsequent event study and heteroganeity
analysis models willfollow the same sample and covariate specifications as the main model.

*'The site identifier Is based on the nearest LS3PV slte, If a group of propertles are within
a20-mile radius of the same site and the site is the nearest site to ali of them, they share
the same Identifier, They span a relatively large region, potentlally covering more than
one county. To controt for both site-level and county-fevel shocks, we use the county-site
by year fixed effects hare.

1. USEnergy Information Adminisisalion, Levelized Cost of New Generstian Resources in The Annual
Energy Optlook 2022 {US Energy Information Administration, Washington, DC, 2022), ~

2. U.E.| Administration, Solar accounted bor 20% of new US. electric generation capacity in 2023
{2024) Accessed: 2024-08-04,

3. J Crawdord, 0. Bessette, S, B. Mills, Rallying the anli-crowd: Organized opposition, democratic defici,
and a polential sozal gap inlarge-scale solar enesgy Energy fas & Soc Sa-90, 102597 {20221

4, M. Eisenson, J.Elkin, H. Singh, M. Schaffls, Opposition to Renewsble Eneigy Facilities in The United
States: June 2024 edition. (Calumbia University in the City of New Yok, NY, 2024)
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and large-lot homes as the potential impact mechanism is related o
site proximity. The ag-land distance-decay model is built on Eq. 2
with three key differences. First, the ourcome variable is the natural
logarithm of Jand price per acre. Secand, the control variables X;f
de not include house characeeristaies. Finally, based on the volume of

ag-land rransactions, the proximity intervals are selected every two
miles from 0 to 20 miles, the fixed effects used are on the county-site
{i.e., an interaction between county and the LSSV site idenrifier)™
by year level, and the SE are two-way clustered at the councy-site and
year level. We also conduct the event study and heterogeneiry analyses
using the rrearment variable suggested by the ag-land distance-decay
model. Furthermore, we conduct pretrend tests for the ag-land
analysis to check the plausibility of parallel trends assumpdion. The
large-lot-home analysis retains the outcome and control variables
from the residential analysis while adoprting the same proximicy bins
and fixed effects used in the ag-land analysis. More details of ag-land
and large-lot-home analyses are provided in S/ Appencix.

Data, Materials, and Software Availability. Our rep!icelfon paticage
(https:figithub.com/StarfallchenfSolarviewHedonic) provides all code
used in this study, including Stata and Python code for raw dala process-
ing, geaspatial variable processing, viewshed analysis, data aggregation,
and estimation analysis {45). All analyses are conducted in Stata 18MP
(hitps: fleww.stats comfordes/}{44) and Python 3.9.18 hitps:fwww.pythor

oigfdownloads/release/python-3918/) (47}. The replication package also
shares datasels that are from unrestricted dala sources. The property trans-
action data are acquired from Corelogic Solutions, LLC (https: /i core

logic.comf340-property-data) (48). Restricted by contract with Corelogic,
all variables derived from raw Corelogic data will not be shared. To replicate
our study, we recommend acquiring Corelagic national-level property data
with transactions from 1993 to 2020 and applying the data processing
code in the replication package. Other raw data are from publicly available
sources. The large-scale solar site data are available at the US Large Scale
Solar Photovoltaic Database webpage: hilps:eerscmap.usgs govfuspvdb
(49). Digital Elevation Models in the viewshed analysis are produced by
NASA's Shuttle Radar Topographic Mission and available al hitps:/fsrtm

csl.cgiarorg {50, Geospatial data on states, counties, census lracls, pri-
mary roads, and metropalitan areas are from US Census Bureau TIGER/line
geodatabase, available at hitps:/Avww.census.gov/yeegraphiss/mapping-
filesftime-seriestgeo/liger-geod atabase-file htmi (51). Geospatial data on
{ransmission lines are oblained from US Energy Atlas hosled by Energy
Infarmation Administration, available al hitps:/fatlas.cia.govisearch {52).
Data for heterogeneily analysis are drawn from multiple public sources,
with details described in the S/ Appendix.
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ARTICLE INFO ABSTRACT

Keywords: We examine the impact of large-scale photavoltaic projects (LSPVPs) on residential home prices in six U.5. states
Golar energy that account for over 50% of the installed MW eapacity of large-seale solar in the U.S, Our analysis of over 1,500
i‘;i:: gﬁ;’i‘;‘;‘r LSPVPs and gver 1.8 million home transactions answers two questions: {13 what effect do LSPVPs have on home
bz mﬁ: prices and (2) does the effect of LSPVP on heme prices differ based on the prior land use on which LSPVPs are

located, LSPVP size, or a home's urbanicity? We find that homes within 0.5 mi of a LSPVP experience an average
home price reduction of 1.5% compared to homes 2—4 mi away, statistically significant effects are not
measurable over 1 mi from a LSPVP. These effects are only measurable in certain states, for LSPVPs constructed
on agricultural land, for larger LSPVPs, and for rural homes. Our results have two implications for policymakers:
(1) measures that ameliorate possible negative impacts of LSPVP development, including compensation for
neighbors, vegetative shading, and land use co-location are relevant especially to reral, large, or agricultural
LSPVPs, and {2) place- and project-specific assessments of LAPVP development and policy practices are needed ta
understand the heterogeneous impacts of LSPVPs.  ©

Difference-in-difference

effect, if any, do LSPVPs have on residential home prices and (2} does
the effect of LSPVPs on home prices differ based on the prior land use on
which a LSPVP is located, the size of the LSPVP, or the urbanicity of a
home’s location? To address these questions we use data from CoreLogic
on over 1.B million residential property transactions that occurred
within six years before and after a LSPVP was constructed in the five U.S.
states with the highest concentration of LSPVPs as measured by number
of installations: California (CA), Massachusetts (MA), Minnesata (MN),
North Carolina (NC), and New Jersey (NJ), as well as in Connecticut
(CT), chosen for its relatively high population density (i.e., urbanicity)
near LSPVPs. We then combine the transaction data with other geo-
spatial datasets including an original dataset of LSPVP footprints
developed by the project team for this research, a suite of environmental
amenities and dis-amenities, urban, rural, and suburban classifications,
and historic land cover data, We identify the arguably causal impact of
LSPVPs on residential property values using a difference-in-differences
identification strategy that compares the sale price of residential
homes located in close proximity to a LSPVP (e.g. 0-0.5 miles away)
both before and after a LSPVP is constructed to the sale price of homes

1. Introduction

Large-scale photovoliaic projects (LSPVP), defined here as ground-
mounted phatoveltaic generation facilities with at least 1 MW of DC
generation capacity, are an increasingly prevalent source of renewable
energy. LSPVPs accounted for over 60% of all new solar capacity in the
United States in 2021, and, as the largest resource by capacity in
interconnection queues, are projected to continue growing (Bolinger
et al,, 2021). However, the local economic impacts of LSPVPs are poorly
undesstood (Mai €1 al | 2014), despite surveys showing that local public
support for large-scale solar is strongly related to perceived economie
impacts, including the impact on property values (Carlisle et al., 2014),
Concerns surrounding the property value impacts of sclar power are
reflected in solar industry and environmental advocacy communication
that challenge the conception that solar power reduces property values
(Center for Energy Education, n.d.; Solar Energy Industries Association,
2019}, and in attempts by neighbors of solar plants to claim solar panels
as a private nuisance (Wesltgate, 2017).

The purpose of this paper is to provide some of the first compre-
hengive evidence on the impact of LSPVPs on residential home values.
Specifically, we seek to answer two related research questions: (1) what

* Corresponding author,
E-mail address: salmac@|bl.zov (S. Elmallah)
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located farther away from a LSPVP (e.g. 2-4 miles away).
Qur paper makes several important contributions. First, we examine
the impacts of LSPVPs in a large set of U.S. states that account for the
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Abbreviations MN Minnesota
MW megawatt
A/D amenities and dis-amenities NJ New Jersey
API Application Programming Interface NLCD Mational Land Cover Database
CcA Califarnia NY New York
CcT Connecticut NC Nerth Carolina
DC direct current PV photovoltaic
dB decibel RL Rhode Island
DiD difference-in-difference RPS Renewable Portfolio Standard
EIA Energy Information Administration SB Senate Bill
FE fixed effects U.K. United Kingdom
GHG greenhouse gas u.s. United States
LSPVP  large-scale photovoltaic project USDA  United States Department of Agriculture
MA Massachusatis

majority of U.5. LSPVP capacity, most of which, to our knowledge, have
not previously been studied with respect to the impact of LSPVPs on
property values. Existing research on the property value impacts of
LSPVPs provides mixed results from a limited set of geographies. Where
researchers do find an adverse impact of LSPVPs on property values, as
in studies from the Netherlands and from the U.S. states of RI, MA, and
NC, they theorize a change in property values due to visual intrusion
from panels (Abashidze, 2019; Dries and Koster, 2021; Gaur and Lang,
2020) and land use change (Gaur and Lang, 2020). Conversely, one
study based in the U.K. finds no statistically significant effect of LSPVPs
on property values (Jarvis, 2021). Expanding the geographic scope of
the literature, then, facilitates both generalization (Brinkley and Leach,
2019) and more location-specific policy insights.

Second, we investigate whether the effect of LSPYPs on home prices
15 heterogenous with respect to LSPVP area, prior LSPVP land use, and
home urbanicity. One of the major concerns surrounding LSPVPs, as
well as one of the major opportunities to explore the co-benefits of
LSPVP development, are its land use requirements (Hernandez et al.,
2014a; Hernandez et al., 2014b; Kaikar et al,, 2021). In particular, more
adverse home price impacts might be found where LSPVYPs displace
green space (consistent with results that show higher property values
near green space (Crompton, 2001)) or where LSPVPs are larger in area,
and thus more visually intrusive. While some previous studies (Gaur and
Lang, 2020) find that greenfield solar development is primarily
responsible for their observed decrease in home prices when compared
to brownfield development, our constructed dataset of LSPVP footprints
allows us to more precisely identify the prior land use of a LSPVP {for
instance, breaking up the “greenfield” category into agricultural and
non-agricultural land uses). Qur dataset of LSPVP footprints additionally
allows us to accurately characterize the area of each LSPVP.

In section 2, we introduce the policy context for LSPVP development
in the study area and review the existing literature on property value
impacts of LSPVPs. In section 3, we detail the data used in this study, the
geospatial methods used to combine datasets, and the difference-in-
differences approach to assessing property value impacts of LSFVPs. In
section 4, we present our base model, event study, and heterogeneity
analysis results. In section 5, we summarize and discuss our findings. In
section 6, we note the limitations of our study and describe avenues for
future work. Finally, in section 7, we review the key conclusions and
policy implications of our study.

2. Background and relevant literature
2.1, Policy coniext
The study area is defined as the six states of CA, CT, MA, MN, NC, and

NJ. The states in the study area were chosen based on number of in-
stallations: CA, NC, MA, MN, and NJ represent the top five states in

terms of number of 51 MW DC solar installations through 2019,
Together, these states contain over 2,000 solar projects, or approxi-
mately 53% of the total MW DG capacity in the United States through
2019. We additionally include CT because of its relatively high popu-
lation density near solar projects (U.5. Energy Information Administra-
tion, 2021a).

All six states face increasing demands for large-scale solar alang with
intensifying land use and permitting constraints on solar development.
Both CA and CT have ambitious Renewable Portfolio Standards (RPSs),
aiming for 100% of electricity retail sales (o be supplied by renewable
sources by 2045 and 2040, respectively (Schwartz and Brueske, 2020; U
S. Energy Information Administranion, 2021a). In CA, this necessitates,
by some estimates, a tripling of California’s renewable energy produc-
tion; of those possible renewable resources, solar PV is both the least
expensive and has the largest technical potential in the state (Schwartz
and Brueske, 2020). Though MA, MN, and NJ have less ambitious
renewable energy development goals, state reports still estimate that
building solar PV is a key strategy to meeting both MA and MN's GHG
reduction and renewable electricity sourcing targets (Jones et al., 2020;
Pumam and Perez, 2018), and NJ introduced legislation in 2021 that
aims to double existing solar installations through incentives (NJ
Department of Environmental Protection, 2021). NC's solar fucure is less
definite; although the state has, historically, bean a leader in solar in-
stallations, the dominant electric vtility in the state, Duke Energy, has
proposed an integrated resource plan that largely privileges fossil gen-
eration over renewables. This plan is currently under review by the NC
Utility Commission, with challenges from multiple environmental
groups (Southern Environmental Law Center, 2021).

State reports identify persistent LSPVP land use and permitting
challenges. In CA, for instance, San Bernardino county veted te ban
utility-scale solar farms on over a million acres of private land (Schwartz
and Brueske, 2020), citing concerns about the industrializing impact of
solar projects on rural or desert landscapes (Roth, 2019). Tradecffs be-
tween land use and LSPVP development are also observed at the state
level in CT, MN, and NJ. In CT, Public Act 17-218, enacled in 2017,
limits PV development on forest and prime farmland‘; this has resulted
in a reduced number of approved commercial PV projects per year (CT
Council on Environmental Quality, 2020). Before the passage of this act,
in 2016, the CT Council on Environmental Quality reported that solar PV
was the single largest type of development displacing agricultural and
forest land (CT Council on Environmental Quality, 2017). MN, too,
prohibits solar development on prime farmland: the state’s Prime

1 Both GT Public Act L7-218 and the MA Prime Farmland Rule cite 7 GFR 657
for the definition of “prime farmland"; 7 CFR 657 is a periodically updated set
of federal regulations, administered by the Department of Agriculture, that
defines prime and important farmlands (Legal Information Institute, n.d.).
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Farmland Rule includes solar development as one of the prohibited in-
dustrial uses of select agricultural land (Bergan, 2021). The MN Prime
Farmland Rule is currently being contested: legislation that allows more
PV development on farmland is now under consideration in the MN
legislature (Bergan, 2021), and the MN Department of Commerce has, in
the past, issued guidance for developers on how to make their case foran
exception to the rule (Birkholz et al., 2020). In NJ and NC, teo, concerns
about farmland preservation and LSPVPs have appeared in discussions
among agricultural stakeholders, although neither state has adopted
prime farmland legislation like CT or MN (American Farmland Trust,
2021; Cleveland and Sarkisian, 2019). In MA, state reports refer to siting
difficulties due to high population densities, expensive land for devel-
opment that is disconnected from fransmission, and oppaosition to
disturbance of natural land (Jones et al., 2020).

In summary, while LSPVP installations are prevalent in the six states
analyzed in this, Lthese states also represent reglons where an increasing
need for LSPVP is met with restrictions, opposition, and land-use
tradeoffs. These restrictions are often specific to farmland, although
concerns do extend to other landscapes (like high density areas, deserts,
and forests). Investigating property value impacts of LSPVPs, both
overall and by prior land use and installation size, can potentially pro-
vide policymakers, practitioners, and developers with valuable infor-
mation on how LSPVPs affect residents’ willingness to pay for properties
located near LSPVPs. To the extent that these concerns represent
possible burdens of LSPVP development, investigating property value
impacts of LSPVPs alse helps us understand how these burdens are
distributed. These insights, in turn, can guide policy or best practices
that seek (o miligate adverse impacts of LSPVP development to enable
build-out that meets climate and clean energy goals.

2.2, Relevant literature

The property value impacts of LSPVPs have received only recent,
limited attention (Abashidze, 2019; Al-Hamoodah et al, 2018; Droes
and Roster, 2021; Gawr and Lang, 2020; Jarvis, 2021). Swudies on
LSPVPs and property values employing difference-in-differences (DiD})
analyses find mixed results. Studies based in the U.S., specifically, MA
and RI {Gaur and Lang, 2020) and NC (Abashidze, 2019), and the
Netherlands (Drdes and Koster, 2021), find a statistically significant
negative effect for homes near solar projects compared to homes further
away. One study, based in the UK., finds no statistically significant ef
fect of LSPVP proximity on home property values (Jarvis, 2021).
Although none of the existing studies find evidence of an increase in
sales prices for homes near solar projects, Abashidze (2019) finds an
increase in agricultural land value for land in close proximity to trans
mission lines after a solar farm is built in the area. To our knowledge,
only Gaur and Lang (2020) investigate the impact of prior land use using
a DiD framework, finding that greenfield solar construction is associated
with a statistically significant reduction in sale prices in both rural and
non-rural areas, with greater reductions observed in rural areas, One
study using a contingent valuation survey finds that respondent will-
ingness to pay for large-scale solar developments is a function of prier
land use, where brownfield solar developments are more desirable than
greenfield developments (Lang et al., 2021), Both Jarvis (2021} and
Abashidze (2019) find no evidence of heterogeneity in home price im-
pacts by income or other socio-economic indicators.

The mixed results to date in the LSFVP and property value literature
motivates studies that look at previously understudied geographies to
develop a more comprehensive view of the possible property value
impacts of LSPVPs. The existing literature also orients us to relevant
heterogeneity analyses, including hetercgeneity by prier land use. We
extend this literature by looking at a more specific set of prior land uses
beyond greenfield and brownfield, as well as by looking at heterogeneity
of effects by LSPVP size and urbanicity.

Energy Policy 175 (2023} 113425
3. Methods
3.1. Data

This praject utilized five major sources of data, shown on the left-
most side of Fig. 1. First, to characterize and locate LSPVPs, we uti-
lized the U.S. Energy Information Administration’s Form 860 (U1.5. En-
ergy Infermation  Administration,  2021h), which  provides
latitude-longitude data on solar plants, their installed capacities (in
megawatts, MW), and their operation start date. We kept only solar
plants within the study area with an installed capacity over 1 MW and
eliminated rooftop installations, leaving us with 1,630 solar plants.
Second, to understand the impact of prior LSPVP land use on property
values, we used land use data fram the United States Geelogical Survey
(USGS)'s Multi-Resolution Land Characteristics (MRLC) Consortium’s
National Land Cover Database {NLCD)} from 2006 {Multi-Resolution
Land Characteristics Consortium, 2006). Third, for information about
home sales, we used transaction data from CoreLogic (CoreLagic, n.d.},
which provided information on location, property characteristics and
transaction characteristics. We filtered this dataset for only relevant,
complete records; the criteria used to screen data are outlined in
Iable A.1. Fourth, to identify amenities or disamenities (herein referred
to as A/M), or landscape characteristics that could pasitively or nega-
tively impact Lhe price of 2 home, we used the dala sources sumunarized
in Table A.2. Finally, to understand the impact of urbanicity an property
value impacts, we used the 11.S. Census Bureau’s (U.S. Census Bureau, n.
d.} urban-urban cluster-rural classification (a metric based on popula-
tion density, where urban areas are the most dense, followed by urban
clusters, then rural areas). These data sources were validated and
combined to produce a final analytic dataset. Fig. 1 graphically depicts
the data preparation steps, which we describe below.

Step 1: To obiain a polygon representation of each LSPVP from the
EIA point data, we first verified installation locations using satellite
imagery from Esri and DigitalGlobe and revised project centroid co-
ordinates where necessary. We manually drew polygons around the
boundaries of each LSPVP based on satellite imagery; for projects that
consisted of multiple, non-contiguous groups of panels, we drew a
multipart polygon around the boundaries of each group of panels. We
calculated a construction start year for each LSPVP, assuming con-
struction begins one year before the ELA-provided aperation start date.
Fig. A1 shows an example of two LSPVPs and their corresponding
polygons; Fig. 2 shows the location of LSPVP sites as well as the density
of transactad homes for the six states in the study area.

Additionally, in this step we determined the predominant prior land
use type of each LSPVP, We first determined the distribution of prior
land cover types by area for each LSPVP; each LSPVP polygon is
composed of some proportion of the NLCD land cover classes shown in
the right-most column of Table 1 (15 of the 16 possible NLCD classes
showed up in our sample). Each LSPVP's distribution of NLCD classes
was grouped and summed as per the left-most column of Table 1, and
each LSPVP was assigned the predominant prior land use type that
constituted 50% or more of its land cover. If no single predominant prior
land use type accounted for 50% or more of an LSPYP's prior land cover
by area, that LSPVP was assigned a predominant prior lang use type of
“mixed".” Fig. 2 shows (a) the proportion of displaced LSPVP area and

? Forinstance, a solar installation on land that was, in 2006, 15% barren land,
25% cultivated crops, 25% herbaceous, and 35% hay/pastwre, would be
generalized as 60% agriculture and 40% preenfield, and would be given the
predominant priar land use type of “agriculture”. A solar installation on land
that was, in 2006, 15% barren land, 25% developed, high intensity, 25% her-
baceous, and 35% hay/pasture, would be generalized as 35% agriculture, 40%
greenfield, and 25% brownfiald, a would be assigned the predominane prior
land use type of “mixed”, because no single category amounted to greater than
50%.
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Fig. 1. Data sources and data preparation steps.
Table 1
Grouping of NLCD classes into predominant land use types; LSPVPs are assigned
a predominant prior land use of “mixed" if their area does not contain 50% or Table 2
more of the NLCD classes within a single predominant prior land use type. Transaction count by state in final analytic dataset.
Predominant prior land NLCD classes State Mumber of transactions
U nes cA 933,037
Agriculture Cultivaied Crops; Hay/Pasture cT 34313
Brownfield Developed, High Intensity; Develaped, Low Intensity; MA 291,325
Developed, Medium Intensity MK 75,394
Greenfield Barren land; Deciduous forest; Developed, Open Space; NC 204,134
Emecgent Herbacegus Wetlands; Evergreen Forest; N 297,756
Herbaceous; Mixed Forest; Open Waler, Shrub/Scrub; 6 state total 1,835,961
Woody Wedands
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MA by NC N}

State

Predominant prior land use type

BN greenfield agricultural

R brownfield mixed

Fig. 3. Distribution of predeminant prior land use by (a) LSPVP area and (b) number of homes near LSPVPs,

(b) the proportion of transactions near LSPVPs by predominant prior
land use type.

Step 2: For each home we calculated the geodesic distance to the
polygon boundary of the nearest LSPVP and to all A/D locations. We also
determined underlying A/D characteristics, where appropriate, such as
flood zone status and road/airport sound levels. Finally, we determined
the urbanicity of each home's location. Fig. 4 shows the distribution of
homes by state and urban, urban ¢luster, or rural designation.

Step 3: We validated the coordinates of select homes” that were sited
near LSPVPs or A/D using the Google Geocoding API (Google Maps
Platform, n.d), which takes as input an address and returns a set of
coordinates as well as a precision indicator, We dropped from our
analysis any home transactions where there was inconsistency in the
coordinates between Corelogic and the Google Geocoding APL For
some homes, we replaced the Corelogic coordinates with coordinates
from the Google Geocoding APl where Google returned a high precision
indicator.”

Step 4: Given validated courdinates and distances, we retained only
the home transactions that were suitable for use in the final analysis.
Specifically, we eliminated (1} properties that host a LSPVP (i.e. their
coordinates fall within the boundaries of a LSPVP polygon), {2) prop-
erties that are over four miles away from a LSPVP, and (3) properties

?* We selected propertes that were <0.5 miles from an LSPVP or A/D; within
a flood zone with at least 1% chance of floeding, or within an area with road or
aviabon noise exceeding 55 dB. OF the properties that satisfied these conditions,
only those with an area greater than 1 acre or those with missing or non-unigue
coordi lidated

* We dropped home transactions from our analysis if the difference between
the coordinates provided by the Google Geocoding API and CoreLogic was
greater than 2 times the distance between that home and its nearest PV plant or
A/D. We addidonally dropped any duplicate coordinates within 0.5 mi of a PV
plant. Where the Google Geocoding AP returned a “rooftop” precision indi-
cator, we replaced the CoreLogic coordinates with Google coordinates; for those
homes, we recalculated distances to LSPVP and A/D using the process described
in Step 2.

b

were v

that transacted over 6 years before or after the operation start date of a
LSPVP. We also calculated three sets of key values used in the analysis:
the transaction’s project cohort, LSPVP distance bin, and years since
LSPVP construction.

The preject cohort refers to the unique ID of the LSPVP that is nearest
to a home transaction within 4 miles, and for which the operation start
date occurred up to 6 years before or after a LSPVP began constructian.
If a given transaction belonged to more than one cohort, we retained
anly the neatest project eohort for that transaction.” The distance be-
tween the transacted home and the nearest LSPVP was binned into 4
categories: [0 mi, 0.5 mi), [0.5 mi, 1 mi), (1 mi, 2 mi), and (2 mi, 4 mi].
To calculate the number of years since LSPYP construction, we sub-
tracted the LSPVP year of construction start fram the sale year (recall
that the construction start year is assumed to be the operation start year
minus 1 year). The years since LSPVP construction were categorized inta
1-year bins (i.e. a sale occurred [-5 years, —4 years), [~4 years, =3
years), ...,[5 years, 6 years), [6 years, 7 years] since LSPVP construc-
tion). Qur final analytic dataset consists of 1,836,053 transactions near
1,522 different LSPVPs.

Table 2 and Fig. 5 summarize the number of transactions, and the
number and size of LSPVPs, respectively, by state. The final dataset
confaing a number of continuous and categorical property and tans-
action characteristics {e.g. sale price, sale year, number of bathrooms).
Summary statistics for those continuous variables are shown in Table 3
for all six states; summary statistics for individual states are shown in
Table A.3 to Table A.8. The categarical property characteristic variahles
are listed in Table A.9. Finally, Fig. 6 shows the total number of trans-
actions within each distance bin by years since LSPVFP construction and
indicates that the sample has a robust set of hransactions in all distance
bins throughaut the full sample period. While the home-level

% In other words, if transaction T; is 0.5 miles from LSPVF, and 2 miles from
LSPVP,, and transacted within 6 years of the operatipn start date of hoth
LSPVPy and LSPVP2, we consider transaction T} lo belong to the LSPVP; project
cohort.
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transaction data used in this study is protected by a non-disclosure
agreement and cannot be made publicly available, our dataset of
LSPVP locations and associated sizes and prior land uses is available on
Github (Elmallah et al,, 2022),

3.2. Model specifications

3.2.1. Base difference-in-difference model
To examine the relationship between LSPVPs and residential prop-

erty values we utilized a difference-in-differences (DiD) identification
strategy that relates the timing of treatment (being close to an LSPVP
post construction) to heme prices for homes located (0 mi, 0.5 mi), [0.5
mi, T mi), and [1 mi, 2 mi} away from a LSPVP. Specifically, we first
created 1,522 unique datasets, each representing a unique LSPVP and
the residential home transactions that occurred within four miles of the
LSPVP and transacted within & years before or after the first year of
operation of the LSPVP. We call each of these unique datasets a “project
cohort,” We then stacked the 1,522 project cohorts to create our final
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Table 3
Summary of dependent variables and property and transaction characteristics in full analysis dataser.
Variablz Deseription Mean Std. dev. Min. Med. Max.
Sp Sale price {$} £406,552.22 $340,1232.75 $5050.00 $321,000.00 $3,998,000.00
Lsp log of sale price 12.65 0.74 B.53 1268 15.2
Lsf Living area (ft") 1936.53 1002.05 102 172000 120,215.00
BaCres Land area (acres) 0.455 0873 0.006 .19 14.14
Age Age of home at ume of sale {years) 44.08 30.86 1] 40 12
agesq Age of home at time of sale, squared (years?) 2895.66 70886 o 1600.00 44,944.00
salesqlr Quarter of sale 2.27 0Ee7 1 2 4
salesyr Year of 5ale 015 3 2003 015 2020
105 |
Caunt of
transactions
1ot |
-5 -4 3 1 1 o 1 2 3 % 5 6 7

Sale date - LSPVP construction date (years)

Distance between home and nearest LSFVP

O o-agm O ag-1mi

= a-aml 2-4mi

Fig. 6. Count of transactions tn final analysis dataset by distance between transacted home and nearest LSPVP.

analytic dataset and specify a stacked difference-in-differences specifi-
cation of the following form:

i (Piegps) = B Toar + Ko+ Oe + Qe H o 40) + Evesin (1)

The dependent variable in (1) is the natural log of sales price P far
residential home transaction i that belongs to a project cohort ¢ within
distance bin d and census block group j, that transacted in quarter g of
year L Ty is a vector consisting of 3 distance bin indicators for homes
located [0 mi, 0.5 mi), [0.5 mi, 1 mi}, [1 mi, 2 mi} from a LSPYP, where
each distance bin is interacted with an indicator for whether the home
sale accurred after LSPVP construction, The omitted category for the
distance bin indicators is homes located 2 to 4 miles from a LSPVP. 8,4,
4 ond p, are, respectively, distance hin-by-project cohort fixed effects
(FEs), transaction year-by-project cohort FEs and transaction quarter-
by-project cohort FEs. ¢, is a vector of census block group FEs, and
Eiedige 15 2 random disturbance term. Finally, X; is a vector of individual
home characteristics including living square footage, land area, the age
of the home at the time of sale, age squared, the number of full bath-
rooms and stories, the type of air conditioning (AC) and heating, the
cansmmuction type and exterior wall type of the home, indicators for
fireplaces and new construction, the type of garage, and the type of view
a home has. The standard errors in (1) are clustered at the project cahort
level.

The coefficients of primary interest in (1) are the g s which represent
the DiD estimates of the effect of treatment (being close to an LSPVP post
construction) on home prices for homes located [0 mi, 0.5 mi), [0.5 mi, 1
mi), and [1 mi, 2 mi} away from an LSPVP, respectively. Our DiD
identification strategy is both transparent and intuitive. Specifically,
each of the 1,522 project cohorts represents a unique quasi-experiment
where the treatment group is homes located within [0 mi, 0.5 mi), [0.5
mi, 1 mi), and [1 mi, 2 mi) from a LSPVP and the control group is homes
located 2 to 4 miles from a LSPVP. For each of these 1,522 quasi-

experiments, our DiD framework then compares the sale price of
homes located close to a LSPVP to the sale price of homes located farther
away before and after LSPVP construction. The inclusion of distance bin-
by-project cohort FEs, dg, transaction year-by-project cohort FEs, i,
and transaction quarter-by-project cohort FEs, p,., imply that our esti-
mates are identified based only on within-project cohort variation in sale
prices and distance from a LSPVP. Cur coefficients of primary interest, §
s, therefore represent the average treatment effect over the 1,522 quasi-
experiments for homes located within each of our specified distance
bins.

Another advantage of our stacked DiD framework is that it avoids the
potential biases that can arise in standard DiD and event study models in
the presence of staggered timing of treatment with heterogeneous
treatment effects. Specifically, several recent studies have shown that
DiD specifications relying on the staggered timing of treatment for
identification may be biased in the presence of heterogeneous treatment
effects due to the contamination of treatment effects from early versus
later adopters from other relative time periods (Callaway and San-
t"Anna, 2021; Goodman.Bacon, 2021; Sun and Abraham, 2021). As
discussed by Cengiz et al. (2019} and Goodman-Bacon (2021), our
stacked DiD model avoids this potential source of bias by ensuring that
treatment effects are based only on within-project cohort comparisons.

22,2 Robustness checks

We investigated the rabustness of the base model given by (1) to the
choice of spatial FEs, time FEs, and treatnent and control categories
with three alternative specifications. Qur first robustness check added a
distance bin for homes located within 0.25 miles of a LSPVP.
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Specifically, we augmented the distance bins in (1) to include four
(rather than three) indicators for homes located in the [0 mi, 0.25 mi),®
[0.25 mi, 0.5 mi), [0.5 mi, L mi), and [1 mi, 2 mi) distance bins; the
indicator equals 1 if a transaction occurred within that distance bin in
the same year or after LSPVP construction started, and @ otherwise. This
specification allows us to investigate the presence of a home price effect
at even smaller distances. In our second robustness check we replaced
the year-by-project cohort and quarter-by-project cohort FEs in the base
model by a single vector of quarter-by-year-by-project cohort FEs to
allow for more granular frending of home values across quarters and
years. In our third robustness check we added the vector of A/D vari-
ables, consisting of distance and value bins described in section 3.1 to
account for any potential correlation between the A/D variables and the
timing and location of a LSPVP that may bias our base model estimates.’

3.2.3. Event study model

In addition to the base model specification in (1), we specified an
eventstudy model, which allowed us to test the parallel trends
assumption underlying the difference-in differences model and to allow
treatment effects to evolve non-parametrically post-construction, Spe-
cifically, we estimated a madel of the following form:

1
In {P‘-m;) = Z Ty + X+ 8 + A +pp + 60+ iiegign (2)
k==5

where Ty, represents a series of lead and lag indicators for when a
LSPVP began construction for each of the three distance bins defined in
{1). We re-centered Ty so that Ty always equals one in the year the
LSPVP began construction. We included a series of indicators from 1 to 5
years prior to a LSPVP being constructed (T_s 4 to T_; %), and a series of
indicators for 1-7 years after construction (T s t0 T7ie). The omitted
category for our treatment indicators (i.e. the reference year for all es-
timates) is the year of construetion start for a LSPVP (Tyia). thogppu 15 @
random disturbance term and all other terms are as defined in (1).

The coefficients of primary interest in (2) are the y’,(s. The estimated
coefficients on the lead treatment indicators (y g, .., ¥_;) indicate
whether the parallel trends assumption, which underlies all causal
claims based on DID models, appears to hold. Specifically, if LSPVP
installation induces exogenous changes in home values, these lead
treatment indicators should be small in magnitude and statistically
insignificant, implying that the price of homes located close to a LSPVP
(within 2 miles) were trending in a similar way to homes located farther
away (2 to 4 miles) prior to LSPVP canstruction. The lagged treatment
indicators (y,, ..., ;) allow the effect of distance to a LPSVP on home
prices to evolve over time in the post treatment period in a non
parametric way.

3.2.4. Heterogeneity analyses

We conduct four heterogeneity analyses using the baseline model
given by (1). First, we examined potential heterogeneity across states by
estimating (1) separately for each of the six states in our sample. Second,
we investigated the relationship between prior LSPVP land use and
property value impacts by dividing our sample into four groups: home
transactions near LSPVPs that were predominantly agricultural, green-
field, brownfield, or mixed land use prior to LSPVP construction. Third,
we investigated the relationship between urbanicity and property value
impacts by dividing our sample into one of the following U.S. Census
Bureau designations: urban, urban clusters, or rural, Finally, we inves-
tigated the relationship between praject size (area in square meters) and

& A total of 6,252 transactions occurred both within 0.25 mi of an LSPVP and
after that LSPVP was constructed.

7 For A/D distance bins, the omitted category is [2 mi, 4 mi) from a home; for
noise levels, the omitted category is the <45 dB category; for flood zone, the
omitted category is the missing category.
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property values by applying the base madel (1) to two subsets of the
data: home transactions near LSPVPs below the 50th percentile of LSPVP
areas and above the 50th percentile of LSPVP areas, where the S0th
percentile is calculated from the set of unique LSPVPs in our sample.

4, Results
4.1. Base model and robustness check results

Table 4 shows results for the base model given by (1) and the
rebustness checks described above. As shown in column 1, we find an
average 1.5% reduction in house prices for homes within 0.5 miles of a
LSPVP that transacted post-LSPVP construction, and an average 0.82%
reduction in home prices for homes 0.5-1 mi away from a LSFVP, Both
estimates are statistically significant at the 5 percent level or better. As
shown in column 2, we additionally find an average 2.3% reduction in
home prices within (.25 mi of a LSPVP. In both models, the estimated
treatment effects for homes located 1 to 2 miles from a LSPVP are quite
small in magnititde and statistically insignificant, suggesting that the
impact of LSPVPs on home values fades relatively quickly with distance
from a LSPVP. Further, all effects are monotonically ordered from
closest distances to further away, which meets a priori expectations and
provides us additional confidence in the model. As shown in columns 3
and 4 of Table 4, altering the time FEs by including quarter-by-year-by-
project cohort FEs or controlling for ather A/D does not notably alter the
estimates from the base model.

4.2, Event study results

In Fig. 7 we present results from our event study specification given
by (2), with coefficient estimates of our three distance bins shown as
lines, and 95% confidence intervals shaded in similar colors. Homes
located 2—4 miles from a LSPVP are once again the omitted category.
Despite some noise in the estimates based on sales that occurred four or
five years prior to LSPVP construction, in general there is very littde
evidence that home values were trending lower prior to the construction
of a LSPVP: all of the estimated pre-treatment effects are small in
magnitude and statistically insignificant. The lack of differential trend-
ing prior to the instailation of a LSPVP provides evidence that our main
identification assumption—the parallel trends assumption—holds.
Fig. 7 also shows a relatively clear decline in home values that starts
shortly after the beginning of LSPVP construction and continuas up to six
years post construction, The negative impact of LSPVPs on home values
is particularly pronounced for homes located ¢ to 0.5 miles from a
LSPVP where we see home values declining by 4 percent six years after
LSPVP construction.”

4.3, Heterogeneity analyses resuits

Fig. 8 shows results from all the heterogeneity analyses alongside the
base madel results; for ease of visualization, only the coefficients and
5% confidence interval for the 0-0.5 distance bin are shown, while
Table 5 through Table 8§ show more detailed results for each heteroge-
neity analysis. As shown in Tabte 5, which shows base model results for
individual states, changes in sales price arc not statistically significant
for CA, CT, and MA. However, MN, NC, and NJ, show a statistically

% When investigating results for individual stares, both for the event study
(section 3.23) and the heterogeneity analyses (section 3.2.4), our results
largely agreed with the results for the full & state sample. However, our indi-
vidual state estimates suffer from small sample sizes in individual time and
distance categories for the event study and in individual subcategories for the
heterageneity analyses, so results are less reliable. Therefore, we do not present
them in this paper. Results for individual states are available upon request fram
the authors
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Table 4
Average effect of LSPVP construction and proximity on home prices for all six states. Standard errors are clustered at the project cohort level and are in parentheses.

Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1

Dependent variable: the logarithm of house Base model Including 0-0.25 mi distance  Including quarter-year-project Including amenities and disamenities
prices {1} bin cohort FEs vector
Distance berween home and LSPVP: [0 mi, ~0.0226**
0.25 mi) (0.00767)
Distance between home and LSPVP: [0.25 mi, —0.0133"
0.5 mi) (0.00641)

Distance between home and LSPVP: [0 mi, 0.5 -0.0154** =0.0171%"* ~0.0170**"
mi) (0.00630) {0.00642) (0 00589)
Distance between home and LSPVP: [0.5mi, 1 -0.00820°* -0.00820°~ -Q.00941** 0.00987**
mi) (G.00413) {D.00413) {0.00424) (0.00403)
Distance between home and LSPVP; [1 mi, 2 ~0.000841 —0.000841 =0.00179 0.00131

mi) (0.00226) (0.00226) (000234} (0.00238)
Home charac teristics v v < 7
Distance-praject cohort FEs 4 v ¥ v
Sale year.project cohort FEs v o v
Sale quarter-project cohort FEs v v =
Census block group FEs /s v o s

Sale year-sale quarter-project cohort FEs 7

Amenides and disamenities v
Observations 1,837 888 1,832.888 1,826,915 1,778,533
R* 0835 0.835 0.839 0.835

[
r* = p.835, chservations = 2,832,888
4
Change in 2
price
compared
tosales
thatoccurred o =
2-4 Mi
away from
the nearest
LSPVP (34) s
-4
-6

-5 4 ] -2 -1 ] 1 2 3 § 5 &
Sale date - LSPVP construction date (years}

Distance between home and nearest LSPVP
s 0s0.5Mi = pge1mi === 1-2mi @  indicates statistical significance (p < 0.05)

Fig. 7. Average effect of proximity to LSPVP by year of sale relative to year of LSPVP construction; shaded area represents 95% confidence interval; x-axis label
represents lower baund of year range (e.g. —5 refers to all transactions that occwrred [-5, —4) years before the construction date of the nearest LSPVP).

significant negative effect of 4%-5.6%, more than double that of the LSPVP,we find that statistically significant home value reductions are
average across all states in the base model. In Table 6, where we examine only observed for homes nearest to LSPVPs that are sited on previously
potential heterogeneity by predominant prior land use of the nearest agricultural land.® These findings are consistent with the resulis in

% We also tested the base model for a sample of only homes nearest to LSPVPs
on previgusly forested land (MLCD classes of Deciduous Porest, Evergreen
Porest, or Mixed Farest) and found no statistically significant results with p <
01,

10
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Table 5

Effect of LSPVP construction and proximity on home prices in individual states, using base model specification. Standard errors are clustered at the project cohort level

and are in parentheses. Significance levels: ***p < 0,01, **p < 0.05, *p < 0.1

Dependent variable: the lagarithm of house prices CA CT MA MN NC NJ

Distance between home and LSPVE: [0 mi, 0.5 mi) 0.00893 0.0161 —-0.0144 -0.0395" -0.057a""" <(.05597%
{0.0106) {0.0314) (0.00892) {0.0174) (0.0148) (0.0114)

Distance between home and LSPVP. [0.5 mi, 1 mi) 0000849 0.0234 —0.(0%33** —0.0209%* —0.0473%** -0.0135"
0.00696) {0.0150) {0.00469) (0.00932) {0.0118) {0.00698)

Distance benveen home and LSPVP: [1 mi, 2 mi} 0.00296 0.01B6** ~0.00190 -0.0108% —Q0117*%= 0.00487
{0.00384) (0.00786) (0.00319} {0.00625) (0.00570} {0.00331)

Observaons 931,735 34,135 291,403 74,905 203,005 297,677

R* 0.881 0.774 0.777 0.708 0.735 0751

Table & Table 7

Average effect of LSPVP construction and proximity on home prices by pre-
dominant prior land use of nearest LSPVP o home, psing base maodel specifi-
cation. Standard errors are clustered at the project cohort level and are in
parentheses. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1

Average effect of LSPVP construction and proximity on home prices by home
urban, urban cluster, or rural designation, using base model specification.
Standard errors are clustered at the project cohort level and are in parentheses
Significance levels: ***p < 0.01, **p < 0.05, *p< 0.1

Dependent variable: Greenfickd  Agricultural  Brownfield  Mixed

the logarithm of

houge prices

Distance between —0.00646 —0.0302%°" 00122 ~0.0439
homa and LSPVP: (0.00960) {0.0107} (0.0159) (0.0445)
[0 mi, 0.5 mi)

Distance benveen =0.000991  =0.0202°°* ~0.00909 =0.00672
home and LSPVP: (004807 (0.00629) {0.0170) (0.0342)
(0.5 mi, 1 mi)

Digtance belween 0.000836 —0.00408 ~0.00483 —0.000377
home and LSPVP: (0 00248) (0.00498) (0.00739) (0.0191)
[1 mi, 2 mi)

Observations 1,074,492 577,769 147,951 12,967

R? 0.843 0.833 0.860 0.828

Dependent variable: the logarithm of Rural Urban Urban
house prices cluster
Distance between home and LSPVP: [0 —0.0418%%  0.0324 =0.00350
mi, 0.5 mi} (0.0156) {0.0524) (000619
Distance between home and LSPVP: -0.0201" 0.0221 ~0.00342
(0.5 mi, 1 mi) {0.0119) (0.0316) (0.00437)
Distance between home and LSPVP: [} 0.00775 -0.00597 0,00137
mi, 2 mi) {0.00613} {0.00856) {0.00222)
Observations 151,792 79,279 1,592,715
R? 0.803 0.785 0.845
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Table 8

Average effect of LSPVP construction and proximity on home prices by area of
LSPVP, using base model specification. Standard errors are clustered at the
project cohort level and are in parentheses. Significance levels: ***p < 0.01, **p
< 005, *p< 0.1

Dependent variable: the
logarithm of house prices

LSPVP area < SOth
percentile of area

LSPVP area > 50th
percentile of area

{75,138 m”) (75,138 m®)

Distance between home =0.00737 0.03054*
and LSPVP: [0 mi, 0.5 (0008947 (0.0138)
mi)

Distance behween home ~0.00483 ~0.01661*
and LSPVP: [0.5ms, 1 (0.00521) {0.00684)
mi)

Distance between home 0.00225 0.00841%*
and LSPVP: [1 mi, 2 mi} (0.00287) (0.00344)

Chservations 1,291 762 537,189

82 0.841 0.833

Table 7, which shows that statistically significant effects were only
observed for homes located in rural aceas. Finally, in Table 8 we examine
potential heterogeneity in property value impacts by the size of a LSPVP
project. Specifically, we split the sample based on LSPVP areas and es-
timate separate models for homes located near LSPVPs that are above or
below the median LSPVP area in our sample, Adverse effects are only
observed for LSPVPs with an area larger than the median area of all
unique LSPVPs in our sample'”,

5. Discussion

In this paper, we add to the growing body of research on the impact
of LSPVPs on residential home values. By assembling an analysis dataset
consisting of transaction data, an original dataset of LSPVP footprints, a
suite of environmental amenities and dis-amenities, urbanicity classifi-
cations, and historic land cover data, we answer two related research
questions.

First, we ask: what effect, if any, do LSPVPs have on residential home
prices? Acress the six states in the study area, we observe that homes
within 0-0.5 mi of an LSFVP that transact after a LSPVP is constructed
decline in sale price by an average of 1.5% compared lo homes 2-4 mi
away. At closer distances of 0-0.25 mi, the average decline in property
values is 2.3%. This effect fades at further distances from a LSPVP; we
observe a small adverse effect for homes 0.5-1 mi away of 0.8%, and no
evidence of an effect at distances beyond 1 mi. Our estimates are robust
to choices of time FEs and we control for other landseape characteristics
that could impact property values. Our resuits are consisient with some
prior literature (DhGes and Koster, 2021; Gaur and Lang, 2020) that find
an overall adverse impact of LSPVP construction on property values.

Second, we aslc: does the effect of LSPYPs on home prices differ based
on the state, the prior land use on which a LSPVP is located, the size of
the LSPVP, or the urbanicity of a home? When looking at individual
stales in our sample, we observe no effect on sales prices in CA, CT, and
MA, but find sale price reductions for homes 0-0.5 mi away from a
LSPVP of 4%, 5.8%, and 5.6% in MN, NC, and MJ, respectively. In those
states where we do observe sale price reductions, the effect fades as
distances from an LSPVYP increases, as with the full 6 state model, When
separating transactions by the prior land use and the area of the LSPVP
to which they are closest, as well as by the urbanicity of the home, we

'® e also tested the base mode! for two additional samples: homes near very
large LSPVPs (areas greater than the 75th percentile of aress of unique LSPVPs
in our samiple} and near very small LSPYPs (areas below the 25th percendle of
areas of unique LSPVPs in our sample). For both subsets of our data, we found
no statistically significant results with p < 0.1.
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abserve statistically significant effects only for transactions near LSPVPs
sited on previously agricultural land, transactions in rural areas, and
transactions near larger LSPVPs by area, We observe decreases of 3%,
4.2%, and 3.1% for homes within 0-0.5 mi of LSPVPs on previously
agricultural land, in rural areas, or near large LSPVPs, respectively,
compared to homes 2—4 mi away. In all three cases, these effects fade
with distance from a LSPVP. We observe no statistically significant effect
of LSPVP construction and proximity on home prices in other categories
for land use (greenfield, brownfield, or mixed land use sites), urbanicity
(urban or urban cluster regions), or LSPVP area (where areas fall below
the median LSPVP arca in our dataset). Looking at the heterogeneity
results by land use and urbanicity may help us understand the hetern-
geneity we observe by state: the states where we observe no statistically
significant difference in sales price (in CA, CT, and MA) are also the
states with lower proportions of LSPVP development on agricultural
land (Fig. 3. CA additionally has very few transactions in rural areas
(Fig. 4.

Our heterogeneity analyses show that the property value impacts of
LSPVP development are highly contextual, and reinforce scholarly ar
guments that research on public support for solar energy should consider
both project scale and proposed locations (MNilson and Stedman, 2022).
Specifically, our results point to the importance of understanding the
perceptions, economic impacts, and social dynamiecs of larger solar de-
velopments, rural developments, and developments built on previously
agricultural land. Broader social science scholarship can contextualize
these results: for instance, researchers have theorized that the siting of
rencwable energy in rural areas can counter personal, cultural, and
political representations and understandings of rural landscapes (Baiei
et al., 2015). Our observed heterogeneity may reflect how large, agri
cultural, or rural developments potentially conflict more directly with
those representations than smaller, non-agricultural, or urban de-
velopments. Furthermare, our results with respect to land use connect to
an emerging literature on the co-location of solar and agriculture; sur-
veys show that residents in agricultural communities are mare likely to
support solar development that integrates agricultural production
(Pascaris et al., 2022), though scholarly reviews nate that our under-
standing of perceptions of solar-agricultural systems remains limited
(Mamun et al., 2022).

6. Limitations and future work

A key limitation of our research approach is that we consider only
one aspect of the economic impacts of LSPVPs: property values. The
impacts of local energy development are also shaped by local tax reve-
nue and employment impacts, which have consistently been found to
result in positive benefits (Bruaner et al., 2021; Brunner and Scluwveg-
man, 2022a, 2022b}, as well as by LSPVP ownership structures. This
implies that homeowners can and do capitalize the positive impacts of
renawable energy into home prices. Because this analysis compared
home prices between homes around the same projects, any differences in
value as compared to homes not near any LSPVP, and thus not subject to
local tax or employment impacts, would have remained undiscovered.
Furthermore, to the extent that property value changes reflect the
revealed preferences of residents, they only reflect the preferences of the
subset of residents who are homeowners. Where homeownership rates
are lower — largely in urban areas, but in an increasing portion of rural
areas as well (Pendall et al.,, 2016) — property value changes may not
reflect the preferences of neighbors to the extent that they do where
homeownership rates are higher. Considering these varied economic
impacts would necessitate methodologies and data collection beyond
the hedonic DiD analysis used in this paper.

These limitations suggest two major avenues for future work. First,
more research attention is needed on the economic impacts of LSPYPs,
broadly understoed to encompass dimensions such as tax revenue,
awnership structures, or employment. Added research on the local
economic impacts of LSPVPs can position our findings on the average
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adverse impact of LSPVP development on home prices in a broader
context of economic benefits and burdens due te LSPVP development.
Second, more research is needed to understand the heterogeneity that
we observe with respect to larger, agricultural, and rural LSPVPs. Here,
surveys, qualitative research, mixed-methods, and case study-based
approaches may indicate how neighbors of LSPVPs engage differently
with their nearby solar installation based on its size, land use, or the
urbanicity of their home.

7. Conclusion and palicy implications

This paper provides some of the first comprehensive evidence on the
impact of LSPVPs on residential home values. Specifically, we ask: (1}
what effect, if any, do LSPVPs have on rasidential home prices and (2)
does the effect of LSPVPs on home prices differ based on the prior land
use on which an LSPVP is located, the size of the LSPVP, or the urban-
icity of 2 home? In our six-state study area (CA, CT, MA, MN, NC, NJ),
we find that homes within 0.5 mi of LSPVP experience an average home
price reduction of 1.5% compared to hemes 2-4 mi away; statistically
significant effects are not measurable over 1 mi from a LSPVP. These
effects are only measurable in certain states (MN, NC, and NJ), for
LSPVPs constructed on agricultural land, for larger LSPVPs, and for rural
homes,

Our study extends the existing literature in three ways. First, we
consider a larger sample, both in terms of transactions and LSPVPs, than
prior studies. Our six-state study area encompasses 53% of the toral MW
nameplate capacity of PV generators in the U.S, and our analysis
included evidence from over 1,500 LSPVPs and over 1.8 million home
transactions. The scope of our dataset allows us to provide average
impact estimates for a much larger set of LSPVP projects within the
Unired States. Second, to our knowledge, our study is the first study on
LSPVP property values impacts to use a dataset of LSPVP footprints (as
opposed to paint locations or approximations of LSPVP area using cir-
cular buffers). By constructing and using footprint data, we can more
precisely assess the land area and prior land use of LSPVPs, as well as
reduce measurement error when calculating distances between homes
and a LSPVP. Finally, we employ a stacked DiD specification with bin-
by-project cohort FEs, which not only advances the methodology used
for this type of analysis but also addresses recent concerns over DiD
specifications that rely on staggered timing of treatment.

Our findings have two main policy implications. First, they point to
the need for policy and development measures Lo ameliorate possible
negative impacts of LSPVP development in some contexts. Qur results
suggest that there are adverse property value impacts of LSPVP con-
struction for homes very close to a LSPVP and those predominantly in
rural agricultural settings arcund larger projects. But we find that most
impacts fade at distances greater than 1 mile from a LSPVP. In some
cases - for homes near large LSPVPs, and in the states of MN and NC -
negalive effects persist at distances greater than 1 mile but are smaller
than they are at nearer distances to a LSPVP. These results suggest that
care should be taken in siting LSPVPs near homes in some contexts.
Developers or policymakers considering siting LSPVPs very close to
hames have several tools to employ, such as compensation schemes with
neighbors and landscape measures like vegetative screening.

Second, the heterogeneity analyses reveal the importance of place
and project-specific assessments of LSPVP development practices
Although we find adverse impacts of LSPVP construction on property
values overall, we notably find no evidence of impacts in three states in
our study area - including in CA, which alone accounts for over half of
the transactions in our dataset. On the other hand, we do see evidence of
adverse property value impacts of LSPVPs in the other three states in our
dataset - including in MN, despite MN having arguably the most
resirictive state-wide laws on LSPVP development in high-value
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agricultural areas of the states in our study area (Bergan, 2021}, While
our sample for individual states was too small to conclusively explore
heterogeneity within states, our overall heterogeneity analysis suggests
that adverse impacts of LSPVP development are present specifically in
rural arcas, where LSPVP displaces agricultural land uses, and where
LSPVP installations are larger. For policy-makers, this heterogeneity
may point to the importance of carefully considering siting strategies for
rural, large, or agricultural installations — for instance, by exploring
ways to co-locare agricuoltural land uses and solar development. How-
ever, this heterogeneity does not mean that economic impacts are
negligible where property value impacts were insignificant (CA, CT, MN,
as well as urban, non-agricultural, and smaller developments): as dis-
cussed in section 6, many economic impacts remain undiscovered by our
methadology, some of which might increase home values, and future
policy-relevant research is needed to understand the economic impacts
of LSPVPs, broadly construed.

By combining a novel dataset of LSPVP footprints with home trans-
action data, our analysis provides comprehensive evidence that LSPVPs
have an average adverse effect on home prices, but notably shows that
these impacts are not uniform across geographies, land uses, or LSPVP
size. In doing so, we contribute to the emerging literature on the eco-
nomic impacts of LSPVPs and point to important avenues for future
policy discussions and research.
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Appendix

Table A.1
Retention criteria for transactions
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Condition for retention

Rarionale

Coordinate values are populated
Land area, year built, and home square footage are populated

Coordinates appear 20 times or jess

Property type is residential (including single family residence, condeminium, duplex,
aparument}

Transaction is categorized as arms length

Year of sale between 2000 and 2021

Sale amount is greater than 55000 or the 1st percentile of sale price {whichever value is
higher} and less than the 99th percentile of sale amaount values within a given state

Sale amount per unit area of living space is greater than the 1st percentile and Jess than
the 99th percentile of sale amount per unit area of living space values within a given
state

Land area is greater than the 1st percentile and less than the 99th percentile of land area
values within a given state

Froperty was built before 2020, and after the 1st pereentile of values for year built within
a given state

Sale amount is greater than the mortgage amount, or morigage antount is missing

Land aren is greater than living space area

Age of property (sale year minus year bullt} is non-negative

Bath variables representing land area converge within 0.01 acres

Deed is not categorized as fareclnsure

Sale occurred over one year after last recorded sale fior that property

Property address was not determined from mait

Coordinates are needed to obtain distances between homes and LSPVP, amenities, and dis-
amenilies

Land area, year built, and home square footage are essential poperty characteristics to
control for in analysis

Repeated, identcal coordinates for multiple properties may indicate data quality issue
Analysis only considers homes (i.e. residential properties) sold in arms length transactions
after the year 2000

Removing outliers from analysis

Any other relationship (between sale amount & morigage amount, land area & living space
area, sale year & year built, ser of variables representing land area) may indicate data
guality issues

Sale amount in a foreclosure may not accurately represent the value of 2 home

Removes potentially “Aipped ™ homes, or homes that undergo a rapid renovation and are
re-so0ld, from dataset. for those homes, characteristies in Corelogic dataset may not be
representative of charzcreristics after renovation

Address determined from mail may reflect the address of an absentee owner, not of the

physical property location

Table A.2
Ameuqity and dis-amenity data sources

Reference

Amenity/dis-amenity

Data source

Data description

Aviabion noise
Road noise

Flood zanes

Municipal, industrial,
and transfer landfills
State and nadonal parks

Muclear power
generation facilities
Coal power generation

facilities
Coastline
Lakes
High.voltage Lines

U.5. Deparoment of
Transpertation

U.5. Federal Emergency
Managemenl Agency
U.5. Department of
Homeland Security

Esri

National Insticute of Health
U.5. Envirenmental

Protection Agency
ABB Group

Raster representing approximate average noise energy due 1o wansportation noise
sources over a 24-h period at the receptor locations whera noise is computed, expressed
in decibels (dB)

Categorizes areas by tikelihoed of fload, ranging from minimal risk to 26% chance of
flooding over the life of a 30.year mortgage

Provides lecations of active permitted municipal solid waste facilities and construction
and demolition debris faclities,

Provides boundaries of parks and forests in the United States at the national, state,
regional, and local level

Provides Jocations of U.S. commercial nuclear power planis

Facility data (as of 2017} where primary or sccondary fuel type is coal-related (a.g.,
Coal, Coal Refuse, and Petroleum Coke),

Locations of U 8. coastline, including bays, river outlets, and Great Lakes

Locations of U.5. Jakes, represented as polygons

Transmission and distribution lines with a voliage of 100 V or greater, represented as
polylines

U.5. Department of
Transportation {2020)

Federal Emergency
Management Agency (2021}
Department of Homeland
Security (2020}

Esri (2021)

Hochstein and Szczur (20068)
U.5. Environmental

Protcetion Agency (20213
ABE Group (20203
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150 Hkery

Me Graw - HIll
Solar Farm

Fig, A.1. Satellite imagery showing examples of LSPVP centroids (blue dots) and pelygons {yellow shaded areas) near homes including homes that transacted during

our study period {pink dots); (a) McGraw-Hill Solar Farm, NJ and (b) [ntel Folsom, CA

Table A.3
Summary of dependent variables and property charactenisucs, CA
“ariable Description Mean Sid. dev. Min, Med Max.
sp Sale price (5) $457,797.53 $403,489.03 §35,500.00 $350,000.00 £3,998,000.00
Lsp log of sale price 1275 .75 10.48 12,77 15.2
Lsf Living area (It 1868.69 1026.22 102 1654.00 98,694,00
Acres Land area (acres) 0.336 07 0.018 0.165 7.231
Age Age of home at time of sale (years) 3694 2479 1] 34 112
Agesq Age of home at time of sale, squared (years?) 1979.42 2233.94 o 1156.00 12,544.00
Salesqrr Quarter of sale 2.3 .98 1 i 4
Calesyr Year of sale 2014 3 2003 2015 2020
Table A.4
Summary of dependent variables and property characteristics, CT
Yariable Description Mean Sid. dev Min. Med. Max.
Sp Sale price (3) $283,251.18 $184,202.97 4$26,000.00 $239,900.00 51,640,000.00
Lsp log of sale price 124 0.56 1049 12.39 14.31
Lsf Living area (ft}) 1916.21 951,46 196 1669.00 35,170.00
Acres Land area (acres) 0.818 1.114 0.07 0.41 951
Age Age of home at time of sale (years) 50.74 33.65 0 58 iz
Agesq Age of home at time of sale, squared (yearsh) A700.55 5311.95 L] 3364.00 44 944.00
Salesqtr Quarter of sale 232 0.23 1 2 4
Salesyr Year of sale 2017 2 2011 2018 020
Table A.5
Summary of dependent variables and property characteristics, MA
Yariable Description Mean Std. dev. Min. Med. Rfax.
Sp Sale price () $428,122.04 £234,039.71 £5100.00 $350,000.00 $2,199,000.00
Lsp log of sale price 12,78 0.63 B8.54 1279 14.6
Lsf Living area ") 201936 961.96 173 1802.00 35,721.00
Acres Land area (acres) 0.584 0.764 0.03 0.315 5.6
Age Age of home at dme of sale (vears) §2.74 38.25 1] 58 209
Agesq Age of home at time of sale, squared Lyearsz} 5399.73 5946.47 1]} 2354.00 43,681.00
Salesqtr Quarter of sale 2,38 0.84 1 2 4
Salezyr Year of sale 2015 K] 2005 2016 2020
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Table A.6
Summary of dependent variables and property characteristics, MN
Variable Description Mean Std. dev. Min Med, Max.
Sp Sale price ($) $274,027.53 $152,774.95 $5500.00 £240,000.00 §1,292,000.00
Lsp log of sale price 1238 0.56 8.61 12.39 14.08
Lsf Living area (f%) 1956 58 978.6 155 1740.50 42,840.00
Acres Land area {acres) 0.612 1.316 0.02 0.26 11.87
Age Age of home at ime of sale (years) 42,03 3121 0 35 134
Agesq Age of home at time of sale, squared (years?) 2739.86 3587.53 0 1225.00 17,956.00
Salesqir Quarter of sale 231 0.82 1 2 4
Salesyr Year of sale 2016 2 2010 2016 2020
Tahle A.7
Summary of dependent variables and property charactenistics, NG
Yariable Description Mean Std. dev. Min, Med. Max
Sp Sale price ($) $233,970.66 5169,170.45 $5050.00 $194,000.00 $1,499,500.00
Lsp log of sale price 1212 0.75 852 1218 1422
Lsf Living area (ft)) 209102 1110.70 150 1852.00 120,215.00
MAcres Land area (acres) 0.788 1.437 0021 0.36 14.14
Age Age of home at ime of sale (years) 29.48 24.08 0 22 114
Agesq Age of home at Gme of sale, squared (years?) 144856 2083.56 0 484 12,996.00
Salesqir Quarter of sale 2.26 0.96 1 2 4
Salesyr Year of sale 2016 3 2004 2018 220
Table A.8
Summary of dependent variables and property characteristics, NJ
Yariable Deseription Mean Std. dev. Mir, Med. Max,
Sp Sale price ($) $390,953.28 $243,373.52 $5143.00 5340,000.00 $1,599,959.00
Lsp log of sale price 12.68 0.66 B.55 12.74 14.29
Lsf Living arca (fll',l 1959.42 86899 160 1786.00 19,176.00
Acres Land area {acres) 0.323 0.656 0.006 0.185 6.167
Age Age of hame at time of sale (vears) 56.92 30.02 o] 57 139
Agesq Age of home at time of sale, squared (years®) 4140.35 3664.38 0 3249.00 19,321.00
Salesqtr Quarier of sale 2.3t 0.86 1 2 4
Salesyr Year of zale 2014 q 2004 2014 2020
Table A.9

Categorical variables representing property characteristics {* = omitted
category In regrassions)

Variable Calegory

Fullbaths Number of full bathrooms missing "
1 full bathroom
2 [ull bathrooms

3 full bathrooms
4 full bathrooms
2 5 full bathrooms
Actype Air condltioning code missing*
Central AG
AC type unknown
Refrigeration AC
Separate AG sysiem
No AC
Evaporatve AC
All other types of AC
Constrtype Construction type missing*
Wood construction type
Frame construclion type
Wood metal/frame construction type
All other construction types
Healtype Heating type missing™
Central heat
Farced air
Unlinown heating type
Forced hot water

{continued on next page)
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Table A9 (continued )
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Variable

Categary

Extwalltype

Fireplace

Garagecode

Stories

View

newconsiruction

Heat pump

Hot air

Floor/wall furnace

Mo heat

Steam

All other heating types
Exterior wall type missing”
Stucco

Framg

Vinyl

Aluminum/vinyl

Wood siding/shingle
Brick

Aluminum siding

Woad siding

Waoad

Al cther wall codes

No fireplace indicated*
Fireplace present
Garage (ype missing®
Undefined garage type
Attached

Anached frame
Undefined type — 2 car
Detached

Finished

Basement

Carport

Undefined type - 1 car
Frame

Anached finished
Afntached garage/carpost
All other garage codas
Number of stories missing*
0 to 1 stories

1 to 2 stories

2 to 3 srories

>3 stories

View category missing®
Averagre view

All other view categories
Mew constriucton not indicated™
New constLriction
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