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sustaining intact healthy ecosystems in the Richmegubn. Spatial regression analyses helped
illuminate how land cover patterns influence sale prices and landscape patterns that are

economically and ecologically advantageous.
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INTRODUCTION

The spatial distribution of land cover is a topic of interdisciplinary interest. Land use
involves how land is classified, modified, and managed. In urban and regional planning land use
is influenced by development and the locations of infrastructure. Land cover represents physical
attributes present on land. In environmental studies, land cover is understood to influence habitat
quality, species distribution, and ecosystem services (Satir, 2016). Together, land use and land
cover (LULC) patterns across a landscape hold important implications for the human and natural

environment.

Issues of LULC planning are of particular relevance in Richmond, Virginia. The
Richmond region is experiencing rapid development. In the 1990s, the region’s population grew
by 17%, outpacing the state growth rate of 14.4% and the national growth rate of 13.2%
(Southern Environmental Law Center, 2010). It is estimated that the region’s population will
continue to increase 12% each decade between 2010 and 2030 (Southern Environmental Law
Center, 2010). Employment, also on the rise in the Richmond region, is projected to increase by
13.53% between 2012 and 2022 (Virginia Employment Commission, 2015). Sprawling, low
density LULC development patterns in recent decades have caused the Richmond region to have
the highest rate of land conversion of any other metro area in Virginia (Southern Environmental
Law Center, 2010). If these development trends continue, the Richmond region will develop

more land in the next 20 years than in the past 400, (Southern Environmental Law Center, 2010).



Altering LULC patterns to accommodate urban and suburban development has undeniable social

and economic benefits, but too often these benefits come with significant environmental costs.

LULC and the Environment

Converting land from natural cover to a developed condition yields negative
consequences for habitat quality at the site of conversion and in nearby areas that remain
undisturbed (Mortberg, 1998). These unfavorable ecological outcomes have been realized in the
altered ecosystem dynamics of forests and grasslands (Trimble, 1999), species composition of
streams (Harding, et al. 1998), and soil chemistry (Burke, et al. 2014). Ecologists and
conservationists have come to recognize changes in ecosystem function associated with
ecosystem degradation as a primary consequence of changes in LULC (Foster et al., 2003).

LULC change creates an uneven mosaic of fragmented natural and anthropocentric land
covers. Ecosystem fragmentation limits abiotic ecosystem function as it prohibits the transfer and
distribution of matter and nutrients between systems (Nagasaka & Nakamura, 1999).
Fragmentation limits habitat availability and an organism’s ability to move across a landscape
between potentially suitable habitat areas, or patches (Turner, 1989). Variation in habitat patch
size and shape influence which organisms and ecological systems can persist therein. Patch size
has been positively correlated with species and habitat diversity (Burgess and Sharpe, 1981), that
is, species and habitat diversity are generally greater in larger patches. Complexity in patch shape
- the ratio of patch edge length to patch interior area - has been linked to greater wetland function
and higher species diversity (Harris, 1988; Robinson & Quinn, 1988). Together, a patch’s size
and shape significantly influence its ability to sustain diverse and resilient ecological

communities.



As the scale of analysis moves from the individual patch level to the landscape level
where several patches can be analyzed as a group, the contiguous space between patches
becomes an additional influence on overall habitat quality. Distance between patches impacts
how individuals and populations are able to move across a landscape. As the distance between
patches increases, organisms find themselves less able to navigate their landscape successfully
(Bélisle, et al. 2013). Individual patch variables in combination with the overall spatial
distribution of patches contribute to habitat quality at the landscape level.

Some LULC patterns are better for preserving healthy ecosystem function and diversity
than others. LULC patterns with larger, more contiguous habitat patches are generally preferable
to those featuring smaller, more isolated habitat patches. In order to contextualize changes in
local LULC within larger landscape patterns, conservation biologists have developed landscape
indices to evaluate LULC patterns for ecological quality (O’Neill et al., 1988). Landscape
indices theory grew out of island biogeography, which contends that large islands are able to
support more species than small ones. When considering landscapes, this theory can be applied
to a single, natural patch that remains when changes in LULC occur. Landscape indices may be
applied to an individual patch, a group of patches of the same LULC type, or to a landscape of
interest, where all LULC types present are considered together as part of the landscape’s overall
habitat quality. Landscape indices have become an increasingly popular tool for quantitatively
evaluating landscape patterns and their ability to support species and ecosystem function.
Landscape indices also allow multiple ecosystem processes to be considered together when
attempting to quantify ecosystem function (Geoghegan, et al. 1997). Despite a reasonable
understanding of which LULC patterns are best for preserving habitat, there is less understanding

of how these patterns are valued by humans, if at all.



LULC and Economics

Environmental economics helps assign monetary value to environmental goods and
services through various valuation methodologies. Hedonic pricing has become a popular
statistical method in environmental economics for assessing environmental amenities. Widely
used since the 1950s (Geoghegan, et al. 1997), the hedonic pricing method estimates how
property value will change based on changes in property characteristics. Traditional hedonic
pricing methods generally consider characteristics of a property (lot size, number of bedrooms,
number of bathrooms) in conjunction with surrounding neighborhood characteristics such as
median household income, crime rates, and education levels, and environmental attributes such
as soil erosion (Dorfman, et al. 1996), tree cover and (Sander, et al. 2010), or air quality (Ridker
& Henning, 1967).

Property location and amenities surrounding a property are two of the most important
considerations in assessing property value. The application of hedonic pricing methods to natural
LULC characteristics is a growing area of study with variable results (McConnell & Walls,
2005). In examining a property’s proximity to natural areas, it has been found that increased
proximity yields higher property sale prices in some instances (Lutzenhiser and Netusil, 2001)
and lower property sale prices in others (King et al., 1991). Results surrounding the relationship
between property sale price and the amount of natural LULC cover have been more consistent.
Generally, as the amount of natural LULC cover around a property increases, the sale price of
that property also increases (Anderson & West, 2003, Gibbons et al. 2010). Heterogeneity in
LULC patterns has also been found to influence property sale price. As LULC patterns become
more heterogeneous, property sale prices generally decrease (Acharya & Bennett, 2001; Ham et
al, 2012). Together, the amount of natural LULC cover and the distribution patterns of LULC

types have been found to influence property sale prices.
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Land conversion places humans in direct competition with species dependent on large,
intact habitat areas. This poses a serious challenge to urban and regional planners tasked with
guiding future development in the region. It is of interest to better understand how ecologically
valuable LULC characteristics can be assessed through hedonic pricing methods. Exploring this
relationship can provide information for appropriate decision making around planning and
development strategies aimed at enhancing the human and natural environments of the
Richmond region.

Residential property prices and land use patterns are spatial data that can be visualized
through Geographic Information Systems (GIS) and analyzed with spatial statistics. GIS is a
powerful tool for the analysis, manipulation, display, and interpretation of spatial or geographical
data. It has been used in innumerable environmental and ecological applications (Larondelle &
Haase, 2013) as well as in urban planning and economics (Liu, et al. 2012). This study builds
upon previous research work utilizing GIS and spatial econometrics (Bockstael, 1996) to
evaluate the relationship between home sale price and LULC characteristics.

The objectives of this study are to: (1) examine the relationship between the sale price of
residential single family homes sold within the study area during calendar year 2014 and the
amount of natural land cover around sold properties; (2) examine the relationship between
landscape indices and home sale price within the study area; and (3) examine variation in
hedonic models when applied at different spatial scales. The null hypothesis of the study is that
there is no relationship between property sale price and natural land cover or landscape index

Scores.



STUDY AREA

The study area is located in the Richmond Metropolitan Region in Virginia, U.S.A. The
study area boundaries are defined as the cities and counties within the Richmond Regional
Planning District (RRPD) and includes eight member governments; Charles City, Chesterfield,
Goochland, Hanover, Henrico, New Kent, and Powhatan Counties; and the City of Richmond.
The RRPD covers 2,165 square miles and as of the 2010 census had a population of 1,002,696
people. This area has experienced extensive suburban development, and contains a mix of land
use types, ranging from highly urbanized and suburban to agricultural and natural land cover.

Data collected within the study area are listed and described in Table 1.



METHODS

Real estate descriptive information, sales data, and geospatial data layers were obtained
from GIS, real estate, and appraisal offices in each locality within the study area. All spatial
analysis was conducted using the ESRI ArcGIS 10.2 platform. Tools referenced in following
sections were executed within ArcGIS unless otherwise specified. Using the Project tool with
datum transformation, all geospatial data layers were re-projected from their native projection to
Virginia Lambert Conformal Conic, North American Datum (NAD) 1983, in units of meters.

Property data were supplied in Excel, Access, or Text file formats. Property data were
paired with corresponding spatial parcel coverage data using the Join Command based on a
common unique identification number between data sets. The Search by Attribute command was
used to isolate property sales of single family homes that occurred within calendar year 2014. All
property sales records with a recorded sale price of zero or “No Data” were excluded from
further analysis. Property data were organized and paired with parcel coverage data separately
per each locality due to variations in data formats and organization among localities.

Once all property data were joined with property parcel data for each locality, polygon
feature classes for property parcels were converted to point feature classes using the Feature to
Point tool with the Inside option selected to ensure generated points fell within original parcel
boundaries. A new unique identification code system was developed and applied to each parcel
point across all localities in the study area. Parcel points and corresponding property and sale

data were then merged using the ArcGIS Append tool to create one spatially continuous dataset



for the entire study area. Acreage for each parcel was calculated using the Calculate Geometry
tool.

GIS road centerline data were downloaded from the Virginia Information Technology
Agency (VITA, 2015). The Clip tool was used to clip state road coverage to include only those
roads within the study area. Roads are classified as local, minor collector, major collector, minor
arterial, principal arterial, major arterial, or interstate. Roads classified as local were excluded
from final analysis. The Euclidean distance between each parcel point and the nearest road
classified at a higher order than local was calculated using the Near tool. Euclidean distance is
intended to capture part of the ambience around a home. Greater proximity to a busy road is
considered a negative externality because it introduces the possibility of increased noise
pollution and an unattractive viewshed from a property. Euclidean distance was calculated
instead of driving distance because the GIS road centerline data used in this analysis is not
equally precise in each county. This made it impossible to accurately estimate driving distance
from each parcel point to the nearest busy road in each county within the study area.

Spatial coverage for 2010 census tracts in Virginia is a Topologically Integrated
Geographic Encoding and Referencing product downloaded from the US Census Bureau and re-
projected from their native projection to Virginia Lambert Conformal Conic NAD 1983. The
Clip tool was used to clip census tracts to the study area. Median household income for each
census tract was downloaded from the United States Census Bureau 2009-2013 American
Community Survey five year estimates for 2013. Median household income data were joined to
spatial census tract data using a join command based on a common identification code between
the two datasets. The Identity tool was used to associate each parcel point with its corresponding

census tract number and associated median household income.



Data from the National Land Cover Dataset (NLCD) for the 2011 land cover layer for the
conterminous United States were downloaded from the United States Department of Interior.
The NLCD is the definitive Landsat-based, 30-meter resolution, land cover database for the
nation (Homer, 2015). The NLCD data coverage were clipped to the study area and re-projected
from their native projections to Virginia Lambert Conformal Conic NAD 1983.

The NLCD data were converted from raster data type to vector data type using the To
Shapefile tool. The Buffer tool was used to generate buffers at a 0.25 mile radius and a 1.0 mile
radius around each parcel point. The Tabulate Intersection tool was used to calculate the percent
coverage of each NLCD land cover type within the 0.25 mile and 1.0 mile buffers around each
property sale point. The 0.25 mile radius buffer zone is intended to capture what was
immediately adjacent to the property while the 1.0 mile radius buffer zone is intended to capture
the larger neighborhood within easy walking distance of the property and possibly within its
viewshed. Additionally, real estate appraisals generally consider amenities within one mile of a
property when assessing home value.

A new field was added to the attribute table for “natural” land cover. The field calculator
tool was used to sum the percent coverages for Deciduous Forest, Evergreen Forest, Mixed
Forest, Shrub/Scrub, Grassland/Herbaceous, Woody Wetlands, and Emergent Herbaceous
Wetlands to estimate the percent coverage for all natural land cover within each buffer area. The
natural land cover attribute is intended to simplify model estimation and coefficient
interpretation. Additionally, for the purpose of this study, it is of greater interest to assess how
any natural area, regardless of type, influences sale price. From an ecological perspective, all
natural land is valuable and the intent of this study is not to advocate for one natural land cover

type over another.



Fragstats

FRAGSTATS was used to generate scores for four landscape indices listed in Table 1.
Metrics were calculated within the 0.25 mile radius buffer zone and 1.0 mile buffer zone areas as
described above. Landscape indices included in this study were selected because of their relation
to how humans might value the landscape and to LULC patterns significant for species success.
The Patch Richness Index (PR) calculates how many land cover types are present within a given
area. Higher PR scores, indicating more land cover types present, could negatively influence
property value as it may imply a greater likelihood of nearby land uses that present negative
externalities (Geoghegan et al. 1997). Additionally, a higher PR score indicates more diversity in
land cover types present and potentially a more heterogeneous landscape, less suitable for
sustaining high quality habitat areas. Largest Patch Index (LPI) measures the proportion of the
most abundant land cover type present within a given area. Lower LPI scores indicate a
landscape is less homogeneous with a potentially greater likelihood of exposure to negative
externalities and lower probability of species success. The Contagion Index (CONTAG) ranges
in value from zero to 100 and measures the degree of adjacency between cells of the same value.
A low CONTAG score indicates a low degree of adjacency between cells of the same value
(more heterogeneous coverage) within a given area while a high CONTAG score indicates a high
degree of adjacency between cells (more homogeneous coverage) of the same value within a
given area (Turner, 1989). This measure is important from an ecological perspective as it is
desirable to have natural areas clumped close together to facilitate the movement of species and
matter through a habitat system. Simpson’s Diversity Index (SIDI) represents the probability that
any two cells, selected at random, will be of the same LULC type. Lower SIDI scores represent
areas with low LULC diversity. Higher SIDI scores represent areas where more LULC types are
present and the proportional distribution of area among LULC types is more even. SIDI can be
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interpreted as a score for LULC diversity and evenness, not as LULC spatial heterogeneity.
Together, these landscape indices reflect overall fragmentation and habitat quality at the
landscape level. More detailed descriptions of landscape indices selected for this study are

provided in Table 2.

Statistics

R Project for Statistical Computing (R), version 3.2, was used to conduct statistical
analysis for this project. Prior to any analysis, all data were log transformed. Transforming the
data into the log form allows estimated coefficients to be considered in terms of percent change,
irrespective of different units of measure for each explanatory and independent variable, so that
coefficients can be compared to each other in terms of elasticities. A forward stepwise
regression was used to build a predictive model for sale price. Data were divided by county as it
was beyond the computing power of R to continue modeling the study area as a whole. New
Kent County and Charles City County were combined and treated as one county as neither
county had a large enough dataset to be effectively modeled alone. The Moran’s | statistic was
used to test for and evaluate the degree of spatial autocorrelation between data observations in
each county.

Seven spatial weight matrices, one for each county model, were created to quantify the
degree of spatial dependency between data observations, i.e. how observations with locational
similarity are matched in terms of attribute similarity. Spatial weights in each matrix were
assigned using the k-nearest neighbor method, which assigns an equal number of neighbors to
each data observation. This method is recommended in instances where data are unevenly
distributed across a surface (Anselin, 2002), as is the case in this study considering the variability
in distance between property parcels in urban, suburban, and rural areas. For each data point in

the matrix, the eight closest points based on Euclidean distance were assigned as neighbors.
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A spatial durbin error model (SDEM) (equation 1) is used to estimate coefficients for
explanatory variables selected by the forward stepwise regression process. SDEM is a variation
on the more traditional OLS regression and is used here for two reasons. First, the SDEM
accounts for spatial distribution of data observations within the study area (LeSage, 2009). A
standard OLS regression assumes data observations are independent. However, as per Tobler’s
first law of geography: “Everything is related to everything else, but near things are more related
than distant things” (Tobler, 1979), spatial data observations are not independent. Neglecting to
account for error caused by spatial dependency can result in misinterpreting the statistical
significance of coefficients. Second, data in this study do not exhibit endogenous interaction and
feedback effects, implying a local spillover effect among data. That is, we do not expect the sale
price of a property in one county to have significant bearing on the sale price of properties in
neighboring counties. In this case, it is advisable to use SDEM (LeSage, 2014). Seven SDEM

models were estimated, one for each county.

Equation 1 — SDEM model:
In(y) = Info+ Piln(X)+ 2Win(X) + AW u + ¢
e ~ N, 62 Iv)

In this model specification, y represents the dependent variable (sale price) and X
represents independent variables — real estate information, neighborhood characteristics,
landscape index scores. Sy represents the intercept term — the predictive log of the response when
all other variables are equal to zero. f; and S are coefficient estimates. The spatial weights
matrix W is of dimension n X n where n is the number of observations where each observation
represents a location. 4 is a scalar parameter representing spatial dependence between

neighboring data points. Spatial disturbance is represented by u. The term ¢ represents the error
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term. Taking the SDEM model is the log-log form allows coefficient estimates to be interpreted
in terms of elasticities, regardless of different units of measure for independent variables.
Hedonic models in the log-log form have also been shown to yield higher adjusted r-squared

values, giving preference to the log-log model specification, (Irwin, 2002).
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RESULTS

One Mile Analysis Area

Table 4 reports coefficient estimates and the Nagelkerke pseudo-R-squared score for each
county SDEM model using one-mile area analysis data. The Nagelkerke pseudo-R-squared score
indicates the percentage of variability in sale price explained by the SDEM model applied in
each county. Chesterfield County has the highest Nagelkerke pseudo-R-squared score (0.679),
New Kent/Charles City Counties have the second highest Nagelkerke pseudo-R-squared score
(0.677). The SDEM model applied in these counties each explain nearly 70% of the variation in
sale price in these counties, indicating there is less omitted variable bias in these two counties as
opposed to other counties in the study.

Real estate variables considered desirable property amenities display positive
relationships with sale price overall. Referring to Table 4, square feet is positive and statistically
significant (p<0.1) in every county except the City of Richmond where square feet has a
negative, statistically significant relationship with sale price. Bedrooms is statistically significant
and positive in Chesterfield, Henrico and New Kent/Charles City Counties. Bedrooms is
statistically significant and negative in Powhatan and otherwise insignificant. Full Baths and
Half Baths both have positive coefficients and are statistically significant in Chesterfield,
Henrico, New Kent/Charles City Counties and the City of Richmond. Otherwise, Half Baths is
insignificant. Full Baths is also statistically significant and positive in Hanover County. Acres

has a positive coefficient and is statistically significant in all counties except for Hanover and
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Powhatan Counties. Home age, generally considered undesirable in a home, is negative and
statistically significant in Chesterfield, Henrico, New Kent/Charles City Counties, and the City
of Richmond. The Number of Stories is positive and statistically significant in Goochland
County and is statistically significant and negative in Chesterfield County. Variability in
coefficient signs may be attributable to omitted variable bias and unobserved interaction between
study variables and variables not included in this study. Referring to Table 4, we see Goochland
County and Hanover County have the two lowest Nagelkerke pseudo-R-squared scores,
indicating the variables included in the models for these counties are not as accurate in
explaining variability in sale price as in other counties where Nagelkerke pseudo-R-squared
scores are higher. Including other variables that account for differences in real estate markets,
such as population density, could reduce omitted variable bias between counties.

Median Household income has a positive relationship with sale price in every county.
People living in wealthier census tracts can afford to buy more expensive homes. This trend is
obvious in Table 3. Goochland, the county with the highest average median household income
($48,028) also has the highest average sale price, $415,271. Chesterfield, the county with the
second highest average median household income ($47,554) has the fourth highest average sale
price, $252,861. Hanover County has the third highest average median household income
($46,478) also has the second highest sale price, $263,401.

LPI is observed to have a statistically significant and positive relationship with sale price
in New Kent/Charles City Counties (Table 4.7) and in Henrico County (Table 4.3). LPI is
insignificant in all other counties. CONTAG is significant and has a positive relationship with
sale price in Chesterfield County (Table 4.1) and Henrico County (Table 4.3). CONTAG is
insignificant in all other counties. PR has a significant, negative relationship with sale price in
Chesterfield County (Table 4.1) and New Kent/Charles City Counties (Table 4.7). PR is
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insignificant in all other counties. SIDI has a significant and positive relationship with sale price
in Chesterfield (Table 4.1), Henrico (Table 4.3), and New Kent/Charles City Counties (Table
4.7). SIDI is insignificant in other counties. Percent natural land cover has a significant and
negative relationship with sale price in Richmond City (Table 4.6), New Kent/Charles City
(Table 4.7), Chesterfield (Table 4.1), and Hanover Counties (Table 4.3). Within one mile of a
home, we observe higher sale prices associated with landscapes that have fewer LULC types
present (PR) in a more even distribution pattern (SIDI). We can also interpret higher sale prices
to be associated with landscapes that exhibit more aggregated distribution of like LULC types
(CONTAG). Using Chesterfield County as an example, a 1% increase in CONTAG equates a 7%
increase in sale price (Table 4). Based on a $252,861 mean sale price, this is represents a
$17,708 increase in sale price. At the one-mile level of analysis, the percent coverage of natural
land cover has a statistically significant and negative relationship with sale price in Chesterfield
(Table 4.1), Hanover (Table 4.4), and New Kent/Charles City County (Table 4.7) and the City of

Richmond (Table 4.6).

Quarter Mile Analysis Area

Table 5 reports coefficient estimates and the Nagelkerke pseudo-R-squared for each
county SDEM model using quarter mile area analysis data. New Kent/Charles City Counties
have the second highest Nagelkerke pseudo-R-squared score (0.671). The SDEM model applied
in these counties explain 67.1% of the variation in sale price in these counties, indicating there is
less omitted variable bias in these two counties as opposed to other counties in the study.

Referring to Table 5, we see that Number of Stories was dropped from the model by the
forward stepwise regression while Euclidean Distance to Road was included by the forward
stepwise regression. This could be due to the presence of a busy road within a quarter mile of a

property introducing undesirable noise and views, reducing sale prices. The coefficient for
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Distance to Road is positive in Chesterfield (Table 5.1), Henrico (Table 5.3), New Kent/ Charles
City Counties (Table 5.7), and the City of Richmond (Table 5.6). Otherwise Distance to Road
has a negative coefficient. Square Feet has a positive coefficient in in every county except
Henrico County (Table 5.3) and the City of Richmond (Table 5.6). Bed Rooms, Full Baths, Half
Baths, Acres, Home Age, and Median Household Income all have the same coefficient signs in
the same counties as in the one mile analysis (Table 5 and 4).

LPI is the only landscape index significantly predictive of sale price within a quarter mile
of sale locations. Of all the counties, LP1 is observed to have a positive relationship with sale
price in Chesterfield and New Kent/Charles City Counties. Natural land cover was not found to

be predictive of sale price in any county within one quarter mile of sale locations.

Comparative Analysis

Table 6 summarizes comparative SDEM model results using one-mile data and variables
selected through the quarter mile forward stepwise regression process. All else held equal, LPI is
observed to have a significant and positive relationship with sale price in Chesterfield (Table
6.1), Powhatan (Table 6.5), New Kent/Charles City (Table 6.7) at the one-mile level of analysis.
LPI expresses a significant and negative relationship with sale price in Goochland County (Table
6.2). In a comparative analysis we see LPI as a significant predictor of sale price in more
counties at the one-mile level of analysis than at the one quarter mile level of analysis. In this
analysis LPI has a statistical significance in more counties than in the previous one mile analysis.
Based on the signs of the coefficients for LPI in this analysis (Table 6) there are different

interactions between LPI and sale price among counties.
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DISCUSSION

This study uses hedonic pricing to explore the relationship between property sale value
and ecologically valuable LULC characteristics in the Richmond region. This study found that
the amount of natural land cover around a home either has no relationship with sale price or, as
the amount of natural land increases, sale price decreases by at least $667 (Table 4.1).
Additionally this study found there is a relationship between property sale price and LULC
patterns. Sale prices are several thousand dollars higher where LULC patterns are less
fragmented. The scale of analysis also plays a role in how LULC patterns are valued. Sale prices
are higher where the landscape within a quarter mile of a home is dominated by a single LULC
type. Within one mile of a home, sale prices are higher where fewer LULC types are present on
the landscape and where the pattern of LULC distribution is more homogeneous. These results
have implications for urban and regional planning, especially in light of current development

rates in the Richmond region.

Natural Land Cover

The amount of natural land cover surrounding a property was found to have no
relationship or a negative relationship with a property sale price. Evaluated at mean sale price,
natural land cover lowers sale prices in Chesterfield County by $667 (Table 4.1), by $2,352 in
Hanover County (Table 4.4), by $2,338 in New Kent/Charles City Counties (Table 4.7) and by
$16,471 in Richmond City (Table 4.6). This may result more from how natural land was
measured and may not necessarily indicate negative values. Previous research (Schultz & King,
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2001) found increased presence of natural land considered ecologically valuable was associated
with lower sale prices in urban areas. In the same study, sale prices were found to be higher
where natural areas supportive of recreational activities, such as golf courses, were present.
When studying the valuation of natural land in rural landscapes in Michigan, Ma and Swinton
(2011) found a positive relationship between sale price and natural land areas with greater
opportunities for recreational use. The negative relationship between natural land cover and sale
price observed in this study could be partially due to not accounting for recreational use in
natural areas.

In comparing the magnitude of impact of natural land cover, we see variability in
influence on sale price between Richmond (Table 4.6) and New Kent/Charles City Counties
(Table 4.7). In Richmond, the magnitude of impact is less than other statistically significant real
estate variables. Bedrooms for example, is found to increase sale prices by 17.4%, or $41,053
(Table 4). This suggests natural land cover is less influential on sale price than other real estate
variables in Richmond. In New Kent/Charles City Counties, natural land cover has a lower
magnitude of impact than real estate or neighborhood variables. The same relationship and
overall magnitude of impact is also observed in Chesterfield County (Table 4.1), and Hanover
County (Table 4.4). Compared to other statistically significant variables, the magnitude of
impact for natural land cover is lower than real estate variables and comparable to neighborhood
variables. The influence of natural land cover on sale price varies between counties and there
may be some factor related to rural or urban development characteristics between and within
counties that shape this variability.

Limitations with natural land cover data used in this study should be considered as part of
the overall interpretation. The NLCD dataset used to calculate the percent natural land cover is
coarse — 30 meters square. At this scale, it is possible that some parks, green spaces, or natural
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areas were not captured in this analysis. Also, no delineation was made between the types of natural
land use present around properties or what the land is used for, i.e recreational park vs. a closed
wildlife refuge. Previous research has demonstrated the importance in categorizing natural land
before attempting to apply hedonic valuation as there is a preference among people regarding what
type of natural land they are proximate to (Ma & Swinton, 2011). Additionally, The NLCD data
used in this study does not account for public parks, rather, the data is trained to recognize areas
with greater than 10 percent tree-crown areal density as forest cover (Anderson, 1976). This
classification criterion failed to capture many public parks in Richmond and were not included in
the model. These spaces may not be of particular ecological value but they are likely factored into

home sale prices and it is a limitation not to include them in the analysis.

Landscape Fragmentation Indices

It is observed that there is a relationship between LULC patterns and sale price (Table 3).
Homes are valued more highly when the surrounding LULC distribution pattern is less
fragmented. At the one-mile scale, all landscape indices exhibit a statistically significant
relationship with sale price, although the same indices are not present from county to county
within the study area (Table 4). The relationship between higher sale price and less fragmented
LULC patterns are expressed most strongly in Chesterfield (Table 4.1), Henrico (Table 4.3), and
New Kent/Charles City Counties (Table 4.7). In Chesterfield County, for example, a 1% increase
in CONTAG score raises sale price by 7%. Evaluated at the mean sale price for the county, this
increases sale price by $17,708. SIDI increases sale price by $19,138 and PR reduces sale price
by $3,651. Together, these landscape index scores suggest that sale prices are higher where there
are fewer land cover types present on the landscape and where the spatial distribution of land
cover is grouped in patches where the proportional distribution of area among patches is more

even. A similar relationship is present in New Kent/Charles City Counties. Increasing LPI by
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1%, from 37.22% to 38.22%, increases sale price by 2% or $5,154. Increasing PR by 1% reduces
sale price by $22,742. Increasing SIDI by 1% raises sale price by $113,265. In New
Kent/Charles City Counties, landscapes with fewer land cover types present and where one land
type is dominant with proportionally even distribution of other land covers are associated with
higher sale prices.

SIDI and CONTAG also have the highest and second highest magnitude of impact,
relative to other variables that are also statistically significant. In Chesterfield for example (Table
4.1), the magnitude of impact for SIDI (0.0757) is greater than the magnitude of impact for
Bedrooms (0.118) or for Acres (0.0157). Similar differences of magnitude of impact are
observed in Henrico (Table 4.3), Goochland (Table 4.2) and New Kent/Charles City (Table 4.7)
counties. The CONTAG and SIDI indices have more influence on sale price than any other
statistically significant real estate or neighborhood variable included in this study. Based on the
Nagelkerke pseudo-R-squared scores, we see the SDEM model explains 67.9% of variability in
sale price in Chesterfield and 67.1% of the variability in sale price in New Kent/Charles City
Counties. The variables included in the model do a better job of explaining sale price in these
counties than in other counties. Coupled with the high magnitude of impact of landscape index
variables on sale price in these counties, we can reasonably conclude there is a value associated
with fewer LULC types being present on the landscape and for LULC types that are present to be
clumped together in proportionately even distributions. Together, these LULC indices suggest
home sale prices are higher where the landscape is less fragmented and more homogenous within
one mile of a property.

At the smaller quarter mile scale, LP1 is the only landscape index to exhibit a statistically
significant relationship with sale price (Table 5). LPI does not account for the type of LULC
present, rather it indicates if a landscape is more or less dominated by a single LULC type.
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Within a quarter mile of a property, sale prices are positively correlated with higher LP1 scores in
New Kent/Charles City Counties. Evaluated from mean sale price ($239,903) and mean LPI
score (47.13%), increasing coverage of the largest patch index by 1% (48.13%) increases sale
price by $3,853. The dominant LULC type is not relevant here, rather it is the distribution of
LULC types across the landscape that is valued. LPI has a greater magnitude of impact on sale
price than Bedrooms (estimated coefficient = 0.0068) but has less of an impact than Full Baths
(estimated coefficient = 0.0335) or Square Feet (estimated coefficient = 0.0449). Real estate
variables have a consistently greater impact on sale price than LPI. Within a quarter mile of a
property, a more homogeneous landscape pattern dominated by a single LULC type is reflective
of higher sale prices than a heterogeneous landscape pattern. Overall, the impact of landscape
homogeneity on sale price is less than other real estate and neighborhood characteristics that are
also statistically significant.

We can conclude that landscape fragmentation patterns have a more powerful or equally
powerful influence on sale price than real estate or neighborhood variables included in this study.
The scale at which hedonic pricing models are applied is also important in understanding the
influence of LULC distribution on property value. Landscape fragmentation patterns have a
greater influence on sale price within one mile of a property than within a quarter mile of a
property.

Land Management Implications

Results of this study indicate homogenous landscape patterns are reflected in property
sale prices. This emphasizes the importance of smart growth development at the regional level.
Smart growth development limits land development outside of a defined urban boundaries and
encourages infill development inside an urban area. Smart growth development also supports

mixing land uses in order to provide diverse housing and transportation options through efficient
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use of land that has already been developed. It should be noted that landscape index scores used
in this study were calculated using NLCD data which delineates land cover, not land use. This is
an important distinction for the interpretation of study results in that landscape index scores in
this study are describing distribution patterns of land cover. Urban containment and smart growth
practices support mixed land use in urban areas. Mixed land use aggregates housing and
commercial space in areas of high-density development, which creates homogenous distributions
of land cover at the landscape scale.

Grouping land cover types to create homogeneous land cover distributions provides many
benefits for people. When urban development is concentrated in geographical space, it becomes
easier and more cost effective to deliver social services such as regional public transportation and
alternative transportation options. Additionally, when urban growth is contained, economic and
racial segregation decreases and urban areas become more integrated (Nelson, 2010). Urban
containment also fosters better public schools (Van Zandt, 2010) and supports more balanced
employment development between urban and suburban areas (Moeckel, 2009).

Reigning in development through smart growth and containment planning benefits urban
systems as well as natural systems. Increasing density in developed areas leaves more natural
land undisturbed. Ecologically, the importance of homogenous land cover patterns that preserve
larger, intact areas of natural land is well understood (Satir, 2016). Homogeneous LULC patterns
are better for supporting wildlife habitat, gene flow, ecosystem health, and ecosystem services
(Turner, 1989; Robertson & Quinn, 1988; Bélisle, et al. 2013). While the results of this study do
not directly support protecting natural land for its economic value, it does support development
and LULC patterns that are homogeneous and allow intact natural areas to persist.

The work of this study builds on previous research in illuminating how natural land and
landscape composition are valued. Development is occurring at a record pace in the Richmond
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Region, threatening natural landscapes and altering landscape patterns. Urban planners charged
with managing future growth in the area need to implement smart growth and urban containment
development practices. These methods serve to preserve natural spaces and enhance existing

urban areas while providing sustained property tax revenues for municipalities.

Limitations & Future Analysis

This analysis was limited in several ways. No delineation for the use of natural land was
made which makes it difficult interpret how natural land is perceived when aggregated, as it is in
this study. No distinction was made between home sales that occurred in rural, suburban, or
urban areas. Differentiating between these sales would be helpful in understanding how natural
land and landscape patterns are valued in these distinct real estate markets. Additionally, many
variables known to influence home sale price were not included in this study, contributing to
omitted variable bias between counties. We can see omitted variable bias reflected in the
Nagelkerke pseudo-R-squared scores for each county model where lower Nagelkerke pseudo-R-
squared scores indicate more omitted variable bias. Variables not considered in this study include
distance to natural areas and housing density measures. Including distance to natural areas can
help in evaluating recreational access to natural areas. A variable for housing density could be
helpful in delineating between urban, suburban, and rural areas. Omitting these and other
variables introduces bias as coefficient estimates for tested variables could be skewed higher or
lower because of unaccounted for interaction with omitted variables.

Progress has been made in understanding the relationship between natural land and
landscape patterns that are ecologically valuable. Future research should analyze the influence of
natural land cover type and develop standards for distinguishing between different natural land
types so that the same standards can be employed across studies and be considered truly

comparative. Additionally, there is a lack of understanding of how differences in housing
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markets within a study area might influence the outcome of a hedonic model. It is recommended
that future research work focus on developing standards for delineating between urban,
suburban, and rural real estate markets. Finally, future hedonic modeling should focus on
refining which real estate and neighborhood variables are most important to include so that
modeling may become more standardized across studies.

This research work has attempted to fill in some of the gaps of understanding the
relationship between landscape characteristics and home sale price. As the Richmond region and
the Commonwealth of Virginia continue to experience growth and development, this project
lends support towards the implementation of smart growth development and containment
planning. By intensifying urban development where there is already development we can

preserve natural areas and provide higher quality human and ecological environments.
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Table 1 - List of Variables & Descriptions

Variable

Description

Structural Variables

Sale Price

Acres

Finished Square Feet
Full Baths

Half Baths
Bedrooms

Stories

Home Age

Neighborhood Variables

Home sale price (dependent variable) in 2014
Lot size in acres

Finished square feet in home

Total number of full bathrooms

Total number of half bathrooms

Number of bedrooms

Number of stories

Year home was built subtracted from 2014

Busy Road

Income

Landscape Variables

Euclidean distance to nearest high traffic road in meters

Median household income per census tract

Percent Natural Land

Patch Richness Index

Contagion Index

Largest Patch Index

Simpson’s Diversity
Index

Percent natural land cover within analysis areas around each
property sale location

Total count of NLCD land cover types within analysis areas
around each property sale location

Degree to which land uses are clumped or dispersed within
analysis areas around each property sale location

Percentage of landscape comprised by the largest land cover
type around each property sale location

Probability that any two cells within analysis areas around
each property sale selected at random would be different land
cover types
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Table 2 - Fragstats Indices

Patch m = number of NLCD
Richness land class types present
PR=m in the landscape,
Index (PR) excluding the landscape
border if present.
Description | PR equals the number of NLCD land class types present within the landscape boundary.
Units | None
Range | PR > 1, without limit
Largest aj; = area(m?) of patch
Patch _ max(a;) .
Index (LPI) LpI = A (100) A = total landscape
area (m?).
Description | LPI equals the area (m?) of the largest class type of the corresponding class type divided by
total landscape area (m?), multiplied by 100 (to convert to a percentage). LPI equals the
percentage of the landscape comprised by the largest class type. Note, total landscape area (A)
includes any internal background present.
Units | Percent
Range 0<LPI<100
LPI approaches 0 when the largest patch of the corresponding patch type is increasingly small.
LPI = 100 when the entire landscape consists of a single patch of the corresponding patch type;
that is, when the largest patch comprises 100% of the landscape.
Contagion smoym [Pl . k] [ln (Pl . glk k)]
Index CONTAG = |1 + 12‘? =191 (100)
(CONTAG) n(m)
Pi = proportion of the landscape occupied by patch type (class) i.
Gik= number of adjacencies (joins) between pixels of patch types (classes) i and k based on
the double-count method.
m = number of patch types (classes) present in the landscape, including the landscape boarder
if present.
Description | CONTAG equals minus the sum of the proportional abundance of each patch type multiplied

by the proportion of adjacencies between cells of that patch type and another patch type,
multiplied by the logarithm of the same quantity, summed over each unique adjacency type
and each patch type; divided by 2 times the logarithm of the number of patch types; multiplied
by 100 (to convert to a percentage). In other words, the observed contagion over the maximum
possible contagion for the given number of patch types. Note, CONTAG considers all patch
types present on an image, including any present in the landscape border, if present, and
considers like adjacencies (i.e., cells of a patch type adjacent to cells of the same type).
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Units | Percent
Range | 0 < CONTAG < 100
CONTAG approaches 0 when the patch types are maximally disaggregated (i.e., every cell is a
different patch type) and interspersed (equal proportions of all pairwise adjacencies).
CONTAG = 100 when all patch types are maximally aggregated.
Simpson’s Pi = proportion of the
Diversity n landscape occupied by patch
SIDI = 1—211-2 i.
Index . type (class) i
i=1
(SIDI)

Description | SIDI equals 1 minus the sum, across all patch types, of the proportional abundance of each
patch type i squared. Note, P is based on total landscape area (A) excluding any internal
background present.

Unit | None
Range | 0 <SIDI<1

SIDI = 0 when the landscape contains only 1 patch (i.e., no diversity). SIDI approaches 1 as
the number of different patch types (i.e., patch richness, PR) increases and the proportional
distribution of area among patch types becomes more equitable.
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Table 3 - Summary Mean Values

New Kent/
Charles Charles Study Area
Variable City Chesterfield Goochland  Hanover  Henrico Powhatan New Kent Richmond City Avg.
County Area (miles) 204.20 436.85 289.79 473.62 244.81 262.26 223.40 62.46 427.60 2420.80
Sale Price (avg.) 191670.34 252861.33  415271.25 263401.70 256147.81 243274.22 257007.78 235575.66 239903.70  255382.35
Year Built (avg.) 310.45 25.39 30.21 66.07 34.88 26.24 197.19 70.44 46.80 45.73
Square Feet (avg.) 1673.62 2268.61 2688.95 2115.19 2044.14  2053.28  2705.64  1759.61 2028.48 2110.00
Bed Rooms (avg.) 2.86 3.74 3.42 3.48 3.59 3.22 3.30 3.13 3.19 3.52
Full Baths (avg.) 1.55 2.20 2.48 2.12 2.09 2.00 2.18 1.65 1.97 2.06
Half Baths (avg.) 0.17 0.68 0.64 0.59 0.56 0.55 0.51 0.45 0.53 0.59
Number of Stories (avg.) 1.38 1.81 1.56 1.57 1.72 1.42 1.48 1.49 1.42 1.68
Acres (avg.) 9.75 0.72 3.94 2.51 0.48 3.09 2.42 0.25 3.53 0.99
Distance to Road (avg.) 6986.44 1656.04 2711.68 1706.60 1008.13  2578.70  2721.67 518.40 2866.60 1366.94
Median Income (avg.) 30810.59 47554.32  48028.82  46478.74  45462.19 45580.37 39384.99 37767.86  44615.68 44839.12
LPI - 1 mile (avg.) 17.17 25.06 25.95 16.41 16.65 38.62 25.14 23.94 37.22 21.85
CONTAG - 1 mile (avg.) 41.86 46.03 50.43 40.89 41.20 53.72 45.56 42.27 52.95 43.69
PR - 1 mile (avg.) 12.00 12.77 13.07 13.15 12.50 12.20 12.94 10.73 12.19 12.38
SIDI - 1 mile (avg.) 0.81 0.75 0.72 0.80 0.78 0.66 0.76 0.75 0.67 0.76
% Natural - 1 mile (avg.) 74.05 40.72 64.50 49.12 28.36 74.30 73.82 14.55 74.28 36.03
LPI - 1/4 mile (avg.) 30.73 41.48 44.92 32.65 33.27 48.28 40.20 42.64 47.13 38.53
CONTAG - 1/4 mile (avg.) 39.16 41.80 47.16 38.70 38.16 48.45 43.45 37.78 47.84 40.05
PR - 1/4 mile (avg.) 8.10 6.94 7.36 8.28 7.44 7.10 7.95 5.97 7.16 7.11
SIDI - 1/4 mile (avg.) 0.75 0.66 0.63 0.73 0.70 0.61 0.68 0.64 0.62 0.67
% Natural - 1/4 mile (avg.) 69.46 34.91 63.34 43.35 24.26 70.41 67.87 11.89 70.35 31.42
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Table 4 - One Mile SDEM Model Results

Table 4.1 - Chesterfield County Nagelkerke pseudo-R-squared: 0.67915

Mean Sale Price: $252,861.33 N = 4915
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 1.4994 0.0546 27.4440 0.0000 ***

Year Built -0.0091 0.0006 -14.8988 -$2,303.57 0.0000 ***

Square Feet 0.0329 0.0019 17.0982 $8,330.01 0.0000 ***

Bed Rooms 0.0118 0.0033 3.5597 $2,984.78 0.0004 ***

Full Baths 0.0354 0.0028 12.5950 $8,955.08 0.0000 ***

Half Baths 0.0134 0.0015 9.0323 $3,376.96 0.0000 ***

Stories -0.0109 0.0025 -4.2961 -$2,748.60 0.0000 ***

Acres 0.0157 0.0013 11.9656 $3,970.43 0.0000 ***

Med. Income 0.0433 0.0030 14.5830 $10,951.17 0.0000 ***

LPI -0.0025 0.0017 -1.5078 0.1316

CONTAG 0.0700 0.0107 6.5546 $17,708.38 0.0000 ***

PR -0.0144 0.0070 -2.0559 -$3,651.32 0.0398 **

SIDI 0.0757 0.0341 2.2170 $19,138.32 0.0266 **

Percent Natural -0.0027 0.0016 -1.7259 -$677.67 0.0844 *

Table 4.2 - Goochland County Nagelkerke pseudo-R-squared: 0.2456

Mean Sale Price: $415,271.25 N =322
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 1.6879 1.0640 1.5863 0.1127

Year Built -0.0057 0.0064 -0.8848 0.3763

Square Feet 0.0818 0.0224 3.6458 $33,955.48 0.0003 ***

Bed Rooms -0.0168 0.0274 -0.6116 0.5408

Full Baths -0.0038 0.0331 -0.1149 0.9085

Half Baths -0.0094 0.0194 -0.4834 0.6289

Stories 0.0751 0.0419 1.7939 $31,181.47 0.0728 *

Acres 0.0246 0.0093 2.6479 $10,223.98 0.0081 ***

Med. Income 0.0696 0.0571 1.2190 0.2229

LPI -0.0127 0.0175 -0.7240 0.4691

CONTAG -0.0769 0.1560 -0.4932 0.6219

PR 0.0447 0.0667 0.6698 0.5030

SIDI -0.2812 0.4392 -0.6402 0.5220

Percent Natural -0.0525 0.0334 -1.5720 0.1159

Table 4.3 - Henrico County Nagelkerke pseudo-R-squared: 0.2644

Mean Sale Price: $256,147.81 N = 4017
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 1.5631 0.2266 0.5241 6.8989

Year Built -0.0069 0.0012 -5.5676 -$1,767.42 0.0000 ***

Square Feet 0.0428 0.0059 7.2303 $10,956.72 0.0000 ***
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Bed Rooms
Full Baths
Half Baths
Stories
Acres

Med. Income
LPI
CONTAG
PR

SIDI

Percent Natural

0.0184
0.0228
0.0103
0.0000
0.0086
0.0261
0.0060
0.0585
-0.0307
0.2754
-0.0039

0.0096
0.0086
0.0049
0.0095
0.0024
0.0127
0.0042
0.0306
0.0244
0.1234
0.0052

1.9205
2.6354
2.1056
-0.0044
3.5315
2.0588
1.4393
1.9149
-1.2563
2.2310
-0.7543

$4,701.08
$5,835.05
$2,632.69

$2,196.47
$6,694.68

$14,988.49

$70,537.98

0.0548 *
0.0084 ***
0.0352 **
0.9965
0.0004 ***
0.0395 **
0.1501
0.0555 *
0.2090
0.0257 **
0.4507

Table 4.4 - Hanover County

Nagelkerke pseudo-R-squared: 0.21914

Mean Sale Price: $263,401.70 N=1721
Estimated Marginal
Variable Coefficient Standard Error z-score Price ($) p-value
Intercept Term 1.4288 0.1987 7.1899 0.0000 ***
Year Built 0.0051 0.0020 2.5452 $1,336.50 0.0109 **
Square Feet 0.0640 0.0074 8.6977 $16,848.23 0.0000 ***
Bed Rooms -0.0085 0.0130 -0.6546 0.5127
Full Baths 0.0343 0.0102 3.3503 $9,039.95 0.0008 ***
Half Baths 0.0060 0.0058 1.0432 0.2969
Stories -0.0038 0.0088 -0.4241 0.6715
Acres -0.0018 0.0072 -0.2473 0.8047
Med. Income 0.0793 0.0072 11.0545 $20,896.97 0.0000 ***
LPI -0.0011 0.0055 -0.2069 0.8361
CONTAG -0.0426 0.0404 -1.0541 0.2918
PR -0.0278 0.0254 -1.0962 0.2730
SIDI -0.0630 0.1796 -0.3506 0.7259
Percent Natural -0.0089 0.0049 -1.8226 -$2,352.18 0.0684 *

Table 4.5 - Powatan County

Nagelkerke pseudo-R-squared: 0.45024

Mean Sale Price: $243,274.22 N =415
Estimated Marginal

Variable Coefficient Standard Error z-score Price ($) p-value
Intercept Term 1.5339 0.3792 4.0456 0.0001 ***
Year Built -0.0015 0.0012 -1.2387 0.2154
Square Feet 0.0675 0.0083 8.1443 $16,426.85 0.0000 ***
Bed Rooms -0.0398 0.0146 -2.7248 -$9,687.18 0.0064 ***
Full Baths 0.0606 0.0156 3.8716 $14,737.80 0.0001 ***
Half Baths 0.0108 0.0075 1.4380 0.1504
Stories -0.0046 0.0151 -0.3070 0.7588
Acres -0.0017 0.0029 -0.5907 0.5548
Med. Income 0.0396 0.0287 1.3808 0.1673

LPI 0.0058 0.0071 0.8240 0.4099
CONTAG 0.0238 0.0445 0.5352 0.5925
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PR 0.0041 0.0302 0.1370 0.8910

SIDI -0.0147 0.1156 -0.1267 0.8992

Percent Natural -0.0207 0.0163 -1.2697 0.2042

Table 4.6 - Richmond City Nagelkerke pseudo-R-squared: 0.41065

Mean Sale Price: $235,575.66 N = 2508
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 2.31889367 0.59346403 3.9074 9.33E-05 ***

Year Built -0.01685 0.004484 -3.75703 -$3,969.45 0.000172 ***

Square Feet -0.08173 0.014821 -5.51467 -$19,253.60  3.49E-08 ***

Bed Rooms 0.174191 0.023519 7.406457 $41,035.16 1.30E-13 ***

Full Baths 0.180472 0.023249 7.762588 $42,514.81  8.22E-15 ***

Half Baths 0.024376 0.012489 1.951831 $5,742.39 0.050958 *

Stories -0.02644 0.026805 -0.98628 0.323998

Acres 0.012157 0.007159 1.697999 $2,863.89 0.089508 *

Med. Income 0.000658 0.016178 0.040653 0.967573

LPI -0.00069 0.013201 -0.0526 0.958047

CONTAG 0.168956 0.105165 1.606578 0.108147

PR -0.02576 0.043087 -0.59782 0.54996

SIDI 0.175541 0.252079 0.696374 0.486195

Percent Natural -0.06992 0.028842 -2.42422 -$16,471.45  0.015341 **

Table 4.7 - New Kent/Charles City County Nagelkerke pseudo-R-squared: 0.67661

Mean Sale Price: $239,903.70 N =372
Estimated

Variable Coefficient Standard Error  z-score p-value

Intercept Term 0.8717 0.2553 3.4151 0.0006 ***

Year Built -0.0077 0.0019 -4.1575 -$1,856.85 0.0000 ***

Square Feet 0.0442 0.0045 9.7834 $10,595.83 0.0000 ***

Bed Rooms 0.0062 0.0035 1.7569 $1,493.16 0.0789 *

Full Baths 0.0334 0.0042 7.9608 $8,014.70 0.0000 ***

Half Baths 0.0190 0.0034 5.6580 $4,563.69 0.0000 ***

Stories 0.0050 0.0052 0.9642 0.3349

Acres 0.0224 0.0062 3.5923 $5,365.45 0.0003 ***

Med. Income 0.0960 0.0071 13.5095 $23,026.20 0.0000 ***

LPI 0.0215 0.0073 2.9515 $5,164.65 0.0032 ***

CONTAG 0.0452 0.0506 0.8924 0.3722

PR -0.0948 0.0304 -3.1145 -$22,742.87 0.0018 ***

SIDI 0.4721 0.2161 2.1850 $113,265.49 0.0289 **

Percent Natural -0.0093 0.0036 -2.5907 -$2,228.71 0.0096 ***

Notes: Statistical significance, *** = p<0.01, ** = p<0.05, * = p<0.|
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Table 5 - Quarter Mile SDEM Model Results

Table 5.1 - Chesterfield County

Nagelkerke pseudo-R-squared: 0.67537

Mean Sale Price: $252,861.33 N = 4915
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 1.6823 0.0305 55.2018 0.0000 ***

Year Built -0.0090 0.0006 -15.1034 -$2,265.64 0.0000 ***

Square Feet 0.0305 0.0019 16.0909 $7,705.19 0.0000 ***

Bed Rooms 0.0095 0.0033 2.8956 $2,406.23 0.0038 ***

Full Baths 0.0344 0.0028 12.2018 $8,692.36 0.0000 ***

Half Baths 0.0115 0.0014 8.1669 $2,899.56 0.0000 ***

Acres 0.0165 0.0013 13.0740 $4,160.83 0.0000 ***

Distance to Road 0.0023 0.0006 3.9764 $575.77 0.0001 ***

Med. Income 0.0481 0.0029 16.6112 $12,162.12 0.0000 ***

LPI 0.0050 0.0012 4.0256 0.0001

Table 5.2 - Goochland County Nagelkerke pseudo-R-squared: 0.23148

Mean Sale Price: $415,271.25 N =322
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 0.9922 0.6052 1.6396 0.1011

Year Built -0.0080 0.0063 -1.2619 0.2070

Square Feet 0.1059 0.0206 5.1384 $43,994.25 0.0000 ***

Bed Rooms -0.0251 0.0268 -0.9357 0.3494

Full Baths 0.0051 0.0329 0.1538 0.8777

Half Baths -0.0018 0.0186 -0.0952 0.9241

Acres 0.0171 0.0087 1.9673 $7,090.34 0.0491 **

Distance to Road -0.0039 0.0055 -0.6972 0.4857

Med. Income 0.0800 0.0578 1.3853 0.1660

LPI -0.0236 0.0144 -1.6412 0.1008

Table 5.3 - Henrico County Nagelkerke pseudo-R-squared: 0.26209

Mean Sale Price: $256,147.81 N = 4017
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 1.9603 0.1331 14,7264 0.0000 ***

Year Built -0.0066 0.0013 -5.1945 -$1,677.77 0.0000 ***

Square Feet 0.0409 0.0058 7.0873 $10,467.48 0.0000 ***

Bed Rooms 0.0197 0.0095 2.0707 $5,038.43 0.0384 **

Full Baths 0.0228 0.0086 2.6622 $5,834.28 0.0078 ***

Half Baths 0.0098 0.0045 2.1929 $2,509.22 0.0283 **

Acres 0.0087 0.0022 3.9703 $2,233.61 0.0001 ***

Distance to Road 0.0014 0.0016 0.9121 0.3617

Med. Income 0.0161 0.0121 1.3323 0.1828

LPI 0.0038 0.0036 1.0594 0.2894
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Table 5.4 - Hanover County

Nagelkerke pseudo-R-squared: 0.21616

Mean Sale Price: $263,401.70 N=1721
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 1.1639 0.0737 15.7924 0.0000 ***

Year Built 0.0055 0.0020 2.7424 $1,441.86 0.0061 ***

Square Feet 0.0630 0.0074 8.5589 $16,583.24 0.0000 ***

Bed Rooms -0.0071 0.0128 -0.5574 0.5773

Full Baths 0.0306 0.0100 3.0623 $8,064.04 0.0022 ***

Half Baths 0.0037 0.0054 0.6837 0.4942

Acres -0.0097 0.0066 -1.4718 0.1411

Distance to Road -0.0017 0.0019 -0.8642 0.3875

Med. Income 0.0760 0.0071 10.6366 $20,011.94 0.0000 ***

LPI 0.0058 0.0045 1.2839 0.1992

Table 5.5 - Powatan County Nagelkerke pseudo-R-squared: 0.44161

Mean Sale Price: $243,274.22 N =415
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 1.5447 0.3360 45974 0.0000 ***

Year Built -0.0015 0.0012 -1.2476 0.2122

Square Feet 0.0627 0.0085 7.4145 $15,241.37 0.0000 ***

Bed Rooms -0.0385 0.0144 -2.6757 -$9,353.89 0.0075 ***

Full Baths 0.0625 0.0155 4.0325 $15,208.04 0.0001 ***

Half Baths 0.0121 0.0063 1.9223 $2,943.62 0.0546 *

Acres -0.0014 0.0028 -0.4952 0.6205

Distance to Road -0.0005 0.0018 -0.2917 0.7705

Med. Income 0.0424 0.0313 1.3532 0.1760

LPI 0.0044 0.0049 0.9043 0.3658

Table 5.6 - Richmond City Nagelkerke pseudo-R-squared: 0.39873

Mean Sale Price: $235,575.66 N = 2508
Estimated Marginal

Variable Coefficient Standard Error  z-score Price ($) p-value

Intercept Term 2.6786 0.2115 12.6626 0.0000 ***

Year Built -0.0178 0.0047 -3.8199 -$4,200.31 0.0001 ***

Square Feet -0.0860 0.0140 -6.1606 -$20,247.73 0.0000 ***

Bed Rooms 0.1728 0.0231 7.4688 $40,703.94 0.0000 ***

Full Baths 0.1707 0.0231 7.4045 $40,218.18 0.0000 ***

Half Baths 0.0187 0.0120 1.5530 0.1204

Acres 0.0113 0.0068 1.6680 $2,656.59 0.0953 *

Distance to Road 0.0057 0.0037 1.5531 0.1204

Med. Income -0.0022 0.0175 -0.1262 0.8996

LPI 0.0134 0.0096 1.4021 0.1609
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Table 5.7 - New Kent/Charles City County

Nagelkerke pseudo-R-squared: 0.67145

Mean Sale Price: $239,903.70 N =372
Estimated Marginal
Variable Coefficient Standard Error  z-score Price ($) p-value
Intercept Term 1.0935 0.0828 13.2148 0.0000 ***
Year Built -0.0074 0.0019 -3.9599 -$1,777.69 0.0001 ***
Square Feet 0.0449 0.0044 10.1548 $10,782.95 0.0000 ***
Bed Rooms 0.0068 0.0035 1.9116 $1,622.47 0.0559 *
Full Baths 0.0335 0.0042 7.9758 $8,025.98 0.0000 ***
Half Baths 0.0194 0.0033 5.8229 $4,656.05 0.0000 ***
Acres 0.0166 0.0062 2.6834 $3,983.60 0.0073 ***
Distance to Road 0.0012 0.0016 0.7116 0.4767
Med. Income 0.0920 0.0076 12.0328 $22,071.14 0.0000 ***
LPI 0.0161 0.0050 3.2287 $3,853.09 0.0012 ***

Notes: Statistical significance, *** = p<0.01, ** = p<0.05, * = p<0.l
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Table 6 - One Mile Comparison SDEM Model Results

Table 6.1 - Chesterfield County

Nagelkerke pseudo-R-squared: 0.67505

Mean Sale Price:  $252,861.33 N = 4915
Estimated

Variable Coefficient Standard Error  z-score Marginal Price ($) p-value

Intercept Term 1.7068 0.0314 54.2999 0.0000 ***

Year Built -0.0088 0.0006 -14.9137 -$2,225.18 0.0000 ***

Square Feet 0.0305 0.0019 16.0672 $7,699.88 0.0000 ***

Bed Rooms 0.0096 0.0033 2.9309 $2,436.32 0.0034 ***

Full Baths 0.0341 0.0028 12.1063 $8,629.15 0.0000 ***

Half Baths 0.0114 0.0014 8.1385 $2,891.47 0.0000 ***

Acres 0.0163 0.0013 12.9096 $4,114.81 0.0000 ***

Distance to Road  0.0024 0.0006 4.2837 $617.23 0.0000 ***

Med. Income 0.0462 0.0030 15.2282 $11,678.91 0.0000 ***

LPI 0.0042 0.0013 3.3487 $1,069.10 0.0008 ***

Table 6.2 - Goochland County Nagelkerke pseudo-R-squared: 0.23194

Mean Sale Price:  $415,271.25 N =322
Estimated

Variable Coefficient Standard Error ~ z-score Marginal Price ($) p-value

Intercept Term 0.8539 0.6098 1.4002 0.1615

Year Built -0.0060 0.0063 -0.9485 0.3429

Square Feet 0.0990 0.0210 47143 $41,121.82 0.0000 ***

Bed Rooms -0.0123 0.0274 -0.4488 0.6536

Full Baths 0.0034 0.0329 0.1039 0.9173

Half Baths -0.0010 0.0186 -0.0554 0.9558

Acres 0.0194 0.0090 2.1621 $8,053.36 0.0306 **

Distance to Road  -0.0032 0.0057 -0.5567 0.5777

Med. Income 0.0921 0.0588 1.5680 0.1169

LPI -0.0182 0.0109 -1.6714 -$7,562.09 0.0947 *

Table 6.3 - Henrico County Nagelkerke pseudo-R-squared: 0.26252

Mean Sale Price:  $256,147.81 N = 4017
Estimated

Variable Coefficient Standard Error  z-score Marginal Price ($) p-value

Intercept Term 1.9458 0.1325 14.6822 0.0000 ***

Year Built -0.0065 0.0013 -5.2193 -$1,672.65 0.0000 ***

Square Feet 0.0416 0.0058 7.2149 $10,650.88 0.0000 ***

Bed Rooms 0.0193 0.0095 2.0374 $4,954.67 0.0416 **

Full Baths 0.0223 0.0085 2.6156 $5,723.37 0.0089 ***

Half Baths 0.0099 0.0045 2.2078 $2,523.57 0.0273 **

Acres 0.0085 0.0022 3.8877 $2,181.10 0.0001 ***

Distance to Road  0.0014 0.0016 0.8857 0.3758

Med. Income 0.0171 0.0120 1.4277 0.1534

LPI 0.0045 0.0030 1.4691 0.1418
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Table 6.4 - Hanover County

Nagelkerke pseudo-R-squared: 0.21586

Mean Sale Price:  $263,401.70 N=1721
Estimated

Variable Coefficient Standard Error ~ z-score Marginal Price ($) p-value

Intercept Term 1.1737 0.0731 16.0521 0.0000 ***

Year Built 0.0060 0.0020 3.0190 $1,587.26 0.0025 ***

Square Feet 0.0623 0.0074 8.4662 $16,404.66 0.0000 ***

Bed Rooms -0.0070 0.0128 -0.5495 0.5827

Full Baths 0.0312 0.0100 3.1177 $8,212.07 0.0018 ***

Half Baths 0.0037 0.0054 0.6829 0.4947

Acres -0.0098 0.0066 -1.4925 0.1356

Distance to Road  -0.0013 0.0019 -0.6521 0.5143

Med. Income 0.0773 0.0073 10.6316 $20,350.42 0.0000 ***

LPI -0.0013 0.0042 -0.3107 0.7560

Table 6.5 - Powatan County Nagelkerke pseudo-R-squared: 0.44637

Mean Sale Price:  $243,274.22 N =415
Estimated

Variable Coefficient Standard Error  z-score Marginal Price ($) p-value

Intercept Term 1.5252 0.2980 5.1176 0.0000 ***

Year Built -0.0014 0.0012 -1.1704 0.2418

Square Feet 0.0649 0.0082 7.9003 $15,786.06 0.0000 ***

Bed Rooms -0.0413 0.0142 -2.9077 -$10,056.96 0.0036 ***

Full Baths 0.0609 0.0154 3.9457 $14,814.43 0.0001 ***

Half Baths 0.0101 0.0062 1.6302 0.1031

Acres -0.0022 0.0027 -0.8231 0.4105

Distance to Road  -0.0003 0.0017 -0.1552 0.8767

Med. Income 0.0422 0.0278 1.5187 0.1288

LPI 0.0079 0.0035 2.2490 $1,920.89 0.0245 **

Table 6.6 - Richmond City Nagelkerke pseudo-R-squared: 0.39666

Mean Sale Price:  $235,575.66 N = 2508
Estimated

Variable Coefficient Standard Error ~ z-score Marginal Price ($) p-value

Intercept Term 2.7541 0.2181 12.6293 0.0000 ***

Year Built -0.0162 0.0046 -3.4965 -$3,818.68 0.0005 ***

Square Feet -0.0872 0.0140 -6.2168 -$20,530.42 0.0000 ***

Bed Rooms 0.1742 0.0233 7.4883 $41,047.17 0.0000 ***

Full Baths 0.1733 0.0230 7.5406 $40,816.31 0.0000 ***

Half Baths 0.0186 0.0120 1.5451 0.1223

Acres 0.0132 0.0068 1.9308 $3,103.94 0.0535 *

Distance to Road  0.0069 0.0037 1.8965 $1,635.13 0.0579 *

Med. Income -0.0030 0.0178 -0.1711 0.8642

LPI -0.0075 0.0104 -0.7172 0.4733
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Table 6.7 - New Kent/Charles City County

Nagelkerke pseudo-R-squared:0.67192

Mean Sale Price: $239,903.70 N =372
Estimated
Variable Coefficient Standard Error  z-score Marginal Price ($) p-value
Intercept Term 1.1037 0.0818 13.4986 0.0000 ***
Year Built -0.0071 0.0019 -3.8310 -$1,710.51 0.0000 ***
Square Feet 0.0445 0.0044 10.0311 $10,663.96 0.0000 ***
Bed Rooms 0.0072 0.0035 2.0270 $1,719.87 0.0427 **
Full Baths 0.0327 0.0042 7.8104 $7,851.81 0.0000 ***
Half Baths 0.0194 0.0033 5.8332 $4,662.05 0.0000 ***
Acres 0.0164 0.0062 2.6603 $3,944.02 0.0078 ***
Distance to Road  0.0017 0.0016 1.0548 0.2915
Med. Income 0.0896 0.0077 11.7015 $21,499.93 0.0000 ***
LPI 0.0235 0.0063 3.7558 $5,638.94 0.0002 ***

Notes: Statistical significance, *** = p<0.01, ** = p<0.05, * = p<0.l
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