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Abstract

The hedonic housing model provides a theoretical framework that connects ob-

served housing prices with nonmarket values for environmental or other location-

specific goods, but the precise functional relationship is often unknown. Only with

particular underlying preference structures do we see functional forms of the hedonic

price function that conform to functions that can be estimated with linear regression

techniques. Still, empirical research typically approximates the hedonic price function

using transformed variables in a linear regression. We explore the use of more flexible

estimation techniques, including spline and nonparametric regression, to better capture

the form of the hedonic price function. Our empirical analysis uses housing transac-

tions and public park space in Denver, CO to demonstrate potential misspecification in

linear regression models and to demonstrate how spline and nonparametric regression

provide a means of overcoming this issue. Results indicate economically significant dif-

ferences in estimates for the marginal willingness to pay for public parks when relying

on these more flexible approaches.
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1 Introduction

Hedonic housing price analysis is a standard tool for empirical analysis in environmental and

urban economics. Essentially, hedonic theory demonstrates that the equilibrium price of a

home is a function of the value of its attributes. These attributes include structural charac-

teristics of the house itself, such as number of rooms or square footage, and characteristics

of the location, such as proximity to environmental goods or access to public schools based

on geographic jurisdiction. It is the latter set of characteristics that make hedonic analysis

useful for nonmarket valuation studies. Hedonic estimation techniques have been used to

study a range of nonmarket goods, including shale gas development (Boslett et al., 2016),

conservation land (Fernandez et al., 2018), oils spills (Cano-Urbina et al., 2019), and cell

phone towers (Rajapaksa et al., 2018).

Rosen (1974) develops the theoretical foundation of hedonic analysis. In a market equi-

librium, the hedonic price function traces out each consumer’s willingness to pay for a par-

ticular housing attribute at the equilibrium quantity. Therefore, the partial derivative of the

hedonic price function with respect to an attribute will equal the marginal willingness to

pay (MWTP) for that attribute. For environmental and public goods, where market prices

are not observed via transactions, the hedonic price function provides an estimate for the

MWTP, a value that is useful for efficiency analysis and policy design.

With a solid theoretical foundation, the hedonic price function conveys valuable infor-

mation about consumer preferences. A large body of literature explores identification of

consumer preferences using observed equilibrium data in the hedonic framework. The iden-

tification problem is typically addressed with assumptions on the function form of the con-

sumer model (Brown and Rosen, 1982; McConnell and Phipps, 1987; Ekeland et al., 2002;

Kuminoff and Pope, 2014) or through the use of multiple markets (Rosen, 1974; Palmquist,

1984). In this paper, we explore a separate issue. The hedonic price function traces the equi-

librium outcomes of market transactions between buyers and sellers, but there is generally

very little information about its exact functional form. Ekeland et al. (2004) demonstrate
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that the hedonic price function is the solution to a partial differential equation that depends

on the distribution of consumers and producers. Such a solution may not lead to an analyt-

ical function that can be parametrically estimated from observed data. Therefore, hedonic

estimates often rely on somewhat arbitrary functional form assumptions.

Previous work has addressed the role of functional form using simulation analysis. Crop-

per et al. (1988) simulate a housing market equilibrium and then estimate a variety of func-

tional forms for the hedonic price function. Since the MWTP is assumed to be known by

specifying simulation parameters, estimation results can be compared to the “true” MWTP

to evaluate how well different functional forms perform in different situations. Kuminoff et al.

(2010) extend this work to broader contexts that match those that empirical researchers often

encounter.

Given the lack of information regarding the form of the hedonic price function and the

potential for bias in empirical results, ad hoc specification of the hedonic function could have

significant consequences. Recent studies suggest more flexibility in the hedonic function is

justified based on market segmentation (Baudry and Maslianskaia-Pautrel, 2016) and the

treatment of open space as a luxury good (Laszkiewicz et al., 2019). Liao and Wange (2012)

apply quantile regression to the hedonic framework to find heterogeneity in the marginal

price of housing charactersistics. In addition, (Stromberg et al., 2021) demonstrate that the

price impact of green areas may vary considerably across the distribution of housing prices.

One potential solution that can address the unknown form of the hedonic function is to utilize

nonparametric estimation techniques. These methods estimate marginal prices without the

need to specify any functional form, but are relatively underutilized in the hedonic literature.

This paper employs spline regression and nonparametric regression to estimate the hedonic

price function with fewer assumptions on the empirical model than standard linear regression.

The nonparametric approach is better able to estimate the marginal price and therefore, other

identification problems aside, better able to capture the consumer’s marginal bid.

Our work contributes to a sparse literature on nonparametric estimation of the hedonic
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framework. We demonstrate the effectiveness of techniques that offer computationally feasi-

ble and theoretically sound alternatives to the standard linear model. Our analysis focuses

on estimates of the marginal price effect of an environmental good and the ability of non-

parametric methods to estimate unique features of the hedonic price function. Our study

uses these methods to provide new empirical evidence of the value of open space, an amenity

that has been studied extensively in environmental economics and is of considerable interest

for policy and urban planning.

We estimate the hedonic price function in an application to urban parks in Denver, CO.

Our empirical model includes controls for structural housing characteristics and location

variables, and defines the open space variable as the percent of formally designated public

park space (city and county parks) within a fixed radius of a home. The empirical analysis

estimates the hedonic price function using typical linear functional forms used in the hedonic

literature, in addition to spline and nonparametric models. These latter methods highlight

important features of the hedonic function that are lost through improper functional form

restrictions.

This paper is organized as follows. In Section 2, we summarize the literature on open

space valuation and the application of nonparametric methods to hedonic estimation. Section

4 details the empirical models and estimation techniques, followed by a discussion of the data

in Section 5. Section 6 discusses our empirical results and Section 8 concludes.

2 Literature Review

Open space, broadly defined, has received a great deal of attention in the hedonic pricing

literature. McConnell and Walls (2005) provide an extensive discussion of earlier studies

of the nonmarket benefits of open space. One important distinction is the type of open

space. Studies have considered the amenity value of agricultural land (Irwin, 2002), National

Wildlife Refuges (Liu et al., 2013), conservation land (Fernandez et al., 2018), urban green
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space (Liebelt et al., 2018), and golf courses (Smith et al., 2002). In general, the capitalized

value of open space does depend on type. Shultz and King (2001) find positive impacts

of natural areas and wildlife habitat, but a negative price effect of local parks. Our study

focuses specifically on parks in an urban area. Anderson and West (2006) demonstrate

higher prices associated with proximity to a neighborhood park. The authors find that the

magnitude of this relationship increases in denser locations. Similarly, Poudyal et al. (2009)

find that size of the park, in addition to proximity, is important in measuring hedonic prices.

With considerable evidence of the capitalization effect of open space, several studies

have examined the hedonic function in more depth. Cropper et al. (1988) and Kuminoff

et al. (2010) use simulations to determine which functional forms of the hedonic function

most accurately estimate the true marginal willingness to pay. While Cropper et al. (1988)

find that simple functional forms work well, results from Kuminoff et al. (2010) suggest

that more flexibility is important when spatial fixed effects are included. Other studies

take a more structured approach to the role of functional form. Liao and Wange (2012)

use quantile regression to estimate the marginal price of urban parks. The authors justify

this empirical approach based on heterogeneity across income groups. They find significant

differences in hedonic coefficients across housing pricing quantiles. Laszkiewicz et al. (2019),

who argue that urban green space is a luxury good, use spatial lags and quantile regression to

estimate nonlinear effects of open space amenities. Stromberg et al. (2021) also use quantile

regression to demonstrate heterogeneous capitalization rates in the hedonic model. They find

that the price effect of urban green areas varies across the distribution of apartment prices.

Finally, Baudry and Maslianskaia-Pautrel (2016) demonstrate groupwise heterogeneity in

housing markets and the resulting bias from standard hedonic estimation approaches. These

recent studies all indicate that greater flexibility in the hedonic price function is necessary

to properly capture nonmarket values.

Nonparametric estimation provides an approach to the hedonic price function that does

not require strict assumptions on exact functional form. Thus, the marginal effect of an
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environmental good, typically of primary interest in hedonic studies, can be estimated with

considerable flexibility. Still, nonparametric techniques are infrequently utilized in the he-

donic literature. Among the earliest applications of nonparametric techniques to hedonic

analysis is Stock (1991), which studies the effect of cleaning up hazardous waste sites. An-

glin and Gencay (1996) use the semiparametric partial linear model to estimate housing price

as a function of structural housing characteristics. Results indicate that the semiparametric

model outperforms the linear model in predicting prices.1 Pace (1993) also demonstrate the

improved predictive ability of nonparametric methods, as well as a decreased sensitivity to

outliers. Nonparametric techniques have also been used as an alternative to conventional

econometric techniques in addressing spatial variation, such as fixed effects and spatial lags

(McMillen and Redfearn, 2010; von Graevenitz and Panduro, 2015).

Our work is most closely related to (Martins-Filho and Bin, 2005), which estimates an

additive nonparametric hedonic regression. The additivity restriction serves to avoid rigid

restrictions on the relationship between a single covariate and the dependent variables, yet

reduces the computational burden associated with a fully nonparametric model. The authors

use this model to study the value of distance to several location amenities. We take a similar

approach in our study, restricting the model to a partial linear model that estimates a

nonparametric component only for the environmental attribute in which we are interested.

Furthermore, we incorporate spline regression, which estimates a highly flexible polynomial

relationship using linear regression methods. This provides an alternative feasible approach

for hedonic analysis that relaxes the stringency of parametric regression.

3 Hedonic Model

Hedonic price analysis represents a housing market equilibrium. A consumer has utility

function U(x,H;α) that includes x, a numeraire consumption good, and H = h1, h2, ..hk, a

1(Parmeter et al., 2007) replicate these results and generalize to a broader context to include categorical
data.
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vector of k housing characteristics. Preferences are captured by a vector of parameters α.

Exogenous income, y, sets the standard budget constraint, y = x+P (H), where P (H) is the

hedonic price function and indicates that the price of the home depends on its attributes.

Utility maximization implies that the partial derivative of P (H) with respect to an individual

characteristic h, denoted as Ph, is equal to the ratio of marginal utilities of goods h and x.

Define a bid function for consumer i and attribute h, θi(h; y, U0, H−j). This function

indicates how much the consumer is willing to pay for the current level of h, holding income,

utility, and the remaining attributes constant. Therefore, U0 = U(y − θi, H;α). Taking

partial derivatives with respect to h at constant utility indicates that the marginal bid

function (i.e. willingness to pay for an additional unit of h) is equal to the ratio of marginal

utilities of goods h and x. Combined with the above result, the partial derivative of the

hedonic price function with respect to h is equal to the consumer’s marginal willingness to

pay.

A similar analysis on the production side, using offer functions as the analogue to bid

functions, demonstrates that the partial derivative of the hedonic price function also rep-

resents the producer’s marginal cost. It is important to recognize that the hedonic price

function represents an envelope. In equilibrium, bid and offer functions meet to represent

market transactions. The hedonic function traces the tangents of the bid functions at differ-

ent levels of h, y, and U . Therefore, both the shape and location (in price, h space) of the

bid functions are important in determining the exact form of the hedonic function. Strong

assumptions on the utility function are required to obtain a hedonic price function that can

be characterized by the empirical models typically used in hedonic analysis.2

4 Empirical Model

Consider a standard household maximization problem in which utility for a household is

defined as a function of a set of attributes Hij associated with house i in location j. This

2See Ekeland et al. (2004) for an example of the linear-quadratic price function.
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includes both structural characteristics of the home and location attributes (in addition to

a numeraire consumption good). The hedonic price function describes the housing market

equilibrium and its gradient corresponds to the marginal willingness to pay for different

households. Thus the empirical hedonic price function is generally defined with the price of

a home as a function of its structural and location attributes. Denote Pij as the price of

house i in neighborhood j,

Pij = g(Hij, εij; β) (1)

where Hij is a kx1 vector that includes attributes of the house (such as number of rooms or

age of the house) and location attributes that are shared by all houses in the same neighbor-

hood (such as the mean income of the neighborhood or some spatially-defined environmental

attribute), and β is a vector of parameters to be estimated. The term εij is a random error

term, assumed to be distributed i.i.d.

The focus of our analysis is the marginal price effect of the single environmental variable.

Define X as the vector of the observed environmental variable and Z as a matrix that includes

the remaining variables in H. We impose additional structure so that

g (Pij)) = βZZij + f(Xij; βX) + εij. (2)

Throughout our analysis, the hedonic function is restricted so that all other covariates enter

linearly and are additively separable from f(·). The function g(·) allows for transformation of

the dependent variable, price. Analysis for the purposes of nonmarket valuation is primarily

interested in ∂f(·)
∂(X)

, which conveys information about the marginal price of a good. This is

driven by f(·) and estimation of the βX parameters. Our analysis emphasizes the functional

form of f(X; βX).
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4.1 Linear Models

Most hedonic regressions in the empirical literature rely on the restriction that f(·) is linear in

βX parameters. Logged dependent variable and Box-Cox regressions allow for nonlinearities

through g(·). Such models are computationally simple and relatively easy to interpret.

Though somewhat restrictive, they may offer a close approximation to the true hedonic

price function. We examine several variations of linear models to define f(·) in Equation

(2). These include a fully linear specification, log specifications, a quadratic, and a linear

Box-Cox specification, allowing for varied flexibility in the relationship between price and

environmental attributes.

4.2 Spline Regression

Our first approach to relaxing the functional restriction in the above specifications is to use

regression splines. In their most basic form, splines fit a piecewise continuous function to the

data. Knots are specified throughout the domain of X to define intervals of the piecewise

function. Commonly-used restrictions also ensure continuity in the derivatives of the function

up to some order. Therefore, while the use of a polynomial spline can generate nonlinearity in

the function within a given interval, the existence of multiple intervals provides even greater

flexibility while retaining smoothness in the hedonic price function. Define Z as the set of

all X covariates other than park. We estimate

Pij = βZZij + βXS
n,k(Xij) + εij, (3)

where Sn,k(·) defines the basis for a spline with order k (degree of polynomial) and t knots.

We set k = 3 to get a cubic spline and estimate regressions with different sets of knots

based on X quantiles.3 Therefore, first and second derivatives are continuous. We estimate

a standard spline, in which S(·) is built from a truncated power basis in X with continuity

3The cubic spline is the most common in regression applications. It can also be shown to minimize a
regularized least squares problem that maximizes goodness of fit with a penalty for overfitting.
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restrictions, as well as a basis splines (B-spline), in which S(·) is recursively built using the

Cox-de Boor algorithm (de Boor, 1978). In addition, we estimate a natural cubic spline and

natural cubic B-spline, where the second derivative is restricted to be 0 at the boundary

knots to avoid erratic behavior at the bounds of the function.

4.3 Nonparametric Regression

Our nonparametric estimates use a partial linear model of the form

Pij = βZZij + f(Xij) + εij, (4)

where X enters nonparametrically through f(·). Robinson (1988) discusses this model in

detail and notes the efficiency and computational gains when this functional form captures

the true population model. Since we are not directly interested in valuing the remaining

hedonic attributes, we assume that the linear component provides a reasonable approxima-

tion to the true hedonic function. In addition, Z includes inherently nonlinear spatial fixed

effects.

Robinson (1988) illustrates a two-step procedure for estimation of βZ and f(·). In the

first step, nonparametric regressions are fit for P and each Z variable on X. A consistent

estimate of βZ is identified from a regression with the resulting residuals. In the second

step, f(·) is identified in a nonparametric regression of P − ZβZ on X. Each step uses

local kernel-weighted least squares. We estimate separate models with Epanechnikov kernels

and with Gaussian kernels. Bandwidth parameters are chosen based on cross-validation,

following methods in Li and Racine (2004).

5 Data

The housing price data includes structural housing attributes along with transaction prices

for housing sales in Denver, CO. We also observe the location of each home, so each obser-

10



vation can be matched to 1 of 135 census tracts (year 2010 definitions). We merge American

Community Survey data at the tract level that includes median household income, percent of

the population under age 18, and percent of the population with a graduate or professional

degree. In addition, home addresses are used to measure the distance from each home to

Denver’s central business district, defined by a census block group in the downtown area. The

original dataset consists of 50,149 housing transactions from 2005-2009. We drop observa-

tions that are reported to have 0 rooms, 0 bedrooms, or 0 bathrooms. We remove outliers in

the data by dropping observations in the bottom and top 1% of sales ($40,490 and $882,652)

and square footage (600 sq. ft. and 4,115 square feet), as well as the top 1% of rooms (> 10),

bedrooms (> 5), and bathrooms (> 5). Finally, we drop 13 observations in a single census

tract for which median income is $8,015. Thus models are estimated using a dataset that

includes 47,779 observations. Table 1 presents summary statistics for all Z variables. All

housing sale prices are deflated to 2005 dollars using the Federal Housing Financing Agency

housing price indices for the Denver metropolitan area. In addition, prices are converted to

annual housing consumption measures using the method discussed in Poterba (1992).4

The primary variable of interest in this study is a measure of open space, defined as the

percent of a home’s surrounding area that is made up of park space. We gather geographic

data on the location of space designated as a city or county park in the Denver City and

County area.5 Figure 1 shows the study area with park locations and a measure of the

density of our data across census tracts. We create a circular buffer around each home with

a radius of 0.5 kilometers. The variable of interest park is defined as the percent of that

circle designated as park space. From 1, the park variable has a mean of 0.59 and ranges

from 0 to 0.448, though the 99th percentile is 0.183. Figure 2 shows the distribution of park

over our set of housing observations, truncated above 0 and below the 99th percentile. The

4This approach is commonly applied in the urban economics and environmental economics literature to
create an annual consumption measure. We obtain mortgage rates from and inflation from . We use the
Denver property tax rate of 0.0066% and values for capital gains tax, housing risk premium, maintenance
costs, and depreciation costs of 0.15, 0.04, 0.02, and 0.02, respectively.

5National Parks and state/federal designated open space tends to sufficiently far from the county to effect
our measurements.
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data presented in the histogram exclude 10,965 observations for which park = 0.

6 Results

We first present estimates from the linear specifications in Equation 2, followed by estimates

from spline and nonparametric regression in Equations 3 and 4, respectively. Our analysis

focuses on the implied marginal willingness to pay (MWTP) from the hedonic framework and

how this varies across models. The discussion ignores potential divergence of MWTP and

capitalization effects of local goods, treating the partial derivative of the hedonic function

as the MWTP.

6.1 Linear Models

Results from the conventional linear specifications are shown in Table 2. Each of the mod-

els includes census tract fixed effects, as well as the structural and location variables (Z)

discussed earlier. In all cases, the dependent variable is measured as the annual cost of

housing in $1000s and the park variable is measured as a percentage (i.e. 0-100). The ef-

fect of park shows considerable variation across specifications. The two specifications that

include the park variable in log form, the log-linear and log-log models, both lead to in-

significant estimates of the capitalization of park space. Other results generally suggest a

positive relationship between housing price and the percent of park space in the surrounding

0.5-kilometer radius. Table 3 presents MWTP estimates derived from coefficient estimates

for the linear models, calculated at the 25th, 50th, and 75th percentiles of the price and/or

park space distribution.

The basic linear model returns a statistically significant park coefficient estimate of

0.05547. Thus, there is a $55.47 MWTP for a 1 percentage point increase in surrounding

park space. Alternatively, a 1-standard deviation in the surrounding percent of park space

has an annual MWTP of $221.48. The 95% confidence interval for this MWTP is between
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$132.89 and $310.07. In the quadratic specification in Column 3 of Table 2, the coefficient

on the linear term is negative but the coefficient on the squared term is sufficiently positive,

such that a positive capitalization effect of the park variable is exhibited from approximately

park = 4%. The minimum observed value in our data for which park > 0, however, is 5.4%.

At the median park value of 6%, the MWTP for 1% increase in surrounding park space is

$27.18. At one standard deviation above the median, park = 10%, this MWTP is $84.56.

Thus, these results are similar in magnitude to the basic linear specification, but with slightly

more flexibility. Finally, the log-linear model has a statistically significant coefficient esti-

mate on park of 0.0091, which implies a nearly 1% increase in home price for a 1% increase

in the amount of surrounding park space. The MWTP measured at the median annual home

price of $22,896 is just $20.93. Measured at the 25th and 75th annual home prices of $15,639

and $33,778, respectively, MWTP estimates are $14.29 and $30.87.

The final column of Table 2 shows estimates from the Box-Cox specification. This is

arguably the most flexible of the standard models, in which both the housing price and

parks space variables are exponentially transformed. The coefficient on park is positive and

statistically significant, though it implies a relatively low MWTP. Measured at the median of

housing prices and median of park space, the MWTP is only $11.64. At the 75th percentile,

the MWTP remains well below the other significant estimates among these models at $24.03.

Overall, the set of standard linear models returns estimates that include statistically

insignificant effects, and positive capitalization effects whose magnitude varies considerably.

While there are intuitive arguments that suggest particular functional forms as preferable,

hedonic theory has little to offer in guiding the proper specification. Moreover, a similar R2

across these specifications suggest that each one fits the data equally well.

Finally, we explore the potential for misspecification bias in the above linear models. We

conduct a Ramsey Regression Equation Specification Error Test (RESET) for each of the

previous specifications. This test operates by estimating correlation between the observed

dependent variable and higher orders of the predicted dependent variable. Test statistics
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(F ) range from 84 to 2234, implying p-values very close to 0 and leading to rejection of the

linearity assumption in all of the previous specifications. In addition, Figure 3 presents, for

each specification, normal Q-Q plots of the residuals. Deviations from normality are obvious,

suggesting potential misspecification bias.

6.2 Spline Regression

Spline regression specifications provide the first set of alternatives to the conventional linear

models in the previous section. Though each specification includes a set of estimated coef-

ficients associated with the park variable, graphical examination of spline functions and a

summary of calculated slopes are more easily interpreted in the context of hedonic analysis.

Figure 4 displays fitted regressions with 95% confidence intervals for each of the four spline

specifications. Knots are defined as the deciles (omitting the 100th percentile) of the park

distribution truncated above 0. All other variables are set to their respective means (the

tract fixed effect is arbitrarily set to the first in the data) for prediction. Each of the spline

specifications demonstrate some similar behavior. Most notably, there is a positive relation-

ship between housing price and surrounding park area across a large central portion of the

park distribution. This positive relationship holds for park values roughly between 0.075

and 0.15, corresponding to the 40th and 78th percentiles. Compared to the linear models

of the previous section, the estimated regression is considerably steeper in this part of the

distribution. For park values between 0.075 and 0.15, the mean slope for the cubic spline

(Panel 4a) is 38.14, which implies a MWTP of $381 per year for a 1 percentage point increase

in park space. Results for the B-spline are nearly identical. Given the dependent variable,

this is best compared to the baseline linear model with βX = 0.055, in which the estimated

MWTP was considerably lower.

An obvious feature of the cubic spline and b-spline is the tail behavior. Both regressions

are relatively flat at low park values (below the 40th percentile) and demonstrate a negative

relationship above park ≈ 0.15. This may be indicative of household behavior at the ex-
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tremes of the income distribution. For example, if environmental quality is a normal good,

then low-priced homes purchased by low-income households may simply reflect a near-zero

marginal willingness to pay. Still, the cubic and b-spline spline specifications are known to

sometimes produce erratic results at the extremes. The natural cubic spline and natural b-

spline, displayed in Panels 4c and 4d, address this problem. In both cases, price is relatively

flat at the lower end of the park distribution. Above values of approximately park = 0.08,

however, there is a steep and statistically significant price increase associated with increases

in park space. The slope among observations between 0.075 and 0.15 is 28.59 (MWTP

≈ $286) and 22.09 (MWTP ≈ $221) for the natural cubic and natural B-spline, respectively.

While the natural splines continue to suggest very little price effect at low values, they do

not exhibit the same sensitivity to a small portion of observations at the upper end of the

park distribution.

Rather than specify knots at deciles of the park distribution, we estimate spline speci-

fications with knots defined as park values that are evenly spaced across the distribution.

We divide the range of the park variable, 0.053-0.182 (omitting observations with park = 0

and above the 99th percentile), into 10 equal segments and use the 9 interior points as knots.

Figure 5 shows the estimated spline regressions for the four types of splines with this new

definition. A similar pattern holds in which the price effect is essentially 0 at at the lower

end of the park distribution, but there is a clear positive effect towards the upper end of the

distribution. While these specifications exhibit considerably more noise at high values for

which there are fewer observations, the price difference associated with an increase in park

space is substantial.

6.3 Nonparametric Regression

Results of the nonparametric kernel regression models are also presented graphically. Figure

6 shows the fitted hedonic regression for three different kernel types: gaussian, epanechnikov,

and uniform (each of order 2). Bootstrapped 95% confidence intervals are also depicted.
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These specifications are estimation using the optimal bandwidth. In general, these results

exhibit similar patterns to the spline models. There is very little price effect at the low park

values (< 0.08), but a positive and significant relationship in the middle of the distribution.

The general price increase from park = 0.08 to park = 0.16 is substantial, with a mean slope

of 100.85 with the gaussian kernel for a home with mean attributes. The mean slope for the

epanechnikov and uniform kernels is 123.9 and 119.8, respectively, in this range of park. The

implied MWTP is approximately three times the estimated MWTP in the spline models and

an order of magnitude larger than that of the baseline linear models. The nonparametric

models, similar to spline models, also estimate a decrease in price at very high levels of the

park variable, though this is driven by relatively few observations and has a wide confidence

interval.

The partial linear model used here is estimated with an approach that requires a re-

gression of each independent variable on park, and therefore a separate bandwidth for each

independent variable. Each of these bandwidths is separately calculated from the data us-

ing a cross-validation method. Results include relatively small bandwidths, with a median

of 0.0038 and an 80th percentile of 0.021. Therefore, we re-estimate these regressions with

bandwidths that are twice as large to reduce noise in the estimated price variable. Figure

7 displays fitted kernel regressions using gaussian, epanechnikov, and uniform kernels with

the expanded bandwidth. Results maintain the general trend of a relatively flat relationship

at low ends of the park distribution, a positive and significant relationship in the middle

of the distribution, and a sharp decrease at very high park values. With this increase in

the bandwidth size, however, large unexpected fluctuations mostly disappear. Comparing a

home with park = 0.08 to a home with park = 0.12 (a increase of approximately 1 standard

deviation), predicted annual price increases from approximately $24, 000 to $30, 000. This

increase represents the most substantial effect in across the distribution of park space.
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7 Discussion

Results from the standard linear models show relatively small effects of nearby park space

and in some cases suggest no statistically significant relationship. More flexible regression

specifications, however, help to explain why this happens and why this may be an inadequate

representation of the MWTP. By fitting the data with less restriction on the functional form,

the spline and nonparametric specifications illustrate a more complex relationship between

home prices and surrounding park space.

One potential driver of low MWTP estimates in the linear models is the behavior of the

hedonic price function at low values of park. The spline and nonparametric specifications

are consistent in estimating a relatively flat trend for park values in the lower end of the

distribution. An increase in park space at very low values may offer very little in consumption

benefits to households. In other words, there could be some threshold value at which parks

become a valuable commodity for the surrounding area. Alternatively, this may be reflecting

preference heterogeneity, whereby households who do not have strong preferences for park

space are observed living in areas with very little surrounding park area. Regardless, this

relationship in the data is difficult to capture in the linear specifications. The low MWTP

at one part of the distribution puts downward pressure on slope estimates, leading to an

overall underestimation of the MWTP. This mechanism is partially evident in the quadratic

specification, though there is little reason to prefer the quadratic to any of the other linear

specifications without further information.

Results at the upper end of the park distribution also exhibit behavior that may be having

a significant impact on the linear models. Other than the natural spline specification (which

is meant specifically to address such behavior at the boundaries), spline and nonparametric

regressions show a sharply negative relationship for very high values of surround park space.

Again, we can speculate on potential economic behavior that could lead to this outcome.

For example, there could be a saturation point with consumption for nearby park space.

The important point, however, is that MWTP estimates in the linear specifications can be
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quite sensitive to this effect, thus providing an underestimate of the MWTP for a typical

household.

Our results suggest that the spline and nonparametric models can more accurately esti-

mate the shape of the unknown hedonic price function. They are well-equipped to capture

potential nuances that arise in the data and are less susceptible to such nuances possibly

generating misleading results. Any drawbacks related to more erratic functions are easily

addressed within these models (i.e. boundary corrections, knot specification, bandwidth

adjustment, higher kernel order). Finally, spline and nonparametric models arguably pro-

vide a better representation of the hedonic price function that, in general, does not have a

well-defined functional form that is founded in consumer preferences.

8 Conclusion

Our analysis explores the use of more flexible models to estimate the hedonic price function.

Such an approach is driven primarily by theoretical results derived from the hedonic model.

In particular, only certain specifications for consumer preferences will lead to a hedonic

function that can be represented with conventional linear empirical models. We propose the

application of spline and nonparametric regression to the hedonic framework to more fully

capture the price function.

Empirical work suggests that greater flexibility has considerable impacts on estimation of

nonmarket values. Estimates from standard linear models indicated relatively low MWTP.

Spline and nonparametric models reveal that previous estimates are quite sensitive to pat-

terns that exist in only particular parts of the distribution and that linear models fail to

capture potentially important relationships between housing prices and attributes. The

class of methods utilized in our analysis can therefore provide a computationally feasible,

interpretable, and useful tool for hedonic analysis.
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Figure 1: Denver County: Housing sale density and park space
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Figure 2: Distribution of park space variable.

Note: This figure shows the truncated distribution of the park space variable,
including only observations greater than 0 and less than the 99th percentile value
of 0.185.
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(a) Q-Q plot (Linear) (b) Q-Q plot (Lin-Log)

(c) Q-Q plot (Log-Lin) (d) Q-Q plot (Log-Log)

(e) Q-Q plot (Quadratic) (f) Q-Q plot (Box-Cox)

Figure 3: Residual Q-Q Plots
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(d) Natural B-Spline

Figure 4: Estimated Spline Regression.

Note: All X covariates other than park are set to mean values.
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Figure 5: Estimated Spline Regression with Evenly Distributed Knots

Note: All X covariates other than park are set to mean values.
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Figure 6: Estimated Kernel Regression with Optimal Bandwidths

Note: All X covariates other than park are set to mean values.
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Figure 7: Estimated Kernel Regression with 2xOptimal Bandwidths

Note: All X covariates other than park are set to mean values.
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Table 1: Summary Statistics

Mean Median Std. Min Max

Annual Price 26.65 22.90 15.86 4.35 94.88
# of Rooms 5.70 6.00 1.35 2 10
# of Bedrooms 2.61 3 0.74 1 5
# of Bathrooms 2.02 2 0.94 1 5
Living Area (1000s sq. ft.) 1.64 1.54 0.70 0.60 4.12
Lot Size (acres) 5.89 6.24 2.30 0.88 17.20
Fireplace 0.34 0 0.47 0 1
Garage 0.77 1 0.42 0 1
Age of Home 60.36 59.00 33.57 1 136
Median Income 57.72 51.29 29.29 11.15 203.59
% under age 18 0.23 0.22 0.10 0 0.49
% with Advanced Degree 0.38 0.34 0.25 0 0.98
Distance to CBD (miles) 0.01 0.01 0.00 0 0.04
Park Area (% in 0.5 km radius) 0.06 0.06 0.04 0 0.45

Table 2: Linear Models

Linear Lin-Log Log-Lin Log-Log Quadratic Box-Cox

park 0.05547 -0.06798 0.00091 0.00003
(0.0113) (0.0181) (0.0004) (0.000008)

log(park) -0.00071 -0.01565
(0.0019) (0.0493)

park2 0.00763
(0.0009)

R2 0.7482 0.7352 0.7486 0.7352 0.7481 0.7421
N 47779 47779 47779 47779 47779 47779

Table 3: MWTP

Linear Lin-Log Log-Lin Log-Log Quadratic Box-Cox

25thPercentile 55.47 -0.13 14.29 -45.00 15.00 6.38
50thPercentile 55.47 -0.11 20.93 -56.51 28.76 11.64
75thPercentile 55.47 -0.09 30.87 -66.52 53.26 24.03

Note: MWTP estimates should be interpreted as annual values, measured in 2010 dollars. Rows correspond
to computing the MWTP at different percentiles of the housing price and the park variable distribution. We
use the same percentile for both variables.
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Table 4: Median MWTP: Spline Models

X domain Cubic B-spline Natural Cubic Natural
B-spline

Full Domain 12.00 301.84 327.51 166.51
0.075-0.15 390.38 377.35 327.51 128.48
0.08-0.145 466.19 320.06 327.51 111.47
0.085-0.14 531.23 266.50 327.51 94.87

Note: Median MWTP estimates should be interpreted as annual values, measured in 2010 dollars. Rows
correspond to computing the mean MWTP for a range of values for the park variable.

Table 5: Mean MWTP: Spline Models

X domain Cubic B-spline Natural Cubic Natural
B-spline

0-1 -143.00 4982.07 153.45 158.00
0.075-0.15 381.43 6113.52 285.86 144.06
0.08-0.145 414.19 5147.09 282.15 136.10
0.085-0.14 432.74 3832.09 305.44 124.79

Note: Mean MWTP estimates should be interpreted as annual values, measured in 2010 dollars. Rows
correspond to computing the mean MWTP for a range of values for the park variable.

Table 6: Median MWTP: Nonparametric Models

Optimal Bandwidth 2x Optimal Bandwith

X domain Epan. Gaussian Uniform Epan. Gaussian Uniform

0-1 -59.08 -47.86 -28.43 -36.56 -45.96 -32.90
0.075-0.15 94.97 65.39 92.97 127.89 77.96 114.50
0.08-0.145 143.72 113.05 126.64 153.45 108.95 142.93
0.085-0.14 158.00 124.79 141.15 162.19 126.65 177.46

Note: Median MWTP estimates should be interpreted as annual values, measured in 2010 dollars. Rows
correspond to computing the mean MWTP for a range of values for the park variable.
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Table 7: Mean MWTP: Nonparametric Models

Optimal Bandwidth 2x Optimal Bandwith

X domain Epan. Gaussian Uniform Epan. Gaussian Uniform

0-1 -55.35 -36.86 -65.60 -37.14 -30.90 -19.86
0.075-0.15 94.61 78.97 87.28 96.87 72.82 101.01
0.08-0.145 124.88 100.08 121.28 126.74 97.07 136.72
0.085-0.14 149.02 124.11 141.14 158.09 123.10 159.15

Note: Mean MWTP estimates should be interpreted as annual values, measured in 2010 dollars. Rows
correspond to computing the mean MWTP for a range of values for the park variable.
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