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Abstract: This paper compares the results of two models, one hedonic and the
other geostatistical, when obtaining housing price estimates in the Rumifiahui canton,
Ecuador. In the first model, different parameterizations of the variables that make up
the hedonic model are used to obtain the best predictions. For the geostatistical case,
the predictions are composed of a trend function that depends on certain housing
characteristics and a spatial error term, which is modeled from a residual variogram.
The performance of each model is compared by an analysis of prediction errors from a
validation data set. The results indicate a better performance for the geostatistical model,
since it considers, in addition to certain inherent characteristics of each house, the effect
of its spatial location on the selling price.

Keywords: Hedonic regression, Variogram, Kriging methods, Housing prices.
Resumen: En el presente trabajo se comparan los resultados de dos modelos, uno
hedénico y otro geoestadistico, al momento de obtener estimaciones de precios de
vivienda en el cantén Rumifiahui, Ecuador. En el primer modelo, se recurren a distintas
parametrizaciones de las variables que conforman el modelo hedénico para obtener las
mejores predicciones. Para el caso geoestadistico, las predicciones se componen de una
funcién tendencia que depende de ciertas caracteristicas de la vivienda y un termino de
error espacial, el cual es modelado a partir de un variograma residual. El comportamiento
de cada modelo es comparado mediante un analisis de errores de prediccién a partir de
un conjunto de datos de validacién. Los resultados indican un mejor rendimiento para
el modelo geoestadistico, pues este considera ademds de ciertas caracteristicas inherentes
a cada vivienda, el efecto de su ubicacién espacial sobre el precio de venta.

Palabras clave: Regresion hedénica, Variograma, Métodos kriging, Precios de vivienda.

INTRODUCTION

33.7% of the population in Ecuador has a qualitative housing
deficit (INEC, 2018). The Organic Code of Territorial Organization
determines the guidelines to establish the appraisals of assets to the
decentralized autonomous governments. However, the appraisal of these
assets does not determine their commercial value (sale price), which is
determined by supply and demand (Rincén, M. & Campo, J., 2016).
The estimation of the price of the good by means of models is
of vital importance. Thus, hedonic regression models are the most
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common alternatives when estimating the price of housing based on
its characteristics and location (Griliches, 1971). In general, hedonic
regression models aim to determine the exogenous variables that affect
the price and its estimation (Bover & Velilla, 2001).

The exogenous variables that affect price are those associated with
the characteristics of housing, its surroundings, proximity to areas of
influence, as well as the economic variables of the sector where the
housing is located. These characteristics are considered to be: micro-local,
macro-local and general (Derycke, 1983).

However, the price of a particular house can also be affected by the
price of neighboring houses. In this case the effect of spatial dependence
can be analyzed using geostatistical models. The use of spatial kriging
prediction methods to obtain housing price estimates has already been
widely used, for example in Martinez, Lorenzo and Rubio (2000), Chica
(1995), among others. Usually, these models include both information
on certain housing characteristics as well as their spatial location to obtain
housing price predictions.

In this article, we intend to compare the estimates of housing prices in
Cant6n Rumifahui in Ecuador obtained from these two types of models.
The following section presents the theoretical hedonic and geostatistical
models considered in both cases. Then, in section 3, the modeling and
validation data sets used are presented, as well as the estimates obtained
for both models, followed by a statistical comparison of the hedonic
and geostatistical prediction errors. Finally, the main conclusions and
recommendations of the present study are given.

MATERIALS AND METHODS

In this paper, variables were compiled to explain the price per square
meter of a house. Montero (2004) presents the methodology used for
local government appraisals for the average price per square meter by
municipality, community and nationally as a measure that determines
the price according to the location of the property. Chica-Olmo et al.
(2007) propose the price of housing as an analysis variable and certain
construction characteristics of housing and dichotomous variables such
as the year in which the measure was taken as explanatory variables, with
which they intend to collect the inter-annual variations in prices. Another
type of variable that is expected to explain housing prices are macro-local
variables. Thus, the following type of variables are expected to be collected
for the present work:

. Housing characteristics;

. Location; and,

- Location (proximity) to sectors of interest.

Chica-Olmo et al. (2007) propose hedonic models as a function that
seeks to explain an analysis variable (in this case the variable Pxm2T)
as a function of a vector of variables (attributes or characteristics) that
conceptually influence the analysis variable. In general terms, the model
can be expressed as follows:
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where the variable Pxm2T. is the price of the total square meter
of a house (obtained from the proposed hedonic model), which is
explained by the arguments described in the function fand a which# is an
independent random variable following a normal distribution with zero
mean and variance#. .

In this particular case, vector . describes the variables that describe the
characteristics of the real estate, such as: land area, construction area,
number of bedrooms, number of bathrooms, among others. . collects the
factors associated with the neighborhood in which the property islocated,
for example: socioeconomic level and safety. . are the characteristics
within the regulatory plan, such as: population, social and cultural
growth, which influence the price of housing (Figueroa & Lever, 1992).
On the other hand, vector . explains whether the property is located near
areas of economic influence.

According to Lever (2000) the relationship between the variable under
analysis and the explanatory variables are not always linear and usually
respond to a logarithmic form. The hedonic regression model must
meet the assumptions of error normality, constant variance and error
independence. The hedonic model [1] will be used in the present work,
using a linear regression model given by:

where

is the intercept of the linear model and

is the vector of coefficients related to housing characteristics,

represents the coefficients that explain the relationship of the price of
the total square meter with respect to the neighborhood factors. As well as

is the vector of coefficients related to the proximity of the property to
areas of economic influence. Y,

the coefficients that explain the linear relationship of the price per
square meter of housing with respect to the characteristics of the location
of the property.

The main assumption in a geostatistical model is that the variable of
analysis (in this case, the total price per square meter obtained through
this model, Px722T.) depends in some way on the special location of the
house. For our case, we will express this model as follows:

where p(.) is a trend function that is related to certain explanatory
variables ., and# (.) is an error term with zero mean that depends on the
spatial position ., whose covariance is given by the function:

being the #.variance of the errors, and. (.) is called the (semi)variogram,
which depends only on the distance . between two spatial positions, and
is defined by:

In the model [3], the trend function captures the effect of certain
variables related to housing on the price of housing, which can be
estimated by:

where

the coeflicient vector of a linear regression model between Px7227T and
the independent variables ..

Likewise, the effect of spatial dependence on the dependent variable
is represented through #(.), specifically through its variogram. The
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estimation of .(.) is done through a process called "Structural Analysis",
which consists of the following steps (see e.g. Cressie, 1993, Section 2.6):

1. Estimate the errors from the residuals given by: .(.) = Pxm2T. -

(),

2. Obtain a pilot variogram from these residues.

3. Fit a valid variogram model (u) to the pilot variogram.

() to the pilot variogram.

For step 1, it is first necessary to have constructed the linear regression
and then to construct the pilot variogram from the corresponding
residuals. The empirical or Matheron estimator (Matheron, 1962) is
usually used to obtain this first variogram. Subsequently, a valid variogram
model is chosen that best fits this pilot variogram, which depends on
certain parameters, namely: "nugget effect”, "threshold" and "range" of the
variogram, represented by .., .., and . respectively. It is worth mentioning
that, while the nugget effect indicates the variability of the errors near the
origin (i.c. at very small distances), the threshold expresses the variability
at large jumps. Also, under certain conditions, it is true that c+. c=.#.. On
the other hand, the range indicates the maximum distance up to which
the spatial dependence maintains its influence on the analysis variable.

Then, there are several valid variogram models, such as the Circular,
Spherical, Exponential or Penta-spherical (these and other models can be
seen in Chil¢s and Delfiner, 1999, section 2.5.1), where each one expresses
the functional form of the variogram from the fitted values for .., ...and ..
This fitting is usually done by weighted least squares, minimizing the
squared errors between the pilot variogram and the chosen model.

Once the estimator (u) has been obtained, this variogram

(), this variogram can be used to construct spatial predictions of the
error term at a specific spatial position .., for which kriging interpolation
methods are used (see e.g. Wackernagel, 1998, Chap. 11.). This method
uses the spatial information of the variable of analysis, to obtain the simple
kriging predictor

(..), which is expressed as a weighted sum:

(.)=

()

where

are known as the kriging weights and are computed from the fitted
variogram

(.), while .(.) are the residuals obtained at the . observed sample
positions (in our case, . = (longitude, latitude) of the location of each
house in the modeling dataset).

From this kriging prediction the house price estimate can be
constructed from the model [3], i.e.:

It is worth mentioning that kriging methods can also be used to
compare the fits of different models, and thus select the best of them by
statistically comparing their prediction errors, either by using a modeling
dataset and a validation dataset, or by using cross-validation techniques.
These approaches were used in the following section to obtain the valid
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variogram model, as well as to compare the estimates obtained with the
geostatistical model with those corresponding to the hedonic model.

RESULTS

The data used in this paper correspond to information contained in
some portals of available housing sales in Ecuador. The information was
collected from advertisements made between January 1 and March 20,
2019 in the Ruminahui canton, province of Pichincha, Ecuador.

From an initial total of 700 ads, first the duplicate records were
purged. Then we proceeded to geolocate each ad, filtering those whose
confirmed location corresponded to the Ruminahui canton, and also
considered the cases in which the information (characteristics of the
property) is complete. Finally, a purified database of 296 records was
obtained, with the following variables: Total area (SupT), Covered
arca (SupCub), Number of rooms (NumCua), Number of bathrooms
(NumBan), Number of parking spaces (NumEst), Age in years (Anti),
Location: Latitude and Longitude (Lat, Log), Sales Price (.), Number of
Floors (NumPis), Condominium Membership (Cond).

The above variables collect the characteristics of the goods for sale,
so then we proceeded to collect external information that may affect
the price of housing. The geolocation of: educational units with high
school, health facilities (public and private), economic zones (shopping
malls, commercial areas) and higher education institutions (universities
and institutes) were extracted within the Rumifahui canton. Then, we
proceeded to calculate the minimum distance of each home for sale
to each of the types of locations described in this paragraph. Finally,
the following variables were obtained for each dwelling: Minimum
distance to an educational unit (DminCE), Minimum distance to
an economic zone (DminCEC), Minimum distance to a health
establishment (DminCS), Minimum distance to a higher education
institution (DminCES), Minimum distance to a commercial zone
(DminCEC), Minimum distance to a health establishment (DminCS)
and Minimum distance to a higher education institution (DminCES).

Information was also collected on the location of the house, since
the neighborhood where it is located can also influence its price. The
neighborhood dummy variables considered are the following: Armenia
(ZArm), 1al6 (ZIla), El Triangulo (ZT7ia), La ESPE (ZEspe), Rancho
(ZRanc), River Mall (ZRiver), El Colibri (ZColi), Sangolqui centro
(ZSang), Panamericana sur (ZPana), Selva Alegre (ZSelva), Barrio Carlos
Gavildnez (ZGavil).

Finally, based on the variable . and Sup T, the variable that is the object
of this study, total square meter price (Px27T), is calculated. Figure 1
shows the location of the dwellings that are the subject of this study.
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Figure 1
Location of houses - Cantén Ruminahui.

Of the total number of records obtained, the data set was divided into
a modeling data set and a validation data set. The between set represents
90% (267 records) of the total data, which were randomly selected.
The validation set (29 records) was used to compare the predictions of
the hedonic and geospatial models. Based on the model [2] presented
above, a linear regression model was estimated to explain the price of the
total square meter of housing, considering the variables that describe the
characteristics of the housing, the variables of minimum distance to zones
of influence, as well as the variables of the location of each house (zones).
The variables corresponding to socioeconomic factors of the location (.)
are not considered in the linear model since the sector of analysis is only
139 km. (canton Rumifahui), so there is no updated information on this
type of variables at this level of disaggregation. Finally, the model used for
the estimation is:

+0,

After performing several regression models, it is necessary to
transform the variables Num Cua, NumBan, NumEst and NumPis into
dichotomous variables in order to comply with the assumptions described
in the previous section. For the transformation, it is considered that these
categories are homogeneously distributed, as shown in Figure 2.
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Figure 2
Pie charts of variables to be transformed.

Table 1

Proposed coding of variables

Dummy Assignment to dummy variahle
variable 1 0

DEst MNumEst > 2 Opposite case
Dpis MNurrFis > 1 OpPOSsite Case
Dcua NumCua > 2 Opposite case
Dhan MNumBan =3 OppOsite case
Ant Ant =0 Opposite Case

Therefore, the proposed coding is shown in Table 1.
Table 1. Proposed coding of variables

In addition to this, the minimum distance variables were standardized

in order to prevent their dimension from influencing the model. With
these transformations the hedonic regression models are made. This is
presented below.

Table 2

Comparison of worked models

Model Goodness Normality Homocedasticity Correlation
Dear of fit

Lilliefors Eartlett Durbin-watson
MH1I 02553 0.09467 0.33 0.662
MH2 0.2558 0.09725 0.38 0.754
MH3 0.3082 0. 2056 0.41 0.454
MH4 0.3078 0.1348 0.41 0.41

Then, several linear estimation models were performed, selecting the
one that presented the best goodness of fit, as well as compliance with
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the assumptions of normality, homoscedasticity and correlation, Table 2
shows a summary of the four best models and the one selected.

Table 2 . Comparison of worked models

From the results obtained in equation [6] it is explained that the price
of the total square meter of a house in the Ruminahui canton. Regarding
the variables related to the characteristics of the good (.), having more
than two rooms is the variable that most explains the price of housing,
while the fact that the house has more than two parking spaces and more
than one floor, negatively affects the price, on the other hand, the fact that
the house is not brand new has a positive influence on the price per square
meter as well as the fact that the house is located within an urbanization.
Regarding the variables that describe the proximity of the house to zones
of influence (.), being close to a health center has a negative influence on
the price, as does being close to a higher education center (university or
high school). Finally, the zoning variables (.), when the property is located
in the areas of the Universidad de las Fuerzas Armadas ESPE, has the
most positive effect on the price per square meter, followed by the areas of
Armenia, El Tridngulo, Ilal6 and Panamericana respectively; on the other
hand, when the property is located in the area of Gavildnez, the effect on
the price is negative.

It is important to note that the

of the model explained by equation [6] is 0.3078, so it does not capture
much of the existing variability. On the other hand, the proposed model
meets all the assumptions of normality, linearity, homoscedasticity and
independence, this is shown in Table 3.

Table 3 . Diagnostic tests of the hedonic model

H.

Table 3
Diagnostic tests of the hedonic model

Diagnostic tests for regression P-value
Normality of residuals (Lilliefors) 0.135
Autocorrelaton {(Durbin Watson Test) 0410
Homoscedasticity (Bartlet) 0.410

As indicated in section 2.3, the first step is to obtain the estimation of
the trend function p(.) by means of a multiple linear regression, in order
to obtain [4]. For this purpose, we selected those quantitative variables
of information on the dwellings that presented the highest values of
linear correlation with respect to Px27.. The variables finally selected
were: Number of rooms (NumCua), Number of bathrooms (NumBan),
Number of parking spaces (NumEst), Years of age (An#i) and Number of
floors (NumPis). Therefore, the model [3] initially proposed would be:

However, after estimating the model it was found that the NumCua
and NumBan variables were not significant, so they were removed and the
following estimated trend function was obtained:
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Table 4

Diagnostic tests of the model

Diagnostic tests for regression P-value
Normality of residuals {(Shapiro-Wilks test) 0222
Autocorrel ation {Durbin Watson Test) 08922
Homoscedasticity (Harrison-McCabe test) 0503
Linearity (RESET Test) 0.088

It is interesting to note that the median price is directly related to the
number of apartments, while it is inversely proportional to the age of the
house, which is to be expected. Regarding the number of parking spaces,
the negative sign could indicate that having too many parking spaces
available is not considered attractive for determining the average price of a
house. It should also be noted that, although this model does not capture
much price variability (R. = 0.19), this behavior is very similar to that
obtained in the hedonic model. However, in the geostatistical approach,
much of the residual variability can be captured in the spatial dependence.
On the other hand, this regression model meets all the assumptions of
normality, linearity, homoscedasticity and independence, as shown in the
following table:

().

The next step was to resort to Structural Analysis to estimate the
variogram. Prior to this, the test based on Moran's Index (Gaetan and
Guyén, 2010, section 5.2.1) was used, which showed that there was a
significant spatial dependence between the residuals (P-value = 0.018).
Based on this result, the empirical estimator was applied to obtain the
pilot variogram. Thanks to this variogram it was also feasible to identify
from which maximum distance a greater spatial dependence could be
evidenced. For this purpose, 4 maximum distances were considered
for the .jumps: starting from the criterion proposed by Journel and
Huijbregts (1978, section 4.1.1.) which is equivalent to 55% of the
maximum sample distance (0.0532° or 5914 meters approx.), and was
reduced to 25% (2688 m), 10% (1075 m) and 5% (538 m), the last one
being the one in which a relevant spatial dependence is observed (See

Figure 3).
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Empirical variograms with different maximum distances for u.

From these pilot estimates, four valid variogram models were
considered for fitting: Circular, Spherical, Exponential and Penta-
spherical. The fitting process was performed by weighted least squares,
and in each case the corresponding nugget effect, threshold and range
estimates were obtained. Cross-validation techniques based on kriging
methods were also used to obtain different error measures, such as the
mean error (ME) and the standardized mean square error (SMSE) as
shown in Table 5.

Table 5 . Parametric model estimates of variogram (u) and cross-
validation error measures.

(.) and error measures by cross-validation.

Table S

Parametric model estimates of variogram u and crossvalidation error measures

Model (22) o oy a EM ECME
Circul ar 1241150 2804597 6001 059 0,938
Spherical 1202558 2849372 B3.28 0.E8 0,928
Exponential 0 45742 3 34 24 087 0806
Penta-spherical 1165578 28911.32 3244 067 0,929

Considering the results of the previous table, it can be deduced that the
Penta-spherical model provides better results, since its EM is lower and its
ECME s closer to 1. It should be noted that, according to the range of this
variogram, the maximum distance over which the spatial dependence has
an effect on the term# (. ) of the model [3] is approximately 82. 44 meters
around each house located at spatial position s. The values obtained for
the parametric variogram parameters can be seen in Figure 4.The values
obtained for the parametric variogram parameters can be seen in Figure 4.
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Therefore, this model was finally selected as a valid variogram to perform
the kriging predictions and the final estimates of the geostatistical model
given by [7] and [8].
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Spatial distribution of validation (red) and modeling (black) data.
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In order to analyze the behavior of both models when predicting
housing prices, the actual Pxm2T values of the validation dataset
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. and geostatistical

.given by [6] and [5] respectively. The spatial distribution of the
Pxm2T sample data considered for validation is shown in red in Figure 5,
while the other points correspond to the values that were used to obtain
the predictions corresponding to each model. It is worth mentioning
that some points of the original validation set were removed due to their
extreme behavior.
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Specifically, the absolute, quadratic and relative prediction errors were
obtained for each estimated model. For example, for the hedonic case they
were calculated respectively:

ertohs = | Pam2T -

L B

err. = (Pxm2T -
Doy

erry = ( Pxm2T -
D)/

Summary statistics for each of these errors for the models considered
are presented in Table 6.

Table 6 . Summary statistics of prediction errors for the hedonic and
geostatistical models from the validation data set.

Table 6

Summary statistics of prediction errors for the hedonic
and geostatistical models from the validation data set

Estimated ermr

2 BIT.

abs err Tel
model 0 Desv St Media Desv 5t Media  Desv St
" 95 70 5251 1235330 1520269 001 021
B 6789 7594 999560 1577649 001 016

As can be seen, the average errors are better for the geostatistical model,
while similar values are observed in terms of their standard deviation,
giving some advantage in general to the prediction

. over its counterpart hedonic version. However, the fact that the
dispersion is slightly higher in the geostatistical prediction may be due to
the fact that certain validation points are located at the spatial boundary
of the data (see Figure 3). This usually generates an effect on the kriging
prediction variance, which in turn makes the predictions less accurate the
closer the house is to the edge of the observation region. It is expected
that, if the data near the border are removed, the prediction variability
will be reduced.

. is reduced.

However, in spite of this boundary effect, it is verified that the
geostatistical predictions generally perform better than the values
obtained by the hedonic model. This can be corroborated, for example, in
the box plots of the relative errors presented in Figure 6.
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Box plots of relative errors obtained for H (left) and G (right).
. (left) and
. (right).
CONCLUSIONS

In general, although both the hedonic model and the geostatistical model
allow obtaining acceptable predictions for the data, the adjustment of
the part related to the variables inherent to housing is quite poor (R2
is very low in both cases). This is due to the housing characteristics
of the dwellings inhabited in the sector, since there are several factors,
from demographic, geographic and cultural characteristics that can affect
the value of the dwelling, but that were not considered at the time of
modeling since they are beyond the focus of this work. Due to the fact
that the research locality (Rumifahui canton) has a total of 129 km2,
it is not possible to obtain socioeconomic information at this level of
disaggregation.

The price per square meter of a house in the canton of Rumifahui
is influenced by the characteristics of the property (I), the proximity to
areas of interest within the canton (U) and the area where the property is
located (Z). In terms of characteristics, a house with more than two rooms
within a complex (urbanized) positively explains the price of the property.
On the other hand, the proximity of the house to higher education centers
is more desirable (in terms of price improvement) than being close to
a health center. The sectors where housing is most appreciated are the
University of the Armed Forces ESPE and Armenia in the Ruminahui
canton.

However, it is observed that the prediction errors of the geostatistical
model show a better performance compared to its hedonic versions. This
derives from the fact that part of the variability that is not picked up by
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the trend function is captured by the spatial dependence of the residuals
through the residual variogram.

Another advantage of the geostatistical model is that the variogram
estimates can explain the extent of spatial dependence. For example, the
rank a obtained indicates that the price of a specific house is somehow
related to the corresponding value of houses located up to approximately
83 meters around.

Regarding the estimation of the variogram, it is necessary to indicate
that several authors have indicated the presence of biases when estimating
the variogram from the residuals, and in turn they propose to correct this
effect by means of different procedures such as iterative algorithms or
non-parametric approximations. However, if any of these procedures are
applied to the geostatistical estimates obtained in this work, it is expected
that, by correcting for this bias, their error statistics will improve even
more, which highlights the importance of considering the information on
the spatial location of housing when estimating the price of housing,
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