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Abstract

Housing prices have been the subject of many studies, and some of them have tried to determine the influencing structural
and location factors through hedonic econometric models. One of the main factors considered in the literature on real estate
appraisals is the location of the dwellings. For this reason, this study combines the spatial methodologies of geostatistics and
spatial econometrics. On the one hand, this work uses geostatistics to estimate missing data to account for the lack of
information in the sampled real estate websites. On the other hand, the explanatory factors of prices are determined through
spatial econometrics. The combination of both methods facilitates estimating housing prices in Santa Marta (Colombia),
solving the problem of missing data. In the modeling, the problems of spatial heteroscedasticity and multicollinearity are
corrected. This combination of methods could be of great interest to companyies and public agencies related to real estate
activity, which is sustained by the information available on these real estate websites.
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Resumen

El precio de la vivienda ha sido objeto de estudio en multiples trabajos, en algunos de los cuales se ha tratado de determinar
los factores constructivos y localizativos que influyen en el mismo, aplicando modelos hedénicos econométricos. Uno de los
principales factores considerados en la literatura sobre valoracion inmobiliaria es la localizacion de las viviendas, por lo tanto,
que se considera pertinente utilizar tanto métodotos geoestadisticos como de la economtria espacial. En éste trabajo la
geoestadistica se utiliza para la estimacion de datos faltantes, por la carencia de informacién en los portales inmobiliarios
muestreados. Por otra parte, la econometria espacial se utiliza para determinar los factores explicativos de los precios. La
combinacion de estos dos métodos ha permitido estimar el precio de la vivienda en Santa Marta (Colombia), resolviendo
previamente el problema de los datos faltantes. En el modelado se corrigen los problemas de heteroscedasticidad espacial y
multicolinealidad. Esta combinacién de métodos puede ser de gran interés para las empresas y organismos publicos
relacionados con la actividad inmobiliaria, que se nutren de la informacidn disponible en dichos portales inmobiliarios.

Palabras Claves: Modelo hedénico; geostadistica; econometria espacia; precio de la vivienda; datos faltantes;
heterocedasticidad
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When it comes to estimating the price of urban real estate, the theory of hedonic prices (which values property

according to the profit generated by its features) is one of the most widely used, as it allows for determining the implicit prices
of the features that determine the price of such property. These implicit prices are obtained through the application of the
hedonic regression model (Rosen, 1974), in which the coefficients of the explanatory features affecting the price of the
property measure the profit they report. However, on many occasions, the application of the regression model causes
problems related to multicollinearity (Chinloy, 1977); (Mark, 1980); (Tiwari and Parikh, 1998) and heteroscedasticity (Rehak
and Kécer, 2019); (Trojanek and Gluszak, 2018), leading to efficiency issues for the estimated coefficients of the model.
In one of his first works, (Goodman, 1978) used the hedonic price method to estimate housing prices based on the expression
P = f(C), where P represents the price of each dwelling and C is the set of components that are considered to contribute to
explain the price. The selling price of the dwelling will depend on the structural quality of these components. Therefore, under
equilibrium conditions, the marginal price of each of the components will be equal to their marginal valuation (Rosen, 1974);
(Nelson, 1978). The econometric method is useful for estimating such marginal effects and the price of urban housing (Can,
1992).

The application of hedonic models to determine prices in the housing market has continued to be important, as it is
considered an essential tool and a starting point for the analysis of the urban housing market (Can, 1990); (Goodman and
Thibodeau, 2003); (Li et al., 2013); (Zhang et al., 2019).

One of the most widely used methods for estimating econometric models is the Ordinary Least Squares (OLS), but this
method does not consider spatial effects (Anselin, 1992). In the context of OLS, the model coefficients are estimated under the
assumption of no spatial autocorrelation in the disturbances (Zhu et al., 2011). But this assumption is not usually met in the
case of hedonic housing price models since prices are not independent of their spatial location (Case et al., 2004);(Wen et
al., 2017), leading to inefficient estimates (Anselin, 1988).

Subsequent research developed techniques that aim to overcome the limitations of the OLS method in the presence of

spatial autocorrelation by improving the estimate of prices, such as geostatistics (Dubin, 1992); (Chica-Olmo, 1995); (Basu
and Thibodeau, 1998); (Yoo and Kyriakidis, 2009); (Grobel and Thomschke, 2018) and spatial econometrics (Can, 1992);
(Pace et al., 1998); (Von Graevenitz and Panduro, 2015); (Wen et al., 2017).
The features that explain housing prices can be classified into construction and location (Chica-Olmo, 2007); (Li et al., 2012);
(Li et al., 2019); (Poeta et al., 2019). The construction features most frequently used in hedonic models are housing area,
number of bedrooms, number of bathrooms, kitchen, and garage (with positive effects on house price), as well as age (with a
negative effect on housing price) (Goodman and Thibodeau, 2003); (Clapp, 2004); (Conroy and Milosch, 2011); (Sah et al.,
2015);( Li et al., 2016); (Xiao et al., 2017).

In addition, the locational features are determined by the location of the dwelling in relation to its surroundings (Li et
al., 2013); (Simlai, 2014); (Sah et al., 2015); (Chica-Olmo et al., 2018). For this reason, it is presumed that houses close to
each other tend to have similar prices. According to Tobler's (1970) geographic law, "everything is related to everything else,
but near things are more related than distant things." This explains why housing prices show a high degree of spatial
dependence since location factors that strongly influence price, such as accessibility or proximity to externalities, have a
similar influence on nearby dwellings. Specifically, location can generate a positive effect if the property is close to an amenity
or attraction, but it can also have a negative effect when the property is affected by a negative externality in the neighborhood
(Can, 1992), (Zhang et al., 2014). For example, in some cases, factors such as noise, safety or vibrations have an adverse
effect on home appraisals (Bowes and lIhlanfeldt, 2001), or other factors such as atmospheric pollution, electromagnetic
radiation, noise pollution, taxes, among other factors, also have a negative impact on housing prices (Chay and Greenstone,
2005); (Geng et al., 2015). This spatial dependence on housing prices will also lead to spatial autocorrelation in the
disturbances of the econometric model (Can, 1998); (Basu and Thibodeau, 1998).

Regarding Latin America, some studies on hedonic prices have been carried out. They have included construction and
location variables in their models. Thus, including location variables has improved the results of the models. For example, in
the city of Medellin (Colombia), the results of the model improved after including the spatial component (Urrea et al., 2019).
Some studies also showed that structural features had more influence on housing prices than locational features, as shown in
the city of Juarez (Mexico) (Fierro et al., 2009) or in the Metropolitan Region of Chile, where age and surface area were the
most relevant variables (Sagner, 2011).

However, other characteristics related to the quality of life and income level have also been used to estimate hedonic
price models, as in the city of Buenos Aires (Argentina), where the results were consistent and showed a strong correlation
between price, income level and neighborhood characteristics (Cruces et al., 2008). Similarly, in the city of Santa Marta
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(Colombia), a strong relationship was found between income level and the demand for this real estate (Garza and Ovalle,
2019).

It is important to consider that public services are not adequately provided in several areas of Latin America. This
deficit in services generates a differential that affects housing prices in these areas. Thus, in Machala (Ecuador), a study to
assess the price of housing rental concluded that the most relevant variables, those with the greatest impact, were the quality
and availability of public services, together with the distance to the city's central park (Zambrano-Monserrate, 2015). In
Brazil, it was observed that areas with an adequate water supply and garbage collection services significantly increase
housing rental prices (Morais and Cruz, 2015).

In the Latin American region, there have also been studies that considered the ease of access to public transportation
through the proximity of the dwelling to an urban transportation station. These studies show that proximity has an impact but
in different ways. According to (Rodriguez and Targa, 2004) and (Mufioz-Raskin, 2010), proximity to transport stations
positively influences housing values in the case of Bogota (Colombia), while in Buenos Aires (Argentina), the impact of
proximity to transport stations on property prices is not so significant (D' Elia et al., 2020). However, in Santa Marta
(Colombia), it has been observed that proximity to freight railways has a negative effect on housing prices (Chica-Olmo et
al., 2018).

A problem when applying regression models to models involving different information sources is the absence of
information on some explanatory variables. Sometimes the sample information is not consistently provided by the different
sources. This problem must be addressed by using some statistically valid method. (Anselin, 1992) suggests solving this type
of difficulty by applying the Kriging interpolation technique to predict the values at the locations where no observations are
available. Therefore, this is a tool of special importance when seeking to improve the estimates in case data are unavailable
for all the variables at the sampling points.

In this work, three hypotheses are proposed:

H1. Incorporating missing data information improves the quality and significance of the model variables.

H2. Housing prices in the city of Santa Marta show an increasing spatial trend from the outskirts to the coast.
H3. Housing prices do not necessarily have to be related to some points of interest.

This paper is structured as follows: after the literature review related to hedonic prices and the different methods used
for their determination, there is a brief explanation of the spatial methodologies used in this work, such as geostatistics and
spatial econometrics. Then, the main results obtained by applying the aforementioned methods are presented. Finally, the
conclusions of the study are included.

2.1  Geostatistics

Classically, hedonic models have been estimated using Ordinary Least Squares (OLS). However, this technique may
present problems since it does not consider the presence of spatial dependence, which means that the housing price is not
independent of its location in space. In addition, it may present structural instability, which implies that the parameters take
different values if the property is located in a certain area or not (Baronoi et al., 2018).

Fortunately, the development of Geographic Information Systems (GIS), spatial econometrics and geostatistics has
enabled to consider the presence of spatial dependence.

Through GIS, a cartographic model is generated that shows the relationship between the housing price and its location,
i.e., the spatial distribution of housing prices can be observed. According to (Can, 1998), GIS is a powerful tool for obtaining
a geographic visualization of dwellings to facilitate spatial analysis and data management.

GISs also contribute to spatial analysis using geostatistical methods, which are extremely useful tools to be applied in
real estate. Also, through the application of the geostatistical Kriging interpolation tool, it is possible to extend the estimates
to areas where there is a lack of sample information.

Kriging has proven to be a useful tool not only in real estate or mining, where it originated but also in other fields of
study. For example, in the area of health, it was possible to identify the geographic disparities of breast cancer in the USA,
using Kriging to solve the problem of the lack of homogeneous information caused by a change in the data collection
methodology, with almost 70% of missing data (Chien et al., 2013). This geostatistical tool has also been used in meteorology
to solve problems of incomplete information. According to (Kilibarda et al., 2014), it is required to use interpolation methods
when forecasting daily temperatures from spatio-temporal data. When pixel loss of more than 50% occurs, Kriging regression
models are used to obtain better maps resulting from a global geostatistical model.
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Geostatistics has also been used in real estate appraisals with missing data through the Cokriging method. This method
was used to estimate the prices of commercial premises in Toledo (Spain), with auxiliary information provided by the prices
of surrounding dwellings, which significantly improved the quality of price predictions (Montero-Lorenzo et al., 2009). This
methodology has also been applied in the city of Granada when using heterotopic data samples to estimate housing prices
(Chica-Olmo, 2007).

Besides geostatistics, other research solved the problem of missing data using different methods. (Lesage and Pace,
2004,) in their study on hedonic prices to determine housing values, used a Monte Carlo experiment to improve the sample,
managing to reduce the prediction errors by more than 75%. Also, (Kelejian and Prucha, 2010) applied a model with spatial
lags to overcome this problem. They worked with the complete sample and obtained better estimators that minimize the
disturbance terms associated with the spatial correlation. In addition, (Li and Li, 2018) addressed this problem by using a
Cubic Spline Interpolation Model to analyze the negative relationship between the bad odor from landfills and housing prices
in Hong Kong.

2.2 Spatial Econometrics

Furthermore, in order to carry out the spatial econometric modeling, an Exploratory Spatial Data Analysis (ESDA)
can be performed to contrast the possible presence of spatial autocorrelation (Anselin et al., 2006). Finally, SAR/SEM spatial
regression models are estimated, and the Lagrangian Multiplier (LM) is used (Anselin, 1988) to choose the model with the
best significance.

In spatial econometrics, when considering the presence of spatial autocorrelation, it is necessary to specify the form
and degree of the neighborhood between georeferenced data. For this purpose, the W-weight matrix is used, which helps to
establish multidirectional spatial relationships, i.e., the interdependence between regions (Can, 1990); (Corrado and
Fingleton, 2011); (Anselin and Rey, 2012).

To carry out the house pricing estimate in this study, we will use spatial econometrics and geostatistics as techniques
that rely on spatial effects related to location. On the one hand, the lack of information in some sample observations has been
overcome by applying the Kriging spatial interpolator, which helped to enlarge the sample. On the other hand, spatial
econometrics has been applied to perform tests to validate assumptions and estimate the effects of price drivers.

When data is searched throughout space, the value will depend on the location, which translates into structural
instability in space because the observations are not homogeneous. This aspect implies heterogeneity in the data, so the
previous condition implies that heteroscedasticity problems are generated (Anselin, 1988). A proposal to solve this problem
is based on the application of spatial models developed by (Cliff and Ord, 1973); (Cliff and Ord, 1981), widely used in the
field of spatial modeling (Kelejian and Prucha, 1998), (Kelejian and Prucha, 1999), (Kelejian and Prucha, 2010); (Arraiz et
al., 2010), which is based on the following expression:

y= Wy + XA +u

u=AMWu+g¢

In this expression, y is a n x1 vector of observations of the explained variable, X is the n x k matrix of observations of
k explanatory variables, W is the n x n matrix of known spatial weights, g is a k x 1 vector of regression parameters, 2 and p
are scalar autoregressive parameters, u is a n x 1 vector of regression disturbances which may present spatial autocorrelation
and & are normally and independently distributed disturbances.

If A and p are different from zero, the model is called SARAR. When p is different from 0 and A is equal to zero, it is
called SAR (Spatial autoregressive), and when p is equal to 0 and 4 is different from zero, it is called SEM (Spatial Error
Model). Of these three models, SAR and SEM are the most widely used in practice. Lagrange tests (LM) are used (Anselin et
al., 1996) to determine the most appropriate model.

This study estimates housing prices in the city of Santa Marta (Colombia), which is the capital of the Magdalena
Department. The city has a population of 479.000 inhabitants (according to the 2018 census of the National Administrative
Department of Statistics (from the Spanish Departamento Administrativo Nacional de Estadistica, DANE). This city has an
area of 2,393 km?, of which 36.6 km? belong to the urban area. The urban area is known for being monocentric, having its
main commercial and business center next to the coastal area on the shores of Santa Marta Bay, which belongs to the
Caribbean Sea. According to the DANE census, 75% of the dwellings are single-family homes.
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The information related to the sample data of the properties for sale in Santa Marta was obtained from different real
estate agency websites. Specifically, the real estate websites consulted were Metrocuadrado, Safe, Coldwell Banker and
Habitat Kasa. Data collection focused on the urban perimeter of the city of Santa Marta, in particular, on second-hand single-
family dwellings for sale. The prices offered for these properties were obtained from these websites. The construction or
structural features observed were the price of the dwelling (RV), expressed in millions of Colombian pesos; number of
bedrooms (HABITAC); number of bathrooms (BANOS); constructed area in square meters (M2); age, in years (ANTIG); the
dichotomous variables GARAGE: 1 if the dwelling has a garage and 0 if it does not; and PISCINA: 1 if the dwelling has a
swimming pool and 0 if it does not. This cross-sectional information, obtained from real estate websites during the first half
of 2016, represents approximately 24% of the dwellings offered in that period, as approximately 900 single-family properties
were for sale.

In addition, the following location variables were considered: distance to the nearest university (DUNIV), distance in
km to the nearest supermarket (DSUPERMDO), distance in km to the nearest shopping center (DCTROCCIAL), distance in
km to the center (DISTC) and the UTM coordinates of each dwelling in deviations from the mean (COORDXM and
COORDYM). These coordinates allow considering the increasing spatial trend of prices (Chica-Olmo, 1995); (Chica-Olmo,
2007).

The information is cross-sectional and corresponds to dwellings located in the urban perimeter of the city of Santa
Marta (between the 1st and 66th lanes and between the 4th and 50th streets approximately). It is important to mention that
the information provided by the different real estate websites is heterogeneous. In particular, not all the websites provided
the age of the property. In short, within the sample of 211 dwellings, only complete data was available for 142 dwellings.
Figure 2 shows the location of the sample dwellings and the price. This figure shows that the highest prices are found close
to the center of the city, which is located near the seaport. There is also a spatial drift determined by a plane that goes from
the coast (with high values) to the city outskirts (with lower values). It is also observed that there are points of interest such
as universities, supermarkets or shopping centers, both in the downtown area, where values are high and, in the outskirts,
where values are low.

(Figure 1) shows the outline that summarizes the development of the work. First, a base model (Mod 0) was estimated
in which regression was performed with the data from the original sample, with the distinction that the age variable was not
found in all the dwellings. After that, Kriging was applied to estimate the missing data for age, and a new model (Mod 1) was
obtained. The orthogonality method was then used to solve the multicollinearity problem, obtaining a new model (Mod 2).
Finally, based on (Anselin et al., 1996), two spatial SEM models are estimated, one where heteroscedasticity is not controlled
(Mod 3) and the other where this issue is controlled (Mod 4.) Therefore, the assumptions for the validity of the model are
fulfilled.

Absence of the
M (o) d O Georeferenced age variable in
data several points
Age estimated
M O d 1 through
interpolation
Application of
M (0] d 2 Orthogonality orthogonal
regression
Heteroscedasticity
MOd 3&4 n n contro'

Figure 1. Outline of the research process
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Figure 2. Spatial distribution of housing prices and some sites of interest in the city of Santa Marta

To overcome the problem of the lack of information on age, the Kriging method was used, which consists of an estimate
through interpolation of the weighted average value that requires experimental and structural information (Chica-Olmo,
1994). That is to say, a statistical prediction of a value for the unsampled sites is obtained from the available data (Felus,
2001). Therefore, this method will estimate the missing data for the age variable. (Figure 3) shows the isovalue map of age

obtained through Kriging.
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Figure 3. Spatial distribution of the age variable of dwellings in Santa Marta and their estimates obtained by kriging

(Table 1) shows the descriptive statistics of the construction and locational features. It should be noted that the variable
ANTIG represents the age of sampled dwellings and the estimate by Kriging of the dwellings without available values. From
the results of this table, it can be summarized that 87% of the properties have a garage, 15% have access to a swimming pool,
and, approximately, on average, have 3 bedrooms, 3 bathrooms, 156 m? and are 16 years old. It is noteworthy that the average
number of bathrooms is 3, equal to the average number of bedrooms. It is also striking that there is one property with 6
bathrooms, as it is a luxurious property of about 615 m? in an exclusive neighborhood of the city.

w G
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Table 1. Descriptive statistics

Variable Mean St. Dev. Var. Coef. Min Max
VR 287.737 167.544 | 0.609 60 1200
GARAIJE 0.872 0.335 0.410 0 1
HABITAC 3.242 0.739 0.277 2 6
BANOS 2.938 0.952 0.350 1 6

M2 156.545 93.116 0.672 50 615
PISCINA 0.152 0.360 2.536 0 1
DUNIV 0.858 0.399 0.465 0.160 1.923
DSUPERMDO 0.789 0.386 0.489 0.063 2.601
DCTROCCIAL 1.024 0.543 0.530 0.110 2.465
COORDXM 79.475 1,428.291 17.972 -2,707.738 | 3,672.262
COORDYM -55.599 1,160.799 -20.878 -2,5657.409 | 2,296.591
ANTIG 16.380 12.389 0.756 1 66

This section presents the main results obtained from the methodology proposed in this study. First, we show the results
of the model estimated by OLS, whose endogenous variable is the logarithm of housing prices and whose explanatory
variables are the construction and locational features of the dwellings (Mod0-OLS, Table 2). To estimate this model, the 142
dwellings with all the information available were used. This model shows that all the construction variables are significant
except ANTIG and PISCINA. As for the location variables, no variable related to the distance to points of interest (distance
to the university, supermarkets or shopping centers) is significant, although the variables that include the distance to the city
center and the spatial trend of prices, collected by the geographic coordinates are significant.

To solve the problem of missing data corresponding to the ANTIG variable, the Kriging method has been applied, and
the missing values of this variable (69 dwellings) have been replaced by the estimates obtained using this method. Thus, a
sample of 211 data was available. From these new data, Mod1-MCO was estimated (Table 2). In this model, the significance
of the ANTIG variable and the quality of the model improved. Regarding the verification of the hypotheses of the regression
model, serious multicollinearity problems were detected with the DISTC variable, as it presents an IVF (variance inflator
factor) of 159, which is much higher than the maximum recommended value of 10 (Kennedy, 1992), with 116,111 being the
number of condition. To solve this multicollinearity problem, (Garcia et al., 2020) propose the use of orthogonal regression,
estimating the following auxiliary model:

DISTC, = ¢ + 2, COORDXM, + o, COORDYM, +

This methodology to solve the multicollinearity problem has been applied in models 2, 3 and 4. The residuals of the
auxiliary model collect the information provided by DISTC that COORDXM and CORDYM do not explain. Model 2 (Mod2-
Ort, (Table 2)) includes these residuals as an explanatory variable, which has been called DISTCRES, representing the effect
of the distance to the city center, which is not determined by the geographic coordinates of the dwellings. This model no
longer presents serious multicollinearity problems since the highest IVF of this model is 3.124, which corresponds to the
DCTROCCIAL variable, with a condition number of 23.565. For this reason, the orthogonalized variable DISTCRES will be
maintained in subsequent models. Furthermore, this model complies with the normality assumption since the Jarque-Bera
test statistic (which asymptotically follows a chi-square distribution with 2 degrees of freedom) takes the value of 1.093,
corresponding to a p-value of 0.579. However, this model presents problems of spatial autocorrelation in the disturbances
(Moran's | of the errors = 0.246, p-value < 0.000), and of heteroscedasticity (Breusch-Pagan test = 57.938, p-value < 0.000).

We followed the criteria proposed by (Anselin et al., 1996) to determine whether a SAR or SEM model is more
appropriate. The LMlag, RLMlag, LM-Lerr and RLMerr statistics were obtained for the analysis of the presence of spatial
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autocorrelation. The results of the LM tests (Table 3) show the spatial dependence in terms of the error, so the SEM
specification was chosen. The results of the SEM model estimates are shown in (Table 2) (Mod3-SEM1). However, the issue
of heteroscedasticity persists in this model (Breusch-Pagan test = 59.351, p-value < 0.000). In this situation, (Kelejian and
Purcha, 1998) propose applying two-stage least squares to control heteroskedasticity, alternating the generalized moments

method and the instrumental variables method.

(Table 2) shows the estimates of the SEM model controlling for the heteroscedasticity issue. The results of this model
indicate that all the structural variables are significant at 95%, except for the PISCINA variable. It is also observed that the
location variables of distances to different points of interest (such as universities, supermarkets or shopping centers) are not
significant. This is an expected result, considering that these types of points of interest are distributed throughout the city, so
they are located near expensive housing (located in the center of the city) and near more affordable housing (located in areas
farther away from the center) see (Figure 2). On the other hand, variables that account for the effect of large-scale price
variation, such as the coordinates of the dwellings or distance to the city center, are significant. This allows us to contrast
the effect noted above, that there is a monotonic decreasing effect in housing prices from the coast to the outskirts. It is also

observed that the coefficient A is significantly different from zero, which indicates that housing prices depend not only on
the variables specified in this model but also on other location variables not included.

Table 2. Mod0-moc: model 0 before kriging. Mod1-mco: model 1 calculated by ols after kriging. Mod2-ort: orthogonal regression model. Mod3-sem1:
sem model. Mod4-sem2: sem model controlling for heteroscedasticity

Mod0-MCO I\I\/}IOC(Ij(l)- Mod2-Ort | Mod3-SEML1 | Mod4-SEM?2
Constant 6.4195%** 6.259*** 4.565*** 4.561*** 4.598***
Construction. Variable
GARAJE 0.1745** 0.214*** 0.214*** 0.210 *** 0.221***
HABITAC 0.0876** 0.076*** 0.076*** 0.080*** 0.067**
BANOS 0.1386*** 0.125*** 0.125*** 0.115*** 0.122%**
M2 0.0020*** 0.002*** 0.002*** 0.002*** 0.002***
PISCINA 0.0562 0.049 0.049 0.064 0.067
ANTIG —0.0037 -0.004 ** -0.004** -0.004* -0.005**
Location Variable
DUNIV 0.0000 -0.062 -0.062 -0.070 -0.074
DSUPERMDO 0.0000 0.004 0.004 0.007 0.009
DCTROCCIAL —0.0001 -0.098* -0.098* -0.054 -0.064
COORDXM 0.00045*** 0.00045*** -0.00004* -0.00005** -0.00004*
COORDYM -0.00014* -0.00014* 0.00010%*** 0.00010%*** 0.00012***
DISTC —0.0006*** -0.00058***
DISTCRES -0.00058*** -0.00072*** -0.00064***
A 0.4250%** 0.2150**
R Square 0.760 0.819 0.819 0.838 0.840
N 142 211 211 211 211

Note: " not significant, "*" significant at 10%, "**" significant at 5%, "

Table 3. Lm statistics

Statistics

LMerr

24.634 (0.000)
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RLMerr | 6.774 (0.009)
LMlag |20.182 (0.000)
RLMlag | 2.322(0.128)

Note: p-values between brackets

It is important to mention that although the starting point was a sample with incomplete information due to the lack of
information on the age of 69 dwellings, it was possible to extend the sample and improve the quality of the model and the
significance of the age variable (H1) thanks to the spatial estimate of the age of the dwelling, using the Kriging method. In
addition, this work has included location variables. Among these, the distance to the center and the spatial trend were highly
significant (H2).

It was also found that some location factors, such as distance to certain points of interest, were not significant in this
case (H3), probably because these points of interest are located either in areas with higher prices or with lower prices.

In addition, the problem of heteroscedasticity was controlled by applying the generalized moments method and
instrumental variables. All structural variables were also significant at 95%, except PISCINA. It was also found that the
Mod4-SEM2 model obtained better results than the conventional hedonic price model. This model showed advantages
because it considers the interaction between the characteristics of the dwelling and its location. Therefore, according to the
results, when the data obey a heterogeneous spatial structure, spatial econometric models are preferable, which have been
fundamental in the study of housing price estimates within the hedonic price approach.

The results obtained in this study may be relevant for the real estate or construction sector because these results
provide information on the most influential attributes of housing prices. These include, for example, construction factors such
as surface area, the existence of a garage, number of bathrooms, age, and number of rooms or location factors such as
distance to the city center or the decreasing spatial trend of prices from the coast to the outskirts of the city. The study also
shows that incorporating missing information improves the significance of some variables in the model, for example, the age
of the dwellings. The results obtained can serve as a reference for the city appraisers when assigning a price to a property.
These results can also be useful for developing social real estate projects related to the District Mayor's Office.

As future lines of work, we propose the geostatistical modeling of housing prices considering the above variables and
complementing it with the addition of variables with neighborhood characteristics, such as proximity to parks, recreational
areas and schools to determine whether they would be significant and to what extent they would improve the level of
significance of the model. Therefore, it can be considered that housing prices not only depend on the variables specified in
this model but also on other location variables that are not included in the model, such as places of interest in the city, which
could have an impact on the price.
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