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Abstract

The need to consider spatial autocorrelation in hedonic price modelling is paramount
since reliability and accuracy are important in any housing market analysis. Although
hedonic modelling is widely accepted, the issue of spatial autocorrelation has
received little attention in house price studies in Malaysia. This paper examines the
presence of spatial autocorrelation in the hedonic price model using data from
Malaysia. A pilot sample of eighty three-year sale observations (2001-2003) and nine
property attributes were used to construct four types of double-log competing models
namely ordinary least square model (OLS), spatial autoregressive model (SAR),
spatial error model (SEM) and general spatial model (SAC). The results have
indicated the presence of spatial lag and spatial error types of autocorrelation based
on the SAC model. However, based on the out-of-sample test, the models were
found to be equivalent in terms of statistical quality. Despite the findings, it is
important to stress that taking into account the possible phenomenon of spatial
autocorrelation is critical in using hedonic housing price model to ascertain that the
model chosen is free from spatial autocorrelation problem. If the problem does exist,
we can adopt the appropriate steps to improve the statistical quality of price-
estimating model being chosen.
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1.0 INTRODUCTION

Past real estate studies have shown that house price hedonic modelling is popular
for housing market analysis. It involves regressing three main categories of property
characteristics namely structural, accessibility and neighbourhood against property
prices. The inclusion of many variables representing such characteristics can give
rise to multicollinearity, spatial autocorrelation and heteroscedasticity. Of these,
spatial autocorrelation has received the least attention in the real estate literature
(Suriatini, 2005). According to Des Rosiers et al. (2000) spatial autocorrelation is a
problem that can cause imperfections in the application of hedonic models in
housing market analysis. Therefore, it is important to consider this phenomenon in
hedonic price modelling (Malpezzi, 2003).

The fact that spatial autocorrelation is less commonly given attention in real estate
research is not surprising because it is more complex to deal with. Nevertheless,
Suriatini (2006) presents a literature review on spatial autocorrelation in real estate
studies highlighting a number of studies that have considered spatial autocorrelation
in house price models in many countries except Malaysia. Unlike serial correlation
which is one-dimension time-back-tracking, spatial correlation is two-dimensional
and no particular direction is ruled out a priori (Bailey and Gatrell, 1995, 4). In this
context, this paper aims at bridging the gap by examining spatial autocorrelation in
hedonic model from Malaysia.

This paper is organised as follows. Section 2 reviews the literature focusing on the
importance of considering spatial autocorrelation in hedonic price studies. It
highlights the motivation of the paper and focuses on house price studies in
Malaysia. Section 3 describes the data and analyses. Section 4 presents the results
and discussions. Section 5 concludes this paper.

2.0 LITERATURE REVIEW

Hedonic modelling is a regression-based technique founded by researchers like
Haas (1920), Court (1939), Griliches (1961; 1971) and Lancaster (1966), as cited in
Hamid (2001). Rosen (1974) formalises the concept (Hamid, 2001; Gelfand et al,,
2004). Originally developed within an economic framework to study essentially
composite commodities such as cars, refrigerators, washing machines and personal
computers (Orford, 1999, 23), it was not until the development of Rosen’s (1974)
theory of implicit prices of differentiated products that the hedonic approach has
been widely used as a vehicle in econometric modelling for analysing prices of
heterogeneous economic goods.

2.1 Basic aspects of hedonic price modelling

Rosen (1974) set the founding theory that property is bought and sold as a bundle of
attributes, each of which contributes to the price of the property. Since individual
attributes do not have an explicit price, it follows that the price paid for a particular
property is the sum of the implicit prices that the market ascribes to the various
attributes contained in the bundle. Thus, the theory of hedonic price functions
provides a framework for the analysis of differentiated goods, like housing units,
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whose individual features do not have observable market prices (Pagourtzi et al.,
2003). Hedonic price can be represented as follows (Hamid, 2001):

P=p(X1, Xz,...,Xk)
where P represents the explicit price of property, p represents the
implicit price of a vector of k property characteristics, X, comprising
structural characteristics, accessibility and neighbourhood quality.

Hedonic modelling is a well-established technique that has been applied in house
pricing for many years. As the above general equation shows, it is used for
identifying the influence of many factors on house prices with a view to making
inferences about non-observable values of different attributes like air quality, noise,
commuter access (railway, subway or highway) and neighbourhood amenities. In
other words, house price hedonic modelling is concerned with market implicit pricing
of each house characteristic which can be done by regressing or correlating a
measure of house prices against the corresponding property characteristics (Cass,
1980; Fletcher et al., 2000). Besides, the knowledge about the implicit prices of
property attributes can be used to test for the existence of housing sub-markets.

Maclennan (1977, 68) outlined discernible purposes of hedonic modelling of house
prices to include statistical explanation of house price determinants, relative
importance of these elements through house price regression equation, deriving
housing demand function, and testing alternative theories of residential location.

Hedonic modelling is commonly adopted in the valuation of residential properties in
the U.S.A., particularly through mass appraisal, and has been used in the U.K. to a
limited extent (Dunse and Jones, 1998). Construction of a property price index also
makes extensive use of the hedonic technique.

There are two categories of variables involved in house price hedonic modelling
namely dependent and independent variables. The dependent variable is a measure
of house value, which can be represented by rents, sale price, asking price, or even
owner's estimated price. In previous studies, the use of different measures of house
value is evident. Rents are normally used in studies that involve rented properties
while the rest are normally used in studies that involve owner occupied properties.

The use of sale prices is evident in Bowen et al. (2001), Watkins (2001),
Whilhelmsson (2000), McCluskey et al. (2000), Fletcher et al. (2000), Des Rosiers et
al. (2000), Adair et al. (1996) and Chen (1994). Although sale prices have shown to
be the most preferable and widely used, asking prices seem to be acceptable when
sales data availability is a problem (Cheshire and Sheppard, 1998; Henneberry,
1998). Owner's estimations are probably the least preferable in studies that attempt
to examine market interactions of demand and supply, though, they are also
pragmatic to use, provided that their tendency to be overestimated is acknowledged
(Bourassa et al., 1999).

The second category of variable in regression analysis consists of the independent
variables that include all significant factors affecting prices. They are locational (or
spatial) and structural factors.
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While structural characteristics are conceptually straightforward, locational factors
can be somewhat confusing. This is because different elements and different terms
can represent locational factors. For example, Wilhelmsson (2000) has listed three
main factors that households normally consider when buying a house namely its
structural attributes, its location in relation to urban services, and its environmental
attributes. The first refers to property’s structural characteristics. The second refers
to accessibility to urban facilities. The third can be classified as neighbourhood
quality.

This study replicates that of Abdul Hamid’s (2007) in terms of study area and choice
of variables. This is to enable a comparison between his model, (which is free from
multicollinearity, heterocedasticity, and serial autocorrelation) that did not consider
spatial autocorrelation and the models in this study that do otherwise.

This study evaluates the competing models based on their comparative statistical
quality (adjusted R?, F-value, t-values, and coefficient signs) besides their predictive
capability based on out-sample properties. Out-sample predictions are performed as
follows (Pace, 2008: email communication):

Out-sample Prediction for OLS model: yhat = K, ™" 8
Out-sample Prediction for SEM model: yhat =X, * B+ pW(y, — X, B)

Out-sample Prediction for SAR model: yhat=Z7,, + pW(y, —Z,,)

Z=U,-pw)'X,*pB and use Z,, as the predictor

out

(I-pw)" = b for row-standardized weight matrix
Yo,

where, yhat represents predicted price, X, represents independent variables of out-
sample properties, S represents coefficients of independent variables, o represents
spatial autocorrelation parameter, W represents spatial weight matrix, X, represents
dependent variables of in-sample properties and yi, represents actual property
prices.

2.2 Main sources of hedonic problems

The purpose of regression analysis is not only to estimate the coefficient for the
variables but also to draw inferences about the true coefficient. This means that the
reliability of the inferences depends on the stability, and, hence, reliability of the
estimated coefficient.

Statistics attempts to find structure in chaos (Cressie, 1989) and simplify complex
phenomena. In implementing the Ordinary Least Squares techniques (OLS), the
statistical assumptions made about the independent variables and the error term are
critical to the valid interpretation of the regression estimates (Gujarati, 1995, 59). The
simplest structure imposed assumes that observations of a phenomenon are taken
under identical conditions, and independently from one observation to another; that
is the errors are normal, independent and identically distributed (Cressie, 1989).
Guijarati (2003, 66-76) lists ten assumptions of Markov Theorem in applying the
Classical Linear Regression Model (CLRM). Adding another assumption of normality
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of errors to the list creates a Classical Normal Linear Regression Model (CNLRM)
(Guijarati, 2003, 108).

In the presence of violations of the above assumptions, hypothesis tests about
implicit marginal prices of individual attributes become potentially misleading (Bowen
et al., 2001). Three main sources of hedonic problems that are related to violations
of assumptions are multicollinearity, heteroscedasticity and spatial autocorrelation
(Des Rosiers et al., 2001). When these violations occur, a substantial portion of price
variability remains unexplained (Theriault et al., 2003). These problems may occur
due to the integration of large sets of variables into a single regression model (Des
Rosiers et al., 2000; Theriault et al., 2003). Neglecting or accounting only partially for
the spatial elements of the property (Orford, 1999, 23) also can cause them. This
paper focuses on the issue of spatial autocorrelation (or spatial dependence).

2.3 The issue of spatial autocorrelation in hedonic price modelling

According to Miron (1984), the effect of spatial dependence among the unobserved
error term is twofold. Firstly, it makes OLS estimates of the t-test values unreliable.
In other words, the t-values no longer tell accurately whether the included
explanatory variables have a significant effect on the average house price. Secondly,
it is no longer true that OLS estimates are relatively efficient, that is having small
sampling variability associated with them (Miron, 1984, 205). The importance of
these statistical elements in a hedonic price modelling substantiates the need to
detect the existence of spatial autocorrelation in OLS residuals. This is due to the
fact that spatial autocorrelation in sample data can alter the conclusions of statistical
analyses performed without due allowance for the former. The existence of spatial
autocorrelation does not provide minimum-variance unbiased linear estimators and
produces a bias in the estimation of correlation coefficients and variances (Dutilleul
et al., 1993).

In practice, it is important to detect the existence of spatial autocorrelation in the OLS
residuals. This is to help us judging the reliability of the hypothesis testing based on
the model. In addition, Wiltshaw (1996) stresses that consideration of spatial
autocorrelation applies to every cross-sectional empirical study of OLS. According to
him, no particular case study whether imagined or real, can confirm the presence or
absence of spatial autocorrelation in other market analyses. Each case must be
analysed separately, just as done when testing for temporal autocorrelation,
heteroscedasticity and other hedonic problems.

According to Overmars et al. (2003), if autocorrelation is detected in the regression
residuals, this can imply that the regression model should have an autoregressive
structure, or that non-linear relationships between the dependent and the
independent variable are present, or that some important regressors are missing.
There are two types of spatial autocorrelation namely spatial error dependence and
spatial lag dependence (Suriatini, 2006). The first refers to the correlated errors that
occur among the independent variables. It is also called spatial heteroscedasticity. It
can rise from omitted variables, variable measurement error or misspecification of
the functional form. The second refers to the correlated errors that occur between
the dependent variables. It can be said to be true spatial autocorrelation.
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In the study by Wilhelmsson (2002), the Moran’s | test showed that real estate data
are highly spatially dependent. Thus, he believed that even if one tries to account for
spatial effects with the inclusion of distance and sub-markets dummies, one cannot
reject the hypothesis of no spatial autocorrelation. The existence of spatial
autocorrelation despite detailed hedonic specifications is evident in Harrison and
Rubinfeld (1978) as well as Des Rosiers et al. (2001).

Ignoring spatial autococorrelation leads to serious violations of the underlying
independence assumption of OLS regression (Paez et al., 2001), which can result in
erroneous statistical inference due to loss of much predictive power (Pace and Barry,
1997a, 1997b). The importance of detecting its existence as indicated by Bowen et
al. (2001) is appealing. They stated that “...without explicit investigation, the analyst
has no way of knowing if there is a violation, and if so, where the violation
implications lie along the ’subtle-to-severe’ continuum” (Bowen et al., 2001, 472-
473).

The above statement supports Wiltshaw (1996) in that spatial autocorrelation is more
an empirical issue than a theoretical one and, hence, should be tested in every case
of cross sectional analysis.

According to Anselin (1998), the presence of spatial dependence in cross sectional
geo-referenced data can be considered a nuisance or a substantive. He elaborates
that it is a nuisance if the focus of analysis is on obtaining proper statistical inference
(such as of estimation, hypotheses testing and prediction). Meanwhile, it is a
substantive if the focus of analysis is on discovering the form of spatial interaction
such as the precise nature of spatial spill-over, and the economic and social
processes that lie behind it.

When spatial dependence is considered a nuisance, the main objective is to correct
statistical procedures for the effect of the spatial autocorrelation, for example by
increasing the sample size or by using robust methods or adjustments that
incorporates the spatial autocorrelation in a regression error term. When it is a
substantive, the main objective is to incorporate the structure of spatial dependence
into a statistical model and how to estimate and interpret it. Anselin (1998) believes
that the prevalence of spatial dependence in the cross-sectional data used in real
estate analysis requires the application of appropriate techniques of spatial statistics
and spatial econometrics for efficient estimation, valid inference and optimal
prediction (Pace and LeSage, 2003).

A literature review on house price hedonic model discovers eight previous studies
from Malaysia as listed in Table 1. The table shows that all of the studies involved
cross sectional model. Most of them employed data of different years and areas in
Johor Bahru. The fact that none of the studies has considered spatial autocorrelation
serves as a motivation for this paper.
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3.0 DATA AND ANALYSIS

This paper used the secondary data obtained from the study by Abdul Hamid (2007).
As many as eighty three-year sale observations (2001-2003) and nine property
attributes of double and single storey-terraced houses have been involved (Table 2).
The data set covered three adjoining housing schemes of Taman Pelangi (48% of
observations), Taman Sentosa (35% of observations), and Taman Sri Tebrau (17%
of observations) located in the sub-urban of Johor Bahru City.

Table 2: Variables involved

Variable Unit of Measurement

Dependent Variable
House price (PRICE) Malaysia Ringgit (RM)
Independent Variables

Land Area (LA) Square meters (sq. m.)

Gross Floor Area (GFA) Square meters (sq. m.)

Ancillary Area (AFA) Square meters (sq. m.)

Type of Terrace (TERRACE_1) Dummy (single story terrace = 1)

Age (AGE) Years

Condition of the Building (GCOND) Dummy (good condition = 1)

Floor Finishes (FFINISH_2) Dummy (class 2 - combination of parquet,

terrazzo, semen, mosaic or tiles floor finishes =
1)
No. of Bedroom (BEDR_3) Dummy (3 bedrooms = 1)

Distance from CBD (CBD) Meters (m

Des Rosiers and Theriault (1992) believe that the identification and interpretation of
complex phenomena such as spatial autocorrelation of hedonic models residuals
would simply not be feasible without the help of a GIS. Nevertheless, Hamid (2001)
has suggested two options for detecting spatial autocorrelation. Firstly, to estimate
regression prediction errors and input these estimates to GIS data file for spatial
display. Secondly, to use spatial correlation statistics such as Moran’s |. This paper
applies spatial statistics? in examining spatial autocorrelation in real estate data from
Malaysia.

Test for the presence of spatial autocorrelation based on the OLS residuals was
carried out using Moran’s | test and Lagrange Multiplier Error (LM-Error) test. The
procedure for computing statistics for these tests is available in Spatial Econometrics
Toolbox (SET) for Matlab (www.spatial-econometrics.com).

2 Spatial statistics consider spatial dependencies to provide inference that is more realistic, better
prediction and more efficient parameter estimation (Pace et al, 1998). Spatial statistics is concerned
with the methods of analysis that explicitly consider the spatial arrangement of the data (Martinez and
Martinez, 2002, 465) and are appropriate tools for analysing spatial autocorrelation. They are the
most useful tools for describing and analysing how various geographic objects (or events) occur or
change across the study area (Lee and Wong, 2001, 132).

8



INTERNATIONAL REAL ESTATE RESEARCH SYMPOSIUM (IRERS) 2008
28 — 30™ APRIL 2008
Benchmarking, Innovating and Sustaining Real Estate Market Dynamics
PWTC KUALA LUMPUR, MALAYSIA

4.0 RESULTS AND DISCUSSIONS

Based on Table 3, the sampled properties were located about 1.8 — 3.4 km from the
Johor Bahru city centre. The mean land area of the properties was about 162.2 sq.
m. The range of land area was purposely controlled in the sample to avoid too much
variance of this variable. On average, the gross floor area was about 72.5% the size
of land area. The mean ancillary area of the properties was about 32 sq. m.

On the basis of standard deviation, gross floor area has more variation compared to
land area and ancillary area. This means, the people in the market could have been
more concerned about differences in floor area, making this factor a possibly more
influential physical characteristic of residential properties.

The sample was rather dominated by double-storey 4-bedroom terraced residential.
Besides, the majority of the properties, single- and double-storey terraced alike, were
of good building condition and have either parquet, terrazzo, cement, mosaic or tile
floor finishes. The mean age of the residential properties was about 22 years old.
Since these are old housing schemes, the majority of the sampled residential
properties have also undergone some renovation.

Table 3: Descriptive statistics

I minirmum W axirmum Mean Std. Deviation

FRICE a0 160000 433000 26711110 4566 682
LA a0 14306 XME82 1621623 14251058
GFA a0 G921 21832 117 6133 A7.20585
B a0 T.43 T0.86 31.6084 11.07 191
TERRACE 1 a0 1] 1 .86 499
TERRACE 2 a0 1] 1 A4 499
AGE a0 14 28 22.449 3.230
GCOMD a0 1] 1 .99 12
BCOMD a0 1] 1 .01 12
FFIMISH_1 a0 1] 1 .98 RET
FFIMISH 2 a0 1] 1 03 NET
BED_3 a0 1] 1 A3 403
BED_4 a0 1] 1 A48 403
CBD a0 184211 3421.08 2580.2645 73414389
Walid M (listwize) a0

The results in Table 4 show a modest improvement in the adjusted R? for both SAC
and SAR models compared to the OLS. The OLS and SEM seemed to be
statistically equivalent in terms of R? and adjusted R?. The statistical significance of
regression hypersurface did not show much difference among the three models. In
particular, applying SAC, SAR, and SEM models did not improve any variables that
were originally statistically insignificant in the OLS model.

The results also show that spatial autocorrelation (indicated by the coefficients of rho
and lambda) was statistically significant in determining property prices only in the
SAC model. This was not the case for the SAR and SEM models.
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Table 4: Comparison of Regression Results Based on Three Competing Models

OoLS SAC SAR SEM
Dependent variable Natural Log price (LG_PRICE)
R? 0.8713 0.8870 0.8760 0.8713
Adj, R? 0.8547 0.8724 0.8601 0.8548
o’ 0.0090 0.0069 0.0077 0.0079
Durbin-Watson 1.8834 - -
Log-likelihood - 156.102 108.816 107.809
N 80 80 80 80
Independent Variable Coefficient Coefficient Coefficient Coefficient
(t-value) (t-value) (t-value) (t-value)
constant 7.2363 4.5890 6.0575 7.2394
(6.89)** (4.02)* (4.57) (7.34)
Log land area (LG_LA) 0.5856 0.4445 0.5240 0.5854
(3.70)* (3.25)* (3.44)* (3.95)*
Log gross floor area (LG_GFA) 0.4079 0.3805 0.3891 0.4069
(4.48)* (4.59)* (4.60)** (4.78)*
Log ancillary area (LG_AA) 0.0251 0.0211 0.0182 0.0248
(0.66) (0.66) (0.52) (0.70)
Single-storey terraced -0.1334 -0.1179 -0.1341 -0.1340
(TERRACE_1) (-2.65)** (-2.85)** (-2.89)** (-2.84)*
Log age of house (LG_AGE) -0.2377 -0.1477 -0.1948 -0.2373
(-2.88)** (-2.18)** (-2.38)** (-3.07)*
Unit with good conditions (GCOND) 0.3136 0.2915 0.3083 0.3133
(3.05)** (3.16)* (3.25)* (3.26)*
Ordinary type of floor finishes -0.0523 -0.0492 -0.0622 -0.0530
(FFINISH_2) (-0.72) (-0.81) (-0.92) (-0.78)
Three-bedroom unit (BED_3) -0.0114 -0.0095 -0.0122 -0.0114
(-0.33) (-0.35) (-0.39) (-0.36)
Log distance from central business ~ 0.0911 0.0542 0.0799 0.0915
district (LG_CBD) (2.08)** (1.66)* (1.92)* (2.22)*
o - 0.2840 0.1260 -
(3.03)* (1.33)
A - -0.5530 - 0.0120
(-2.42)** (0.06)

** Significant at 1% level; * significant at 5% level.

To partially gauge their predictive power, the models were compared based on in-
sample’s mean absolute percentage error (MAPE) calculations. Table 6 shows that,
with the MAPE of around 7%, all models were equivalently accurate in terms of in-
sample predictions with the SAC model perhaps slightly outperformed other models.
Table 7 indicates that all the competing models have shown equivalent predictive

capability based on the out-sample properties.
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Table 5: Comparison of Basic Diagnostic Statistics

Wald Lratio LM-Error LM-Sar Moran's |

(OLS) (OLS) (OLS) (SAR) (OLS)
Computed Value 0.0018 0.0028 0.0022 0.2012 0.0032
Statistic - - - - 0.7296
Marginal Probability 0.9666 0.9582 0.9622 0.6537 0.4656
Mean - - - - -0.0412
Standard Deviation - - - - 0.0609
Chi (critical) 0.01 value  6.6350 6.6350 17.6110 6.6350 -

Table 6: Comparison of In- and Out-Sample MAPE among the Competing Models

MAPE
In-Sample Out-Sample
Ordinary Least Squares Model (double-log) (OLS) 7.21 9.71
General Spatial Autocorrelation Model (SAC) 6.74 n.a.
Spatial Autoregressive Model (SAR) 7.04 9.73
Spatial Error Model (SEM) 7.21 9.71

Note: n.a. = algorithm for out-sample’s prediction of the dependent variable is not yet available for this
paper.

A question arises at this stage as to the advantage of using models that address
spatial autocorrelation in analysing house prices when they do not really out-perform
the traditional OLS in terms of statistical quality. As shown in Table 5, spatial
autocorrelation tests for the OLS model did not indicate any spatial error or spatial
lag in the data. By contrast, the SAC model has indicated otherwise. By say giving
more faith to the latter and, thus, believing in the existence of spatial error and/or
spatial lag, we ask a question: so what?

The answer is that, if spatial error and/or spatial error could have really occurred, the
OLS model could have been more biased and inefficient than SAC, SAR, and SEM
models. In this case, it is useful to test the level of biasedness and efficiency in using
models that address spatial autocorrelation against the traditional OLS model.
Unfortunately, we do not have any a priori information on the true population mean of
each regression coefficient, making tests for biasedness and efficiency not possible.
Nevertheless, an indirect test can be performed. Based on this indirect test, if
regression coefficients of the OLS model are not statistically different from those of
the corresponding spatial-autocorrelation-based models, then we can make a
general conclusion that the OLS model may not likely to be more biased or more
inefficient than its rival models.

The t-test for difference in regression coefficients between the OLS model and other
models in Table 4 could be performed, as an indirect test, to ascertain whether SAC,
SAR, and SEM models are more unbiased and more efficient than the OLS model. A
simple test is given as:

BoLs — BauTto
=

0.5(0oLs + OauTO)
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where t; represents calculated t-value for differential value of regression coefficients,
BoLs represents coefficient of independent variables in the OLS model, Bauto
represents coefficient of independent variable in the spatial hedonic model, oo.s
represents standard error of independent variable in the OLS model and cauto
represents the standard error of independent variable in the spatial hedonic model.

Results of the test (Table 7) indicate that t-values for all the differential regression
coefficients were insignificant and, thus, indicating that the OLS model was not likely
to be more biased or inefficient than its rival models.

Table 7: Results of the t test

Variables t.
Constant 11.6047*
LG LA 0.0833
LG _GFA 0.0095
LG_AA 0.0006
TERRACE _1 -0.0028
LG _AGE -0.0271
GCOND 0.0086
FFINISH_2 -0.0008
BED 3 -0.0002
LG CBD 0.0056

Note: * significant at 1% level

5.0 CONCLUSION

This paper has examined the existence of spatial autocorrelation in the house price
data from Malaysia. Four types of test for spatial autocorrelation have been used
namely the Moran’s |, The Lagrange Multiplier, L-ratio, and Wald. All tests have
indicated insignificant spatial autocorrelation based on the OLS model as well as
other models. By contrast, the lambda dan rho in the SAC model has indicated
otherwise. By giving more faith to the latter, it was assumed that both types of spatial
autocorrelation namely spatial error and spatial lag exist in the data.

In spite of addressing spatial autocorrelation, the models concerned have not shown
superior statistical quality over the traditional OLS model. A further indirect test for
model’s biasedness and inefficiency found that there was no evidence that the OLS
model was more biased or more inefficient compared to its rival spatial-
autocorrelation-based models.

Despite the findings, it is important to stress that taking into account the possible
phenomenon of spatial autocorrelation is critical in using hedonic housing price
model to: (1) ascertain that the model chosen is free from spatial autocorrelation
problems; (2) if the problems do exist, we can adopt the appropriate steps to improve
the statistical quality of price-estimating model being chosen.
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