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Abstract 

The improvement of property price modelling accuracy using property market segmentation 
approaches is well documented in the housing market. However, that cannot be said of the 
commercial property market which is adjudged to be volatile, heterogeneous and thinly traded. This 
study, therefore, determines if the commercial property market in Malaysia is spatially segmented 
into submarkets and whether accounting for the submarkets improves the accuracy of price 
modelling. Using a 11,460 shop-offices transaction dataset, the commercial property submarkets are 
delineated by using submarket binary dummies in the market-wide model and estimating a separate 
hedonic model for each submarket. The former method improves the model fit and reduces error by 
5.6% and 6.5% respectively. The commercial property submarkets are better delineated by estimating 
a separate hedonic model for each submarket as it improves the model fit by about 7% and reduces 
models’ error by more than 10%. This study concludes that the Malaysian commercial property 
market is spatially segmented into submarkets. Modelling the submarkets improves the accuracy and 
correctness of price modelling.   
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1. Introduction 

The use of hedonic price modelling in property market valuation, analysis, forecasting and market 
segmentation abound in literature (Beenstock et al., 2020; Clapp & Wang 2006; Lisi, 2019; Mora-Garcia 
et al., 2019; Morano et al., 2019; Usman, at al., 2020a; Zhang et al., 2020). The method is used to capture 
the implicit prices of property attributes, the effect of location, as well as the price premium and 
discounts of various property externalities (Kauko, 2003; Michaels & Smith, 1990; Seo et al., 2019; 
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Usman et al., 2020b; Xu et al., 2016). The use of Hedonic Price Model (HPM) is based on the fact that 
property is considered as a composite good made up of bundles of different constituent parts, so that 
price is the summation of the implicit prices of the constituent parts (Rosen, 1974). The property 
constituent parts are the physical characteristics, neighbourhood attributes and locational factors 
(Gnagey & Tans, 2018; Usman et al., 2020c; Yuan et al. 2020). Originally, the HPM is based on “one 
price for all” and assumes equilibrium implicit prices across the whole market (Costa et al., 2016; 
Lipscomb & Farmer, 2005). This assumption does not always hold in the property market due to the 
complexity and heterogeneity of the market as well as other market disruptions (Alas, 2020; Fuerst & 
Marcato, 2010; Palm, 1978). 

The equilibrium condition of the property market is affected by the location and spatial effects. 
These spatial effects are the spatial dependence and heterogeneity present at the local and global level 
respectively (Alas, 2020; Yuan et al., 2020). The failure of the conventional HPM to capture spatial 
effects in modelling property price leads to spatial autocorrelation, which results in bias and 
inconsistent estimates (Clapp & Wang, 2006; Goodman & Thibodeau, 2003; Leishman et al., 2013; 
Manganelli et al., 2014). The property spatial effects are attributed to the property submarket effect 
(Keskin & Watkins, 2017; Yuan et al., 2020). Each submarket has a distinct equilibrium as well as 
different demand and supply conditions. Therefore, accounting for and delineating property 
submarkets would enhance the accuracy and reliability of HPM estimates (Alas, 2020; Goodman & 
Thibodeau, 2003; Keskin & Watkins, 2017; Yuan et al., 2020). 

Several attempts have been made to the model property market by accounting for submarket 
effects using various methods as far back as 1975 until this date (Alas, 2020; Bourassa et al., 2003; 
Clapp & Wang, 2006; Goodman & Thibodeau, 1998; Palm, 1978; Straszheim, 1975). However, most of 
the studies primarily considered the housing market, neglecting the equally important commercial 
property market. Fewer studies considered commercial property segmentation, with the majority of 
them involving the office subsector (Costa & Cazassa, 2018; Costa et al., 2016; Dunse et al., 2001; 
Nappi-Choulet, 2009; Sivitanidou, 1995). Few exceptions are hotel properties (Beracha et al., 2018; 
Kim, 2020), retail properties (Hardin & Carr, 2006; Sevtsuk & Kalvo, 2018) and industrial properties 
(Grissom et al., 1987). 

Commercial properties play a strategic role in the economic development of countries and, 
therefore, require accurate price modelling (Jeong & Kim, 2011; Raposo & Evangelista, 2017; Usman & 
Lizam, 2020). The accurate pricing of commercial property is affected by its characteristics. The market 
is imperfect; its assets are heterogeneous, rarely traded and have a high cost of transaction (Hardin III 
et al., 2017; Wiley, 2017). These characteristics affect the market equilibrium condition as a result of 
submarket effects (Hardin III & Carr, 2006). To have accurate estimates, the submarkets are required 
to be delineated (Alas, 2020; Dunse et al., 2001; Seo, 2016). Malaysia, with an emerging commercial 
property market (Ling et al., 2017), is lacking empirical studies that delineate the commercial property 
market to decipher its structure and dynamics. Therefore, the aim of this study is to delineate 
Malaysia’s commercial property market into distinct homogenous submarkets to improve the 
accuracy of commercial property price modelling. The rest of the paper is structured into a review of 
related literature followed by methods employed and then a discussion of the empirical result of the 
study which leads to the conclusions in the last section of the paper. . 

2. Literature Review 

The urban property market is believed to be characterized by price variation. This variation may result 
from spatial, racial, income, social, demographical, and physical heterogeneities, makingthe property 
market a composite of separate and compartmentalised submarkets (Soguel et al., 2008; Straszheim, 
1975). The market, therefore, requires segmentation. Property market segmentation is the delineation 
of the property market into distinct submarkets that are homogeneous within themselves and 
different from others. The property attributes are substitutable within a submarket (Inoue et al., 2020; 
Pryce, 2013). Property market segmentation has been shown by past literature to have improved the 
accuracy of property price modelling (Alas, 2020; Bourassa et al., 2007). Numerous methods are used 
to delineate the property market into distinct submarkets. Although there is a consensus on the 
improvement of property price prediction from market segmentation, there is no generally accepted 
method that is considered superior to others to date(Alas, 2020; Bourassa et al., 2007; Keskin & 
Watkins, 2017; Yuan et al., 2020). The property market is segmented through the use of a priori criteria 
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or the use of data to statistically derive the submarket.  
The earliest studies on property market segmentation used the a priori means of delineating 

submarkets. For instance, Straszheim (1975) used racial differences to delineate property submarkets. 
Schnare and Struyk (1976) later used the ad hoc method to segment the property market spatially and 
structurally into submarkets. Using data from Boston, United States, they found mild evidence of 
market segmentation. Similarly, Palm (1978) delineated the housing market based the real estate 
boards jurisdiction and the racial-ethnic composition of the neighbourhood. Other studies segmented 
the housing markets into submarkets based on socio-economic characteristics (Farber, 1986), 
neighbourhood quality (Keskin, 2008), political districts, wards, stations (Inoue et al., 2018; Ling & 
Hui, 2013), quality of public education, census tract and zip code districts (Goodman & Thibodeau, 
1998, 2003), property type (Watkins, 1999; Wolverton et al., 1999), historic district designation (Warren 
et al., 2017), and land-use zoning regulation (Levkovich et al., 2018). Costa et al. (2016) evaluated the 
nexus between physical characteristics, spatial submarkets and economic change across different 
property-type segments of the office market. They found distinct office submarkets. Similarly, Hardin 
III and Carr (2006) found spatial segmentation among retail centers. Spatial delineation of submarkets 
was also carried out by Roubi, Ghazaly (2007) in Cairo neighborhoods. Using the Chow F test, they 
found that parameters are not stable across the neighborhoods. The study was, however, using rental 
value. A related study using sales values in Cardiff, UK, by Xiao et al. (2016) found evidence of spatial 
segmentation by street segments and structural segmentation based on building-type. The study 
concluded that street segments and prior knowledge can serve as the basis for the efficient 
segmentation of the property market. 

Alternatively, property submarkets are derived statistically using data instead of arbitrary 
imposition. One of the earliest studies that used data-driven methodology for property market 
segmentation is Dale-Johnson (1982). He used factor analysis to delineate the property market into 13 
distinct submarkets. The existence of market segmentation was confirmed using the Chow F test. 
Similarly, Watkins (1999) identified structurally differentiated market segments using Principal 
Component Analysis (PCA). The studyidentified the existence of submarkets using the Chow test 
conducted on the separate estimated hedonic equations as well as a comparison of the weighted 
standard error with the standard error of the aggregated model. Other studies used cluster analysis or 
combination of factor and cluster analysis to derive property submarkets. For instance, Burhan (2014) 
combined PCA and cluster analysis to derive housing submarkets in Johor, Malaysia. With the aid of 
Geographical Information System, Burhan found that housing market dynamics are best captured by 
the combined structural and spatial housing attributes effects. The work of Shi et al. (2015) combined 
cluster analysis using Fuzzy C-Mean (FCM) in what they called “innovative” clustering as well as the 
Adaptive Neural Fuzzy Inference System (ANFIS) to delineate property markets, reportingimproved 
prediction accuracy. Gabrielli et al. (2017) also combined cluster analysis with fuzzy analysis to derive 
housing submarkets. The combined approaches show that the property market is segmented with 
gaps and overlaps among the submarkets. 

Other methods of deriving submarkets using data include generalised fused LASSO (Inoue et al., 
2018), fused minimax concave penalty (fused-MCP) (Inoue et al., 2020), multilevel models (Leishman 
et al., 2013), the Artificial Neural Network (Kauko et al., 2002), and a number of spatial models 
(Chegut et al., 2020). Zhuo Chen et al. (2009) compared property market segmentation using 
alternative methods – statistical and a priori methods. Seven procedures were used for submarket 
derivation. Two from statistical cluster analysis, a priori segmentation based on 3 classifications, a 
hybrid of a cluster and local government jurisdiction, and, finally, an arbitrary 4X4 mile grid of the 
property market. The study found that the a priori determined submarkets from local government 
jurisdictions, school districts and expert opinions performed better than the statistically driven 
submarkets. The performance of a priori classification is also confirmed by Bourassa et al. (2007). They 
compared the conventional hedonic a priori models with spatial statistical methods using property 
sales data from New Zealand. They found that the a priori defined expert boundaries model 
performed better than the spatial statistical models without the inclusion of submarket dummies. 
However, most of these studies are on the housing market which may not be generalizable to 
commercial properties. This research, therefore, aims to test the efficacy of spatial a priori 
segmentation in delineating commercial property markets into submarkets. 

3. Data and Methods 
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The commercial property transaction data was obtained from the National Property Information 
Centre (NAPIC) in Malaysia. The NAPIC is a government agency under Malaysia’s ministry of 
finance. The agency keeps a record of property transaction information for stamp duty purposes. The 
data contained information on Kuala-Lumpur and Selangor State in Malaysia, which are the 
administrative and commercial hub of the country. The commercial property market in Malaysia 
comprises office buildings, retail buildings and a hybrid of office-shop and specific purpose office-
retail buildings. The office buildings, retail complexes and office retail buildings are complex 
developments which are rarely and thinly traded. The office-buildings are small-scale offices and 
retail buildings which are transacted regularly. The study is limited to shop-office buildings of the 
commercial property market due to the availability of such data in Malaysia. The obtained data have 
valid entries for the following districts - Gombak, Hulu Langat, Hulu Selangor, Kelang, Kuala Langat, 
Kuala Lumpur, Petaling, Sepang and Putra Jaya, which are assumed as potential submarkets. The data 
set contains information on variables such as plot area, building area, date of transaction and date of 
construction, based on which the age of the properties are determined, building height, level of 
transactions. The variables used in the empirical model are defined in Table 1. 

Table 1 

Variables definition 

` Definition Measurement 
Ln_Price Logarithm of sales prices  Dependent, 

Continuous 
ln_plota Logarithm of plot area. This is the total area of a plot on which 

the subject building is situated. It is measured in square metres  
Continuous  

ln_blda Logarithm of building area. This is the total area of built floor 
area. It is measured in square metres 

Continuous 

ln_agen_1 Logarithm of building age. Buidling age is the difference 
between the dates of sales and construction  

Continuous 

age_dummy The dummy of age. New buildings are coded 1, otherwise 0. Dummy 
h_low Low height. Low height is defined as buildings with 2 levels 

(stories) which are coded 1, otherwise 0. 
Dummy 

h_med Medium height. Medium height is defined as buildings with 2-4 
levels which are coded 1, otherwise 0. 

Dummy 

h_high High height. High height is defined as buildings with 5 levels 
and above which are coded 1, otherwise 0. 

Dummy 

bldg_unit If the whole building is sold its coded 1 whereas if only a unit in 
the building is sold, it is coded 0. 

Dummy 

ground_flo If the level of transaction is at ground floor it is coded 1, 
otherwise 0 

Dummy 

upper_medi Upper-medium floors. Transactions between 2nd and 4th floors 
are coded 1, otherwise 0 

Dummy 

upper_high Upper-high. Transactions between the fifth level and above are 
coded 1 otherwise 0. 

Dummy 

ln_d_klcc Logarithm of distance to the center of Kuala Lumpur. This is 
taken as the overall CBD 

Continuous 

ln_d_cty_cc Logarithm of distance to the nearest city center Continuous 
ln_d_tstations Logarithm of the distance to the nearest train station Continuous 
Locat. dummies Transactions in a particular district is coded 1 otherwise 0 Dummy 
Time dummies  Years of transactions are accounted for by dummy entries  Dummy 

Source: own study. 

The data were screened for missing values, wrong entries, normality, linearity and 
homoscedasticity, resulting in 11,460 observations retained for the empirical market segmentation 
analysis. The empirical analysis is structured into a market-wide (aggregated) model, aggregated 
model with submarket dummies, and a separate hedonic equation for each submarket. The market-
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wide model is estimated using Ordinary Least Squares (OLS) regression. A log-log linear model is 
employed. The log-log linear model allows for a logarithmic transformation of both sides of the 
equation, and the use of a dummy variable was shown to be more efficient than linear specification 
(Soguel et al., 2008). The market-wide model is estimated using equation 1 below.  

 𝑙𝑛𝑃௜ ൌ 𝛽௜ ൅ ∑ 𝛽௞௜𝑙𝑛𝑋௞௜௞ ൅ ∑ 𝛽௟௜𝑑𝑋௟௜௟ ൅ ∑ 𝛽௡௜𝑇𝑑௡௜௡ ൅ 𝜺     (1) 

Where lnPi is the n x 1 vector of commercial property prices, βki, βli, βni are regression coefficients of 
logarithmically transformed continuous commercial property attributes, dummy commercial property 
attributes and time dummies, and lnXki, dXli, and Tdni are i x k, i x l and i x n vectors logarithmically 
transformed continuous commercial property attributes, dummy commercial property attributes and 
time dummies respectively, where i is the number of observations and 𝛆 is the error term which is 
assumed to be identically and independently distributed (i.i.d.). 

The submarket effect is controlled by binary dummy variables representing the commercial 
property submarkets. This approach, according to Lisi (2019), is a simpler methodology to implement. 
The model is specified in Equation 2. 

 𝑙𝑛𝑃௜ ൌ 𝛽௜ ൅ ∑ 𝛽௞௜𝑙𝑛𝑋௞௜௞ ൅ ∑ 𝛽௟௜𝑑𝑋௟௜௟ ൅ ∑ 𝛽௡௜𝑇𝑑௡௜௡ ൅ ∑ 𝛽௝௜𝐽𝑑 ൅௝ 𝜺    (2) 

Where Jd represents commercial property submarket dummies. Alternatively, the submarkets are 
delineated by using a separate hedonic equation for each submarket, which is considered as a useful 
methodology for delineating spatial submarkets (Yuan et al., 2020). The submarkets are modelled as 
specified in Equation 3.  

 𝑙𝑛𝑃௜௝ ൌ 𝛽௜௝ ൅ ∑ 𝛽௞௜௝𝑙𝑛𝑋௞௜௝௞௝ ൅ ∑ 𝛽௟௜௝𝑑𝑋௟௜௝௟௝ ൅ ∑ 𝛽௡௜௝𝑇𝑑௡௜௝௡௝ ൅ 𝜺      (3) 

Where lnPij is the price of commercial property i in commercial property submarket j. For other 
property attributes and parameters, i is associated with particular commercial property observations 
in a submarket j.  

The presence of a commercial property submarket is evaluated using two recommended methods 
– Chow F test and the model’s weighted errors (Dale-Johnson, 1982; Schnare & Struyk, 1976; Xiao et 
al., 2016). The Chow test tests the hypotheses of model equality across the submarket. The Chow test 
is estimated as presented in Equation 4. 

     𝐹 ൌ
ሾௌௌோ೎ିሺௌௌோభାௌௌோమሻሿ

ሺௌௌோభାௌௌோమሻ
𝑋
ሺேభାேమିଶ௞ሻ

௞
    (4) 

Where, SSRc, SSR1, and SSR2 represent the sum of squared residuals for the aggregate model and 
individual models respectively. N1 and N2 represent the number of observations in respective models. 
The performance of the separate submarkets model is evaluated using weighted root mean squared 
error (RMSE). It is calculated as presented in Equation 4. 

 𝑅𝑀𝑆𝐸𝑤 ൌ
ேభା௄భିଵ

∑൫ேೕା௄ೕିଵ൯
ሺ𝑅𝑀𝑆𝐸1ሻ ൅

ேమା௄మିଵ

∑൫ேೕା௄ೕିଵ൯
ሺ𝑅𝑀𝑆𝐸2ሻ ൅⋯൅

ேೕା௄ೕିଵ

∑൫ேೕା௄ೕିଵ൯
ሺ𝑅𝑀𝑆𝐸𝑗ሻ (5) 

Where Nj is the number of observations in a jth submarket; and there are j submarkets.  

4. Empirical Results  

The empirical result is based on the two methods used in delineating the commercial property 
submarkets. The first method controls for the effect of the submarkets in a market-wide model, 
whereas the second method estimates a separate hedonic equation for each submarket. The result of 
the market-wide model and submarket controlled model is presented in Table 1 as model (1) and 
model (2) respectively. Two variables, dummy of high height and year 2001, were affected by 
multicollinearity and thus removed from the equation. All the parameters have a significant 
coefficient with expected signs except the age and year 2000 dummies. The empirical result indicated 
that the market-wide hedonic model explained about 62.8 per cent (R2=0.628) of the commercial 
property price variance. The model has a Root Mean Squared Error (0.54933), Akaike Information 
Criterion (AIC) and Bayesian Information Criterion (BIC) of 18818.6 and 19016.9 respectively. The 
model shows significant heteroscedasticity as indicated in the Breusch-Pagan test value of 23.53, which 
is significant at a 0.001 significance level. The presence of heteroscedasticity indicates the existence of 
autocorrelation in the model and the potential of submarket existence (Islam & Asami, 2010; Soguel et 
al., 2008).   
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Table 2 

 Result of OLS Hedonic Regression Models 

 (1) (2) 
 ln_price ln_price 
ln_plota 0.0859*** 0.0908*** 
ln_blda 0.803*** 0.773*** 
ln_agen_1 -0.102*** -0.113*** 
age_dummy -0.0179 -0.00141 
h_low -0.409*** -0.252*** 
h_med -0.318*** -0.218*** 
h_high 0 0 
bldg_unit -0.185*** -0.194*** 
ground_flo 0.172*** 0.145*** 
upper_medi -0.471*** -0.519*** 
upper_high -0.349*** -0.388*** 
ln_d_klcc -0.140*** -0.151*** 
ln_d_cty_cc -0.0868*** -0.137*** 
ln_d_tstations -0.0808*** -0.0452*** 
by2000 -0.282*** -0.363*** 
y2000 -0.104 -0.160* 
y2001 0 0 
y2002 -0.240*** -0.273*** 
y2003 0.00473 -0.0610 
y2004 0.0591 -0.00337 
y2005 0.0644 0.00764 
y2006 0.120* 0.0591 
y2007 0.235*** 0.165** 
y2008 0.237*** 0.211*** 
y2009 0.257*** 0.239*** 
y2010 0.292*** 0.282*** 
y2011 0.602*** 0.565*** 
y2012 0.699*** 0.656*** 
gomak  -0.698*** 
hulu_langa  -0.834*** 
hulu_selan  -0.963*** 
kelang  -0.650*** 
kuala_lang  -0.806*** 
kuala_lump  -0.454*** 
petaling  -0.386** 
sepang  -0.907*** 
putra_jaya  0 
_cons 11.41*** 12.34*** 
N 11460 11460 
R2 0.628 0.663 
adj. R2 0.627 0.662 
AIC 18818.6 17705.3 
BIC 19016.9 17962.5 
RMSE 0.55933 0.5231 
Breusch-Pagan 23.53*** 0.80 
 * p < 0.05, ** p < 0.01, *** p < 0.001 

Source: own study. 
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Model 2 used the binary dummies to account for the submarkets in the market-wide model. 
Gombak, Hulu Langat, Hulu Selangor, Kelang, Kuala Langat, Kuala Lumpur, Petaling, Sepang, and 
Putra Jaya submarkets were controlled. However, the coefficient of the Putra Jaya submarket dummy 
was omitted due to collinearity. Accounting for the effect of submarkets improved Model 2 variance 
explanation from 62.8 per cent (R2=0.628) to 66.3 per cent (R2=0.663), making for a 5.6% improvement 
in model fit. Similarly, both AIC and BIC are decreased from 18,818.6 and 19,016.9 to 17,705 and 
17,962.5, indicating a 5.9% and 5.6% reduction in models’ information lost respectively. The model’s 
RMSE equally reduced from 0.55933 to 0.5231, indicating a 6.5% improvement in model accuracy. 
According to Schnare and Struyk (1976), submarket delineation should be considered if the reduction 
of the submarket’s model error from the market wide-model reaches 10%. However, Dale-Johnson 
(1982) recommended a 5% reduction of the model error. Accordingly, delineating a submarket by 
accounting for the submarket dummies reduces the market-wide hedonic model RMSE by 6.5% above 
the value recommended by Dale-Johnson (1982). Similarly, imposing a submarket eliminates 
heteroscedasticity in the submarket model as indicated by the Breusch-Pagan test value of 0.80, which 
is statistically not significant. This result confirms the claim made by Lisi (2019) that the submarket 
effect can be modelled using simple binary dummies, which also improves the accuracy and 
correctness of the model (Bourassa et al., 2007).   

Alternatively, the submarkets are delineated by estimating separate hedonic models for each 
submarket. Firstly, 9 models were estimated for Gombak, Hulu Langat, Hulu Selangor, Kelang, Kuala 
Langat, Kuala Lumpur, Petaling, Sepang, and Putra Jaya submarkets respectively. A series of Chow F 
tests were conducted to test the hypothesis of coefficient equality. Result of the first Chow Test shows 
that separating Hulu Langat and Kuala Langat does not improve fit. Sepang and Putra Jaya have non-
significant Chow F statistics with most of the other districts. However, the Lowest Chow F statistics 
would be considered. Hulu Langat, Kuala Langat, and Sepang are Contagious Districts and all have 
insignificant Chow F Statistics. The three districts models are therefore aggregated. Putra Jaya is 
closest to Kuala Lumpur and has very insignificant Chow F statistics (p-value = 0.999). Thus, the 
Kuala Lumpur and Putra Jaya models are aggregated. Accordingly, six submarkets were delineated as 
presented in Table 3. 

Table 3 shows the 6 delineated submarkets. They are Gombak, Kuala Langat and Sepang, Hulu 
Selangor, Kelang, Kuala Lumpur and Petaling Submarket. 

Table 3 
 Submarket Models 

 (3) (4) (5) (6) (7) (8) 
 ln_price ln_price ln_price ln_price ln_price ln_price 
ln_plota 0.157** 0.115*** 0.444 0.108** 0.0387 0.118*** 
ln_blda 0.756*** 0.782*** 1.050*** 0.838*** 0.851*** 0.691*** 
ln_agen_1 -0.0968*** -0.143*** 0.0912 -0.124*** -0.136*** -0.0764*** 
age_dum -0.150* 0.0562 -0.164 0.0627 -0.0517 0.0244 
h_low 0 0 -0.177 0 -0.0539 0 
h_med 0.0891* 0.0324 0 0.134*** -0.145*** 0.104*** 
h_high -0.00870 0.199*** -0.470 -0.0437 0 0.342*** 
bldg_unit -0.0693 -0.115** -0.165 0.682 -0.497*** -0.202*** 
ground_flo 0.405** 0.00601 -0.0223 1.215** 0 0.157* 
upper_med -0.540*** -0.636*** 0 0.505 -0.640*** -0.570*** 
upper_high -0.264 -0.329 0 0 -0.495*** -0.606*** 
ln_d_klcc -0.348*** -0.309*** 0.727 -0.124* -0.122*** -0.00435 
ln_d_cty_cc -0.0739** -0.0532*** -0.324 -0.0385 -0.254*** -0.219*** 
ln_d_tstation -0.107*** 0.0370** 0.0620 0.0805** -0.0161 -0.153*** 
bf2000 0.197 -0.424*** 0.569 -0.108 -0.326* 0.0555 
y2000 0 -0.126 0.685 0 0 0 
y2001 0.155 0 0 0.0321 0.410* 0.0439 
y2002 0.0679 -0.549*** 0.786 -0.0587 0.0752 0.197 
y2003 0.270 0.0297 0 0.0659 -0.0335 0.174 
y2004 0.188 0.0803 0.384 0.101 0.183 0.173 
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y2005 0.316 0.110 0.273 0.145 0.199 0.171 
y2006 0.274 0.0775 0.514 0.109 0.365** 0.185 
y2007 0.424 0.174* 0.269 0.232* 0.470*** 0.323* 
y2008 0.454* 0.280*** 0 0 0 0.352** 
y2009 0.398 0.266*** 0 0 0 0.467*** 
y2010 0.547* 0.263*** 0 0 0 0.462*** 
y2011 0.751*** 0.579*** 0 0 0 0.781*** 
y2012 0.825*** 0.593*** 0 0 0 0.920*** 
_cons 12.68*** 11.20*** -0.704 7.758*** 12.28*** 11.81*** 
N 1004 2936 66 889 3021 3544 
R2 0.694 0.702 0.807 0.708 0.686 0.618 
adj. R2 0.686 0.700 0.733 0.701 0.684 0.615 
AIC 1390.6 3427.1 67.24 746.2 5047.7 5807.1 
BIC 1523.2 3588.7 108.8 846.8 5174.0 5973.8 
RMSE 0.47726 0.43177 0.35784 0.36388 0.55601 0.54692 
B-P Test+ 13.07** 0.26 0.08 0.47 15.45*** 3.12(0.07) 
t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001; Model 1 = Aggregated Market; Model 2 = Gombak; 
Model 3 = Hulu Langat, Kuala Langat, Sepang; Model 4 = Hulu Selangor; Model 5 = 
Kelang; Model 6 = Kuala Lumpur; Model 7 = Petaling 

Source: own study. 

The result shows that the Gombak, Kuala Langat and Sepang, Hulu Selangor, Kelang, Kuala 
Lumpur and Petaling submarket models produced R2 values of 0.694, 0.702, 0.807, 0.708, 0.686, and 
0.618, an improvement of about 10.5%, 11.8%, 28.5%, 12.7%, 9.2% and -1.6% respectively over the 
market-wide model. The weighted improvement of R2 shows about 7%. Similarly, the submarket 
models show a significant reduction in the Root Mean Squared Errors (RMSE) compared to the 
market-wide model. The 6 submarket models have a weighted RMSE of 0.4989, a 10.8% reduction in 
models’ errors over the market-wide model. This shows the improved accuracy and correctness of the 
submarkets delineated using separate model’s equations and satisfied the recommended threshold for 
submarket existence (Dale-Johnson, 1982; Schnare & Struyk, 1976; Xiao et al., 2016). Similarly, the AIC 
and BIC statistics are significantly reduced for all the six submarket indicating reduced models’ 
information loss. The presence of heteroscedasticity in the market-wide model is significantly reduced 
in the submarket models. Only two of the six submarket models have issues with heteroscedasticity. 
This confirms the submission that accounting for submarkets reduces heteroscedasticity (Islam & 
Asami, 2010; Soguel et al., 2008). 

The hypothesis of model equality is tested using the Chow F test. The Chow test result is presented 
in Table 4.  

Table 4 
Chow F Test result 

Gombak Gombak 
Hulu Langat, 
Kuala Langat, 

Sepang 

Hulu 
Selangor Kelang 

Kuala 
Lumpur 

Hulu Langat, Kuala 
Langat, Sepang 

7.946(0.000) 
    

Hulu Selangor 4.562(0.000) 1.985(0.002) 
   

Kelang 374.8(0.000) 9.871(0.000) 3.487(0.000) 
  

Kuala Lumpur, Putra 
Jaya 

6.960(0.000) 20.22(0.000) 2.649(0.000) 9.715(0.000) 
 

Petaling 13.52(0.000) 53.06(0.000) 3.119(0.000) 8.273(0.000) 7.422(0.000) 
 p value in parentheses 

Source: own study. 
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The Chow test result shows that all the F statistics are very significant. This shows that the six 
delineated commercial property submarkets are distinct from one another and shows that the 
commercial property market is spatially non-stationary (Baudry & Maslianskaia-Pautrel, 2016; Yuan et 
al., 2020). This result shows that estimating a separate hedonic equation for each submarket is an 
effective means of delineating submarkets. 

The performance of submarket delineations methods – using submarket dummies and separate 
hedonic equation for each submarket – used in this study are evaluated using the relative 
improvement of model accuracy attributed to each method. Weighted percentage improvement in R2 
and RMSE are used to compare the performance of the models as presented in Table 5. 

Table 5 

Model Performance Evaluation 

Measures Market-wide model Submarket dummies Submarket equations 
R2 0.628 0.663 (5.6%) 0.672(7%) 
RMSE 0.55933 0.5231(6.5%) 0.49889(10.8%) 

 % improvement in parentheses 

Source: own study. 

The result in Table 5 shows that submarket delineation using submarket dummies improved the R2 
value by 5.6% and reduced the error by 6.5%, whereas delineation using a separate hedonic equation 
for submarkets improved R2 by 7% and reduced the error by 10.8%. The measures in separate 
submarket hedonic model methods are based on a weighted average (Schnare & Struyk, 1976; Xiao et 
al., 2016). Although the two methods meet the requirement for establishing submarkets based on the 
recommendation of Dale-Johnson (1982) that the reduction in error as a result of segmentation should 
be greater than 5%, the use of separate hedonic models for a distinct submarket was found to perform 
better than just controlling the effect of submarkets using binary dummies. The advantage of using 
submarket dummies is its simplicity of application and ease of interpretation (Lisi, 2019). The method 
was also found to perform credibly well in other studies (Bourassa et al., 2007).  

5. Conclusion 

Property market segmentation is an important tool for pricing, investment, urban planning, property 
tax assessment, and mortgages. Several decades of research in property market segmentation hav 
revealed improved property pricing accuracy as a result of segmentation. Nevetheless, most studies 
are devoted to the housing market with fewer studies in the commercial property market. Similarly to 
the housing market, the commercial property market is also complex, heterogeneous and, more 
importantly, thinly traded; as such,  it cannot be adequately modelled by a simple unitary equilibrium 
model (Xiao et al., 2016). Such complexities arise from spatial, structural and other peculiarities that 
make the market heterogeneous up to a certain scale, such that properties at a submarket level are a 
homogeneous and close substitute. 

The aim of this study, therefore, was to spatially delineate the Malaysian commercial property 
market into property submarkets that are homogenous within themselves and heterogeneous across 
others using the Ordinary Least Squares (OLS) hedonic pricing model. The study was limited to shop-
offices using rich commercial property transaction data as well as using a priori defined submarkets 
based on administrative districts in Selangor state and Kuala Lumpur in Malaysia. The study tested a 
hypothesis of whether commercial properties priced similarly or differently across the market and 
whether property market segmentation improves the accuracy of commercial property pricing. 

The study found that commercial properties are priced differently and are segmented into distinct 
submarkets. Accounting for the submarket effect in a market-wide model improves model fit and 
reduces model error. Reduction in model error and improvement in the model is higher in separated 
models estimated for each submarket. The weighted model fit improves by about 7% and the error is 
reduced by more than 10%, thereby confirming model correctness and accuracy improvement, as well 
as the existence of distinct submarkets. The limitation of this study is that it is limited to only a priori 
defined submarkets which are imposed rather than modelled. It is recommended that further studies 
compare the performance of a priori determined submarkets and statistically data-driven submarkets 
in the commercial property market.  
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