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Multilevel approach to the analysis of housing
submarkets

Berna Keskin

ABSTRACT

There is a vast literature that seeks to define and identify spatial submarkets in metropolitan housing

systems. These tend to use one of three methods to delineate submarkets: a priori geographies, ad hoc

subdivision and data-driven approaches to grouping units. Recently, analysts have increasingly used

multilevel modelling strategies to analyse spatial segmentation in the housing market. Despite the

increasing prevalence of multilevel approaches, there is no existing systematic analysis of which of these

three main approaches to submarket definition has the greatest effectiveness when employed in a

multilevel modelling framework. This paper addresses the gap in the literature by comparing the utility

of these main approaches to submarket definition. It develops and evaluates three separate, distinct

multilevel models of submarkets to a data set comprising 2175 transactions in the Istanbul housing

market of Turkey, an emergent market context. The results show that multilevel models with a priori

submarket dummy variable can predict price more accurately than the models with ad hoc subdivision

or data-driven stratified submarkets. Similarly, test results indicate that multilevel models with

neighbourhood submarket dummy variables (a priori) perform better than other models. These test

results show that granular definition of submarkets tend to perform better in terms of predictive

accuracy than less spatially granular models. The paper also suggests that real estate agents’ views of

submarket structures might be particularly useful as inputs into micro-modelling processes in contexts

where datasets are thin.
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INTRODUCTION

A substantial literature argues that house price models should accommodate housing submar-
kets for conceptual and technical reasons (see Watkins, 2012, for a review). From a conceptual
perspective, it is argued that submarkets are a function of the multiple equilibrium (or, in some
cases, disequilibrium) nature of the market (Goodman & Thibodeau, 1998; Maclennan et al.,
1987; Watkins, 2001). In practical terms, it has been shown that submarkets must be taken into
account to avoid aggregation bias (Straszheim, 1975) and enhance the predictive performance of
house price models (Leishman et al., 2013). The vast majority of papers that take account of
submarkets do so by either incorporating them within hedonic models (Fletcher et al., 2000)
or by estimating submarket-specific hedonic models (Watkins, 2001). Importantly, however,
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an increasingly voluminous series of studies have begun to advocate the inclusion of submarkets
within a multilevel modelling framework (see Goodman & Thibodeau, 1998, for an early
example; also Orford, 2002; Leishman, 2009; Keskin, 2010). Significantly, Leishman et al.
(2013) conducted an experiment that compares the performance of different approaches to
modelling submarkets and demonstrates that multilevel techniques can improve model accu-
racy. These findings emerged from a systematic comparison of different approaches. Specifi-
cally, they evaluated the use of a simple hedonic augmented with dummy variables to capture
submarket effects, a system of submarket specific hedonic equations, and a multilevel model
specification with submarket levels included by comparing the likelihood of predicting prices
within 10% of the actual price, and the average size of the standard errors of the model estimates
to assess the utility of the modelling approaches.

An immense number of studies illustrate alternative partitioning methods for submarkets in
hedonic modelling analysis. The last three decades have seen a growing body of research on the
submarket delineation that employ multilevel models as an important strand of this literature.
These multilevel studies have also been used to test the performance of alternative submarket
definitions. Unlike the broader literature, however, there is a lack of research comparing the
effectiveness of methods of allocating dwellings with submarkets or of their performance
when used in multilevel modelling of housing prices. This study attempts to fill this gap by test-
ing different submarket delineation approaches in a multilevel modelling framework as part of a
systematic comparison of different modelling procedures.

The empirical analysis focuses on the Istanbul housing market of Turkey. In doing so, the
analysis throws up a challenge common to many studies conducted in emergent property market
contexts in that the datasets are thin in terms of both the number of observations and the num-
ber of hedonic variables for which data exist. In this context, although there are already several
studies examining submarket identification and delineation as a prior stage in hedonic house
price modelling procedures, this paper seeks to be distinctive in two ways. First, by comparing
different methods of identifying submarket units for analysis, the paper offers a systematic
review of which submarket description performs best when used in a multilevel modelling set-
ting. Such comparisons of multilevel models are rare in the literature. Second, with the emer-
gent market data limitations in mind, the use of real estate experts’ views as one means of
identifying submarket units as a prior step to modelling is explored (see also Palm, 1978; Wat-
kins, 2001). This is of interest because it offers a shortcut to identifying submarkets where data-
driven approaches are limited due to the paucity of market information. This has arguably been
one of the constraints on the greater use of multilevel approaches in transitional and emergent
market contexts.

Thus, this paper seeks to empirically explore the utility of the multilevel modelling frame-
work further by looking at how it works when used with the three major approaches to submar-
ket delineation. Furthermore, by using the Istanbul housing market as a case study in which to
undertake the predictive performance of the multilevel modelling, the paper is also able to offer
comments on the relative merits of the use of experts’ views as part of the analytical process
where data limitations exist.

The remainder of this paper is organized as follows. The next section reviews the concept of
housing market segmentation and explores how it leads to the formation of housing submarkets.
It focuses on the delineation of submarkets and also provides a brief review of studies that
accommodate submarkets in multilevel models of metropolitan house prices. The paper then
summarizes the research design. It introduces the case study area, provides an overview of
the data, and explains the rationale for using multilevel models and the method used to estimate
the models. The paper then sets out the results and compares the model performance when each
of the three main approaches to submarket delineation are used. The final section summarizes
the findings and offers some concluding remarks.
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HOUSING SEGMENTATION AND FORM OF SUBMARKETS

Since housing is a multifunctional composite concept, all kinds of investments, actions, inter-
ventions and policies about housing affect the built environment as well as the socio-economic
environment. This differentiation has an impact on both supply and demand side of the market,
which also leads to segmentation in the housing market. Housing submarkets – arising from
housing market segmentation – are crucial to understanding the operation and structure of
the housing system, which is mainly shaped by the interaction of demand and supply dynamics
(Maclennan & Tu, 1987).

The housing market activity involves the exchange of dwellings (or housing units) rights
between buyers and sellers. This process determines the individual price of housing unit as
well as the quantity that will be exchanged and the market level price structure. It is therefore
important to understand the factors that influence and underpin demand and supply. The
demand side of the housing market is composed of diverse consumer groups that vary based
on their socio-economic background, household composition, cultural background, lifestyle
preferences and tastes. On the other hand, the supply side can be viewed as consisting of pro-
ducts groups constituting of clusters of similar dwellings with variation between groups reflect-
ing differences in dwelling size, type, quality of construction and location. All these variances, as
well as heterogeneous demand, and differentiated supply interaction create complexity in the
market structure, which also underpins spatial price differentiation.

In this context, Jones and Watkins (2009) point out that, in theoretical terms, submarket
existence can be shown to be consistent with both disequilibrium and multiple equilibria pro-
cesses. In the former case, a mismatch between demand and supply leads to disequilibrium,
which is one of the aforementioned explanations of housing market segmentation. Disequili-
brium can result from heterogeneous factors including financial conditions, individuals’ prefer-
ences, information search costs, as well as from exogenous shocks such as pandemics or wars that
change the dynamics of the market processes towards disequilibrium.

According to another explanation for the existence of submarkets – multiple equilibria –

each segment has its own equilibrium price; therefore, within each segment there is an equili-
brium that is determined by the balance between supply and demand forces (Goodman, 1981).
This assumption dominates most of the housing market studies since they acknowledge the
existence of housing price differences among submarkets. Thus, most of the studies in the hous-
ing market literature assume that a housing market consists of a set of linked submarkets that
exhibit supply and demand imbalances, resulting in spatial differences within the market (Wat-
kins, 1998; Orford, 2000). This raises the question of whether a single/overall market analysis –
in other words fitting a general model – could be sufficiently reliable in modelling.

In this study, a multiple equilibrium perspective is adopted. It is accepted that the existence
of price differentials among market segments is based on the assumption of equilibrium within
submarkets. The equilibrium of housing demand and supply in a submarket is achieved by
changes to the housing stock and/or the turnover rate in the existing stock. The equilibrium
house price will be determined by the sum of the value of individual physical attributes, local
amenities and neighbourhood quality typical within the prevalent product group in the market
segment.

Definition of housing submarkets
Many studies in the housing literature have suggested that the housing market system is best
analysed as a collection of ‘functionally independent geographic submarkets differentiated by
the characteristics of their housing units and/or the locations of the submarkets’ (Rothenberg
et al., 1991, p. 63). Although there is a consensus on the theoretical existence of submarkets,
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there is insufficient agreement on how to delineate the submarkets in practice. As Watkins
(2001) states, there is no single definition of housing submarket, and the precise definition of
submarkets has always been contested.

For many scholars, Grigsby’s approach on substitutability is considered the basis of submar-
ket definition. Grigsby (1963) explains substitutability in terms of optimization of preferences
within a price limitation. Substitutability requires home buyers to be indifferent between the
entire bundle of structural, locational and neighbourhood quality attributes that characterize
the competing housing units (Watkins, 2001). It has been revealed in many housing studies
that both spatial and structural features are significant in leading to the emergence of housing
submarkets and shaping their structure (Adair et al., 1996; Maclennan & Tu, 1996; Watkins,
2001; Kauko, 2002; Bourassa et al., 2007). As Evans (1995, pp. 6–7; added emphasis) pointed
out:

the buyer is purchasing a property which is a bundle of characteristics. So, in the case of a house, the

purchaser buys a location relative, say, to shops and workplaces, fertility in the sense of the quality of

environment, also a house where attributes of the house – such as central heating, number of bathrooms,

size and number of rooms – cannot be detached and sold separately.

Since submarkets are formed by a complex bundle of structural and spatial attributes, analy-
sis through segments/submarkets can provide a better understanding of housing market
dynamics than might be possible from an analysis at the aggregate level. Therefore, delineating
submarkets and understanding their dynamics is a critical step in analysing housing markets.

Delineating submarkets in practice
Three main approaches are used in the housing market literature to delineate submarkets: a
priori geographies, ad hoc subdivision groupings and data-driven classifications. The first
approach, which is often labelled a priori submarket delineation, typically uses predefined geo-
graphical areas or spatial contiguous boundaries such as administrative, postcode areas, census
divisions and school catchment areas. This approach, based on predefined administrative spatial
areas, has been widely used by scholars such as Maclennan et al. (1987), Adair et al. (1996),
Goodman and Thibodeau (1998), Jones (2002), and Goodman and Thibodeau (2003) in hous-
ing market studies. This classification is simple to use and technically accessible, yet it cannot
fully capture the dynamics of housing submarket due to its fixed structure.

The second approach is based on the ad hoc allocation of spatial boundaries by market
experts such as real estate agents and valuers. Palm (1978) argued that submarkets that are
defined by real estate agencies showed better performance than those determined by data or
a priori classification. Similarly, Michaels and Smith (1990) used an expert-defined submarket
model that yielded the best performance in housing price estimation when compared with
alternative a priori submarket constructions. Bourassa et al. (2003) compared a set of submarkets
based on geographical areas defined by real estate agents and appraisers with a set of statistically
generated submarkets. They also found out that price predictions are more accurate when based
on the housing segmentation defined by real estate appraisers than when based on statistical
techniques. However, the use of this approach to establish submarket classifications has criti-
cized for its lack of rigour (Costello et al., 2019).

The third common method is a data-driven approach that uses statistical techniques to
delineate submarkets. Based on a given set of variables that capture structural and spatial charac-
teristics, the data-driven techniques assign housing units into groups that are statistically shown
to be relatively homogeneous within themselves and heterogeneous when compared with each
other. As noted above, the nature of housing segmentation particularly depends on homogen-
eity within submarkets, while heterogeneity between submarkets is also expected. In this
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context, maximization of cluster homogeneity is the key principle used to operationalize Grigs-
by’s notion of substitutability. Several studies use statistical methods when defining submarkets,
such as cluster analysis (Bourassa et al., 1999), principal component analysis (Watkins, 1998;
Bourassa et al., 1999, 2003) and, less commonly, factor analysis or neural network analysis
(Kauko, 2003).

The improvements in quantitative research methods and increased availability of large
micro-datasets (with geocodes, characteristics and price information) have contributed to con-
ceptual and methodological debate about housing market analysis (Watkins, 2012). The
increased accessibility to the more detailed and granular data enables one to delineate submar-
kets by using different methods that allows to collaborate with hard and soft boundaries. There
are some studies using absolute location – {x, y} coordinates – to capture the impact of local and
non-local externalities on properties (Pavlov, 2000; Clapp andWang, 2006; Fik et al., 2003). By
doing so, researchers could overcome with the obstacles of using a priori defined submarkets
with hard boundaries which could ‘mask significant value discontinuities’ (Fik et al., 2003,
p. 625). As an example, Bayer et al. (2007) applied a boundary discontinuity design (BDD)
to address the endogeneity of school and neighbourhood characteristics in a heterogenous resi-
dential choice model. They identified elementary school attendance zone boundaries by imple-
menting BDD and assigned each block to one of the school zones. Therefore, by combining a
priori and data-driven approach, the study made a significant contribution in defining submar-
ket boundaries and analysing the fixed effects of the submarkets whilst taking endogeneity into
account.

Elsewhere in the literature, new modes of technology in online housing services and changes
in search behaviour have been recognized by housing market studies (Dunning et al., 2019).
Advances in collection of data and accessibility have opened up some innovative approaches
to delineating the housing submarkets. One such pioneering study by Rae (2015) investigated
the performance of ‘user-generated search areas’ as a form of submarkets and his findings show
that this approach could contribute to the analysis of housing markets by providing a deeper,
alternative understanding of how housing submarkets are formed and evolve. The influence
of broader conceptual and methodological developments has started to become evident in hous-
ing submarket studies (see below).

Assessing submarket variation in multilevel models
To have a better understanding of the operation and structure of housing market through
models, the conceptualization of submarkets is a fundamental step in the analysis. A number
of studies have investigated the dynamics of the housing market by incorporating submarkets
into multilevel models over the last three decades. The nature of the data used in housing studies
that have a hierarchical structure with levels such as the housing unit is located in a neighbour-
hood/district/local authority/region. Multilevel models enable the analysis of the housing mar-
ket at several levels simultaneously, rather than at single level of the data individually. This
method is equipped to analyse multiple levels of data and is able to capture relationships
between the independent and dependent variables that can vary between places (spatial
units). Several housing market studies apply multilevel model specifically to explore spatial
dependencies in both micro- (individual) and macro-levels (contextual level).

In one of the earliest housing market studies to employ multilevel models, Jones and Bullen
(1993) employed an a priori approach to segmentation to investigate empirically the determi-
nants of housing prices. They used a two-level approach: individual level (housing unit) and
submarket level (local authority areas). The individual-level, property characteristics of housing
units are examined within the submarket levels which were based on local authority areas in
Southern England and London boroughs between 1980 and 1987. The study makes an inno-
vative methodological contribution since it recognizes the distinction between compositional
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and contextual effects and provides an improvement in the empirical examination of housing
prices by being sensitive to drivers that vary across both space and time.

Bullen et al. (1997) built on this innovation when they investigated the variations in residen-
tial prices in England and Wales by using travel time-to-work areas (TTWAs) – as determined
by the Office for Statistics (ONS) derived from census data – as an alternative form of a priori
definition of submarkets. Results from fitting a multilevel model with the TTWA-driven sub-
markets indicates that complex heterogeneity can be addressed better at both housing unit and
submarket levels. Multilevel modelling appeared in this study to help overcome the problems
arising from heterogeneity and spatial autocorrelation and thus offer what is arguably a better
contextualized methodology.

Orford (2000, 2002) used a multilevel approach that allowed the compositional effects of the
housing stock and the contextual effects of a priori determined submarkets in Cardiff, Wales.
Both structural and locational attributes were taken into account and analysed at submarkets
level, where the segments were based upon the 26 community units used by the city council
for administrative purposes, and also at street level. The multilevel model allowed the impact
of submarkets on price differentials to be clearly displayed in ‘an holistic view of the housing
market, one that is more comparable to conceptual than the standard single-level specification’
(Orford, 2000, p. 1670). It was also emphasized that a clear theoretical understanding is needed
about how spatiality enters in the analytical process (Orford, 2002)

Leishman et al. (2013) focused on spatially segmented submarkets based on real estate
agents’ definitions and postcode areas to compare different modelling strategies for Perth, Wes-
tern Australia. They estimated a series of submarket-specific hedonic models and multilevel
models with different spatial levels and compared their performance. The study found that
more granular submarket specification (based on postcodes) increased analytical efficiency
and decreased the occurrence of spatial autocorrelation.

Keskin et al. (2017) adopted a priori definition of submarkets and used administrative neigh-
bourhood boundaries in their study of changes in the pattern of housing prices in Istanbul, fol-
lowed by earthquake activity in the wider region. The results revealed discrete spatial impacts on
housing prices and showed that the impact of earthquake varied widely at the neighbourhood
level. These findings were consistent with Leishman et al.’s (2013) argument that the more
granular structure of submarkets tends to be more effective when it comes to the accurate pre-
diction and measurement of house prices and modelling their spatial distribution.

Most recently, Alas (2020) explored the spatial of housing prices by implementing a further
variant on the a priori approach to the definition of submarkets. The models were constructed
by using submarkets based on administrative district boundaries, neighbourhood boundaries
and street level in Istanbul. The study concluded that multilevel models based on smaller geo-
graphical spatial units are capable of increasing predictive efficiency in assessing housing price
differences.

Most of these previous studies have adopted a two-level approach by using submarkets as a
nested (second/contextual) level. They also usually compared the performance or multilevel
model against hedonic model. Some of the studies tested the effectiveness of models employing
a priori and ad hoc approach in submarket description. This study extends this literature by test-
ing more approaches in submarket delineation, namely ad hoc, a priori and data-driven
methods.

RESEARCH DESIGN

The focus of this paper is to investigate the performance of different submarket delineations in
modelling the dynamics of a local housing market. The empirical analysis underlying it uses
multilevel modelling in order to examine the performance of different types of submarket
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delineation. To compare the efficacy of the different approaches in submarket definition, three
separate multilevel models are analysed on the basis of a priori, expert-based (ad hoc) and data-
driven submarket allocation.

Multilevel modelling in housing studies
The multilevel model approach has been adopted in housing studies in the last three decades
with increasing attention since it has the capacity to analyse individual-level characteristics
embedded in different spatial levels. This method provides an analysis of the data with a hier-
archical structure by using combinations of individual- and group-level independent variables
for finding the impact of contextual effects.

As reviewed in the previous section, multilevel modelling is widely applied in housing mar-
ket studies due to the technical advantages that help to overcome the limitations of the conven-
tional models. Hedonic modelling, a conventional model widely used in housing market studies,
is based on fixed effects of the independent variables, whereas multilevel models focus on both
fixed effects and random effects of the group level. Furthermore, it is assumed that the effects of
housing unit attributes are the same across submarkets in hedonic models; for example, the
effect of age of the building is the same within the market regardless of the submarkets/neigh-
bourhood. In comparison multilevel modelling enables the relationship to vary spatially.

Although hedonic modelling is a useful tool for understanding housing markets, technical
constraints such as spatial autocorrelation, spatial heterogeneity, ecological fallacy and atomic
fallacy led commentators to observe robustness problems in modelling (Malpezzi, 2003). Creat-
ing a dummy variable for submarkets is a commonly suggested method to overcome these pro-
blems. However, the degrees of freedom (DoF), which is needed to analyse cross-level
interaction, is still problematic since DoF is calculated based on individual data rather than
group data. Multilevel models overcome these spatial heterogeneity-related problems by testing
the individual-level attributes on the housing prices within different clusters such as neighbour-
hoods or submarkets. Thus, by using multilevel models, it is possible to overcome the atomic
fallacy problem that emerges from the generalization of housing unit-level data to submar-
ket-level data and also to overcome the ecological fallacy problem arising due to the practice
of generalizing submarket characteristics information to the housing unit level. As a substitute
to fitting a general model that assumes that the relationship between the independent and
dependent variables is constant everywhere, multilevel models allow this relationship to vary
spatially within the study area (Owen et al., 2016). These cross-level interactions help to explain
the impact of housing unit variables on housing prices according to the different contexts in sub-
market levels. Thus, in other words, multilevel modelling enables one to distinguish the impact
of housing unit-level variables and geographical/group-level (such as neighbourhood, submar-
ket, district and region) indicators. It then becomes possible to estimate the random part and the
proportion of the variance at different levels. This method answers the question of ‘how big is
the random part?’ occurring due to the variance (1) between-group levels (such as neighbour-
hoods) and (2) within-group level but between housing units.

The two-level multilevel model involves of individual housing units, i, nested in area j
(hereby submarket j). Leishman et al. (2013) express this as:

Pi = a+
∑

k

dkYi +
∑

j

h0j +

∑

j

∑

k

hkjYi + eij

where Pi represents the price of the ith dwelling in the jth spatial area; Yi are physical and
neighbourhood housing attributes for the ith dwelling; h0j is the random intercept for the jth
spatial area; hkj are random slope parameters for the k attributes, specific to the jth spatial
area; and eij is an error term or residual.
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In parallel with the widespread use of the multilevel approach, some methodological studies
have criticized the technical handicaps of this method, especially on the identification of group
level. If the geographical presumptions associated with multilevel modelling are unreliable, then
this approach cannot provide solid foundations for a methodology that aims to identify contex-
tual effects and differences (Owen et al., 2016). The spatial design of the group level incorpor-
ated into multilevel models is crucial since using the same data will generate different results
depending on the method of aggregating individual units into spatial units (Gehlke & Biehl,
1934, cited in Owen et al., 2016).

This brings the question: What is the best fit for a group level? To include submarkets – as
group level – that are based on different approaches in multilevel models is a way to assess the
performance of multilevel modelling. But how could we define the best fit for determining the
group level? As reviewed in the previous section, the main approaches in the housing market
literature to delineating submarkets are a priori classification, ad hoc and data-driven stratifica-
tion. This study compares the utility of these three main approaches to group level definition as
a prior step to modelling house prices. In this respect, the spatial determinants of housing prices
can be analysed via multilevel models, which are based on different submarket descriptions.

Case study and data
The analysis in this paper used data from the Istanbul housing market. Istanbul has experienced
a very rapid urbanization and has become one of the most populous cities globally. By 2018, the
population of Istanbul reached 15.1 million, an increase from 7.3 million in 1990 (TUIK,
2021a). Having doubled in population over the last three decades, Istanbul has also undergone
a polycentric development due to globalization. With 31% of the country’s gross domestic pro-
duct (GDP) held by the city, it has become a financial and trade centre (TUIK, 2021b). The
major changes in the service sector and the expansion of transportation infrastructure played
essential roles in the multicentre development of Istanbul (Arslanlı, 2020). Moreover, with
the approval of the urban regeneration legislation in 2004, many areas in Istanbul have been
designated transformative zones (Kuyucu, 2020) in order to improve the quality of housing
stock due to earthquake risk. Decentralization of central business districts (CBDs) and indus-
trial areas and the change in the accessibility pattern and urban transformation within the city
has led to variation in housing prices (Koramaz & Dokmeci, 2012). The combined effects of
these processes have produced an urban structure with high levels of spatial disaggregation
and significant socio-economic segmentation (Kısar Koramaz, 2014).

The housing stock in Istanbul can be categorized under three broad groups: ‘urban housing,
suburban housing and residences’ (Ozus et al., 2007, p. 346). Urban housing areas are located in
the historic districts, usually in planned inner-city areas, yet not with enough infrastructure such
as green areas and recreational areas. The higher land prices in urban areas have prompted
developers to construct suburban housing projects in peripheral areas that were dominated
with squatter settlements. These peripheral areas have become an attractive alternative to
urban housing not only due to the escalation of land prices in the inner city but also as a
means of meeting demand from middle-to-high-income groups who want to live in those
areas where the risk of earthquake is relatively smaller (Onder et al., 2004; Keskin et al.,
2017). A variety of factors, including urban transformation initiatives and modifications to
plans to reflect changing market conditions, have contributed to an increase in property prices
in these suburban housing areas (Ozkan & Turk, 2016). Presently, most of the existing housing
stock consists of multi-family apartment buildings and residential projects located primarily in
the suburbs. The other main source of change to the stock takes the form of residential devel-
opments located within the inner-city area, usually on brownfield locations. These are targeted
at a specific demographic group that prefers urban living but is also motivated by a preference for
convenience-based living and ‘premier’ locations (for details, see Ozus et al., 2007).
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Taken together, these ongoing changes in the urban transformation process mean that
Istanbul’s housing market has a dynamic structure with clear differentiation in terms of product
group locations and consumer group preferences for different localities. As such, the city pro-
vides an ideal case study location for multilevel analysis of the housing system and its submarket
structure.

Data set
Different data sources have been used to compile the database for the analysis in this study. The
primary dataset comprises 2175 single-family house transactions sold in November 2006 and
April 2007. These were obtained from two major real estates’ websites. This dataset compiles
housing unit transactions and characteristics from 283 neighbourhoods in 32 districts.
Additionally, the second dataset consists of socio-economic characteristics, neighborhood qual-
ity characteristics, and location characteristics gathered from a survey that was conducted by the
Istanbul Greater Municipality in 2006. This dataset (secondary data) provides information
about the socio-economic structure of the neighbourhoods and the satisfaction of the inhabi-
tants of the city. In addition to the socio-economic and neighbourhood quality characteristics,
an important locational characteristic – earthquake risk data – is obtained from the JICA (2002)
report on disaster prevention/mitigation plan in Istanbul. This is matched to the geocoded
dwellings in the core dataset. As a whole, the data used in the study can be categorized into

Table 1. Variables used in the modelling.

Variables Minimum Maximum Average SD Unit Explanation

Housing unit characteristics (individual level)

Price 34,013.60 8,000,000 251,083 382,467 US$ Price of the housing

unit

Age 0 150 12 14.6 Years Age of the housing

unit

Floor Area 45 1920 170 123 m2

Low Storey 0 1 Dummy

variable

Housing unit being

located in a building

of fewer than five

stories

Gated

Community

0 1 Dummy

variable

If the housing unit is

located in a vertical/

horizontal gated

community

Submarket level characteristics (group/nested level)

Neighbourhood

Satisfaction

1 7 5.03 1.21 Likert

Scale

Satisfaction score for

the neighbourhood (1

= very poor to 7 =

excellent)

Income 333 4444 1072 811 US$ Average income of

inhabitants in the

neighbourhoods

Living Period in

Istanbul

1 46 13.4 6.2 Years Time the inhabitants

have lived in Istanbul

Earthquake Risk 1.33 18.27 5.34 4.10 % Estimated percentage

of the buildings that

will be highly

damaged in a possible

earthquake
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four groups of variables: housing unit characteristics; socio-economic characteristics, neigh-
bourhood quality characteristics and location characteristics (Table 1). It should be noted
that the number of variables available in this study is thin relative to other studies of this
sort. This is a common challenge in studies of emergent markets and, even after multicollinear-
ity issues are taken into account, the number of variables available is still comparable with those
used in the baseline hedonic models in several key submarket studies (e.g., Fletcher et al., 2000;
Watkins, 2001).

In order to delineate the submarkets in Istanbul, three main approaches explained in the pre-
vious section are applied:

. A priori (administrative neighborhood boundary) submarket delineation: the administrative
neighborhood boundaries are used as the basis for our a priori submarket delineation cri-
terion. When this research was conducted, there were 946 neighbourhoods in Istanbul.
However, as many of them do not contain market housing, the data are drawn from
283 neighbourhoods.

. Ad hoc (expert based) submarket delineation: 10 semi-structured interviews were held with
real estate experts, and they were asked to draw the submarkets on the map that displayed
all the administrative boundaries of neighbourhoods in Istanbul. The submarkets are
shaped by overlapped boundaries and five submarkets were delineated by consensus
from the experts.

. Data-driven (cluster analysis) submarket delineation: hierarchical cluster analysis is applied
to derive submarket clusters. A total of 12 submarkets are designed by taking into charac-
teristics such as housing prices, floor area, age of the building and number of rooms,
income of households, living period of inhabitants in Istanbul, neighbourhood quality,
and satisfaction from the public transportation facilities. In line with previous studies,
the risk of an earthquake is also treated as an input for the cluster analysis (Onder
et al., 2004; Naoi et al., 2009).

MODEL RESULTS

As noted, this study uses three different techniques that are most common in the literature. In
this section, the results of three multilevel models of housing price based on the different sub-
market formulations are presented. First, the results of the intra-class correlation (ICC) values
of different submarket delineation are discussed (Table 2). These are used to fit variance com-
ponent models of housing prices without the explanatory variables for three nested levels: expert,
cluster analysis and neighbourhood.

According to the ICC analysis, around 27% of the variance in housing price differences is
due to differences across both ad hoc (expert defined) and data-driven submarkets, with the
remaining 73% attributable to housing unit level. Unlike the experts-defined or data-driven cat-
egorizations, 49% of the variance in housing price is related to housing unit characteristics in the
a priori submarket categorization, whereas 51% of the variance comes from submarket (neigh-
bourhood) level.

Table 2. Residual intraclass correlation (ICC).

Level ICC SE

A priori submarket 0.510 0.318

Ad hoc (experts defined) submarket 0.267 0.126

Data-driven submarket 0.270 0.113
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Table 3 displays the results of the model based on the a priori submarket classification and
gives the results for the factors that determine the housing prices. This model has the most gran-
ular structure with 283 administratively determined neighbourhoods. Floor area of the housing
unit, with a positive relationship with price, has the greatest impact on the housing prices. Floor
area is followed in terms of scale of influence by average living period in Istanbul, income of the
inhabitants living in the neighbourhood, housing unit being located in a vertical/horizontal
gated community, and then low storey, respectively, again with a positive impact on the housing
prices. Lastly, in addition to those explanatory variables and in line with other studies of Istanbul
prices, earthquake risk has a positive significant factor in housing prices.

Table 4 presents the ad hoc (experts’ defined) submarket model results. Similar to model 1 (a
priori based on neighbourhood boundaries) (Table 3), this implies that floor area, living period
in Istanbul, being located in a gated community, income and being located in a low-storey
building have a statistically significant positive impact on housing prices have a statistically sig-
nificant positive effect on housing prices.

Table 5 displays the results of the model based on the data-driven submarket structure and
summarizes the results for the factors that are affecting the housing prices. Floor area of the
housing unit, with a positive relation with price, has the greatest impact on the housing prices.
In terms of scale of impact, floor area is followed by inhabitants’ average living period in Istanbul

Table 3. A priori model (neighbourhood) results.

Model 3: Neighbourhood

Number of groups = 283

Wald Chi2=2627.68

Prob> Chi2=0.00

Variables Coefficient SE

Floor Area 1.094** 0.024

Age −0.011 0.009

Low Storey 0.041** 0.013

Gated Community 0.097** 0.013

Neighbourhood SatisfactionAge 0.096 0.117

Income 0.186** 0.053

Living Period in Istanbul 0.285** 0.071

Earthquake Risk −0.077** 0.035

Table 4. Ad hoc (experts defined) submarket model results.

Model 1: Experts

Number of groups = 5

Wald Chi2=2158.85

Prob> Chi2=0.00

Variables Coefficient SE

Living Area 1.028** 0.026

Age of the Building 0.002 0.094

Low Storey 0.033** 0.014

Gated Community 0.055** 0.014

Neighbourhood SatisfactionAge 0.0869 0.066

Income 0.047** 0.023

Living Period in Istanbul 0.179** 0.035

Earthquake Risk −0.007 0.018
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and income of the inhabitants living in the neighbourhood, respectively, which again have a
positive impact on the housing prices. Aside from those explanatory variables, housing units
located in vertical and horizontal gated communities and in low-storey buildings are significant
positive factors affecting housing prices. Unlike the expert-based model, the earthquake risk
does have an impact on the housing prices. In this case, as might be expected on the basis of
prior knowledge, it is negatively related with housing prices.

The variables included in Tables 3–5 are selected on the basis of their significance level. P-
and Z-values are not presented, but they are available from the author upon request. Each spe-
cification also generated random effect estimates. As they are not used in the testing regime,
they are not reported here, but again they are available from the author upon request.

Overview of the results
Prediction accuracy (PA) and root mean square error (RMSE) tests have been adopted in large
number of studies where they are comparing the performance of different submarket delinea-
tions. These tests assess the accuracy in terms of the proportion of estimated prices that fall
within a narrow tolerable range of the actual price. Examples of such tests can be seen in Wat-
kins (2001), Bourassa et al. (2003), Goodman and Thibodeau (2003), Keskin et al. (2017) as
well as a review of around 30 cases in Watkins (2012). Leishman et al. (2013) compared the
performance of the submarkets, delineated by real estate professionals, with a priori delineated
postcodes. Building on this approach, PA and RMSE tests are applied on models (Table 6) that
are derived from real estate experts’ opinion, a priori administrative neighbourhood boundaries
as well as data-driven delineated submarkets.

As can be seen from Table 5, the predictive performance for a priori submarket delineation,
which consists of smaller spatial units, exceed all other submarket approaches examined in this

Table 5. Data-driven (cluster analysis) submarket model results.

Model 2: Data-driven (cluster analysis) model

Number of groups: 12

Wald Chi2=2879.62

Prob> Chi2=0.00

Variables Coefficient SE

Floor Area 1.085** 0.029

Age 0.053** 0.098

Low Storey 0.024 0.015

Gated Community 0.065** 0.015

Neighbourhood SatisfactionAge 0.053 0.073

Income 0.222** 0.037

Living Period in Istanbul 0.258** 0.047

Earthquake Risk −0.091 0.020

cons 1.829

Table 6. Prediction accuracy and standard error reduction for alternative submarket delineation.

Model

% of cases predicted

within 20% accuracy

% of cases predicted

within 10% accuracy

Root mean square

error (RMSE)

Ad hoc (expert defined)

submarket

0.35 0.18 321,691

Data-driven submarket 0.38 0.19 316,844

A priori submarket 0.39 0.21 315,931
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study. It is also evident that the spatial pattern of prediction errors is less concentrated. The
results show that multilevel models with granular submarket delineation at group level have
the capacity to improve predictive power and reduce spatial dependence. According to the
test results, the model with a priori submarkets has the strongest predictive performance with
more than 39% of cases within 20% accuracy and 21% within 10% accuracy. This is followed
by data-driven, with 38% of cases within 20% accuracy and ad hoc (experts’ opinion) submarket
with 35% of cases within 20% accuracy. Furthermore, the RMSE test results show consistency
with PA results since the difference between actual price and estimated values are least in a priori
model which is followed again with data-driven and ad hoc submarket models.

CONCLUSIONS

Numerous previous market studies have argued that the complexity and dynamics of the hous-
ing system can be analysed more effectively and accurately by taking account of its segmented
spatial structure. This implication of this assertion is that submarkets should be accommodated
in modelling procedures and that the data used should ideally have a hierarchical and/or nested
composition. Despite general agreement on this broad point, there remains a lack of consensus
about how best to determine submarket delineations in practice, and the matter has become the
subject of several recent empirical investigations.

The literature is also unclear on what form econometric models should take to best under-
take such an investigation. The methods used range from simple hedonic regressions that
include submarket dummies, systems of submarket specific regressions equations, and the use
of neural networks and cellular automata approaches. Several recent studies have also stimulated
a resurgence in interest in the use of multilevel modelling. The rationale behind employing mul-
tilevel model is that the technique allows readily for the examination of within and between sub-
market variability. Despite advocacy for greater use of multilevel models, there are two
constraints on their use. First, it is not clear from the literature how analysts should identify sub-
market units for inclusion in models. Can these be captured by including spatial administrative
boundaries at different levels, or does prior work need to be done to identify functional submar-
kets? Second, do multilevel methods have utility in study areas, such in emergent market con-
texts, where datasets might be thin.

This paper attempts to contribute to the multilevel modelling strand of the submarket lit-
erature by addressing both of these issues. It addressed the former issue by using multilevel
methods to compare the performance of some of the different submarket descriptions used in
the literature. The empirical analysis presented here is based on an experiment that tests differ-
ent approaches to variants of the three most common approaches used to construct housing sub-
markets: an a priori classification which is based on the use of administrative neighbourhood
boundaries; a set of partitions based on experts’ views of submarket composition; and a data-dri-
ven approach which groups dwellings based on cluster analysis. The study employs data from
the Istanbul housing market. Of course, the use of expert opinion in this way has been advocated
as a means of addressing data limitations (Watkins, 2001) and helps us explore the second
constraint.

Since most house price applications such as tax assessment, valuation and marketing require
high levels of model accuracy, this experiment focuses on predictive accuracy as the basis from
which to determine which submarket definition performs best in these models. Based on their
precision, the performance of these models is compared in terms of the proportion of predicted
prices falling within 10% and 20% range of the actual price. The a priori (administrative neigh-
bourhood boundaries) formulation generated the greatest proportion of estimates within 10%
and 20% of actual price with 39% and 21%, respectively, in these intervals. Furthermore, the
RMSE test results (which provide an alternative assessment of accuracy) indicate that the a
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priori classification has the smallest difference between actual and predicted standard error
values. In other words, the categorization based on administrative neighbourhood boundaries
has the largest reduction in terms of error. These test results show, as with previous studies
in this field, that the most granular definition of submarkets deliver a better performance
than those that use larger spatial units. Interestingly, in the context of markets where data con-
straints persist, the analysis suggests that real estate experts’ views of submarket structures might
be particularly useful as inputs into micro-modelling processes in contexts where datasets are
thin.
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