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OFFICE RENT MODELING IN ISTANBUL: A GEOADDITIVE APPROACH

Abstract

The objective of this research is to develop a hedonic model for office space rent prices in Istanbul,
using a data set consisting of 2348 office spaces. The data includes information on office building and
office space characteristics, as well as features related to the lease, location, and neighborhood that
impact office rents. To examine the connection between office rent and these factors, a semiparametric
geoadditive model was utilized, which allows for flexibility in functional form and captures,location
effects through geographical smoothing functions instead of location dummies. The result icate
that the link between office rent determinants and office space rents is nonlinear. The vac% ,a
measure of office space demand, is the determinant with the greatest impact on s. The
second most important determinant of office rents is that the office space ass office
building, and the third most influential factor is that the office spaces have a@ osporus.

[, Istanbul office

Keywords: Office rent, Hedonic price theory, Semiparametric, Geoa
market

ISTANBUL’DA OFiS KiRA MODELLEMESi: COGR@SAL BiR YAKLASIM

Ozet

®
Bu arastirmanin amaci, 2348 ofis alanindan r eri seti kullanarak istanbul'daki ofis alani kira
fiyatlari icin hedonik bir model gelistirmek¥ ileY, ofis binasi ve ofis alani 6zelliklerinin yani sira ofis

kiralarini etkileyen kiralama, mekangvegkomsulik ile ilgili 6zellikleri igerir. Ofis kirasi ile bu faktérler
arasindaki iliskiyi incelemek icin, fo ﬁg\ formda esneklige izin veren ve mekansal kuklalar yerine
cografi diizgiinlestirme fonksiyon 181yla mekan etkilerini yakalayan yari parametrik bir cografi
toplamsal model yaklasimi kull . Sonuglar, ofis kira belirleyicileri ile ofis alani kiralari arasindaki
iliskilerin dogrusal oImadl rmektedir. Ofis alani talebinin bir 6lclsl olan bosluk orani, ofis

kiralari uzermde en bu tKiye sahip belirleyicidir. Ofis kiralarinin ikinci en 6nemli belirleyicisi, ofis
alaninin A sinifi mda bulunmasi ve lclinci en etkili faktor ise ofislerin bogaz manzarasina
sahip olmasidir.

Anahtar keli : Ofis kirasi, Hedonik fiyat teorisi, Yari parametrik, Cografi toplamsal model, istanbul

of%é\,



1. INTRODUCTION

The hedonic price approach is useful for understanding the pricing behavior of heterogeneous goods.
It allows a proper characterization of the heterogeneity of real estate goods by a limited number of
attributes associated with different levels of quality (Rebelo, 2011). This approach has been widely
applied to the analysis of housing markets, but its use in office markets is relatively uncommon.
Previous research in this area has focused on individual markets. For example, Bottom et al. (1997) and
Dunse and Jones (2002) studied the office markets in London and Glasgow, respectively. Other studies
have investigated office markets in Munich (Nitsch, 2006), Paris (Nappi-Choulet et al., 2007), and
Istanbul (Oven and Pekdemir, 2006a, 2006b; Ozus, 2009). However, there is still a lack of research on
the application of hedonic models to office markets.

Accessing actual office rent data can be challenging for studies aimed at analyzing o% , leading
e

many researchers to rely on the asking rents instead (Brennan et al. 1984; Dunse apd 2002;
Fuerst, 2008; Gat, 1998; Glascock et al. 1990; Nitsch, 2006; Ozus, 2009; Pekdemi ci, 2011;
Jennen and Brounen, 2009; Wheaton and Torto, 1988). Most of these studie ross-sectional
data, with a few using temporal series (Tu et al. 2004; Nappi-Choulet et.alq2 o the best of our
knowledge, only Fuerst (2008) has examined office rent determinants u p data.

Hedonic models can take on various functional forms. According &gomic theory, the functional
form of a hedonic price function depends on both the individt V\S@wd and supply functions of the
good (Ekeland et al.,, 2004; Heckman et al., 2010; Kos%” 2014a). When the exogeneity
assumption of supply conditions is made, the functigpalgf of the hedonic price function is
determined solely by tenant preferences for proper aracteristics, according to Heckman et al.

e
(2010). This is considered a reasonable assumptione«o rental market (Glaeser and Gyourko, 2005).

®
9
Most office rent studies use hedonic modejs thath de demand-side characteristics, such as physical

features, location, and lease terms, assumi rithmic-linear pattern for the relationship between
office rent and its determinants. However, Ek d et al. (2004) found that the marginal willingness to
pay for each characteristic is a nonli fukction of that characteristic. This suggests that significant
differences in rents do not nece@nean that the observations belong to different markets, as
nonlinearity may be caused by, l@cational differences in the same heterogeneous market. Empirical
researchers have recogniz iRelihood of hedonic functions being nonlinear in characteristics since
Rosen (1974) develop tieory of hedonic price function (McMillen and Redfearn, 2010). Some
office rent studies, s Farooq et al. (2010), Ceh et al. (2012), Koster et al. (2014a), Bera and Kangalli
Uyar (2019) hav nparametric or semiparametric models to allow for functional form flexibility,
rather than % inearity a priori. For example, Farooq et al. (2010) found a nonlinear relationship
betwegn offic€ rent and distance to the central business district, while Koster et al. (2014a) discovered
ahi 1\% ar relationship between building height and office rents. Ceh et al. (2012) identified six
in eters that explain variations in office rents and used the nonparametric CAE method to
estim office rents as a function of those parameters. They found that the relationships between
office rents and the six input parameters are highly nonlinear and linear regression does not work well
to estimate office rents. Thus, they showed that ignoring high nonlinearity can lead to misleading
findings. Bera and Kangalli Uyar (2019) used a semiparametric hedonic model (Mixed GWR model) that
considers spatial heterogeneity to determine the factors affecting office rents in Istanbul. While there
has been a notable rise in the utilization of nonparametric or semiparametric methods, which consider
nonlinear relationships, in hedonic modeling studies concerning the housing market, using such flexible
approaches in office market studies remains limited.



Except for a few studies mentioned earlier, it is typical to assume that there is a linear correlation
between office rents and their determinants. This issue does not only pertain to office rent studies but
also studies in the social sciences. Keele (2008) has noted that in social sciences, the linear functional
form is generally preferred, and researchers often ignore verifying the linearity assumption. Even
though much effort is devoted to checking assumptions about the nature of the error term, the issue
is more often neglected by researchers when it comes to testing assumptions about the functional form
of the model. The consequences of determining the incorrect functional form are considered severe
regarding statistical inferences. Hence, coefficient estimates, and hypothesis tests are generally biased
if the assumed form isincorrect (Bera and Yoon, 1993; Bera, 2000). Keele (2008) conducted a simulation
study and observed that making the linearity assumption when the relationship between vdsiables is
indeed nonlinear can lead to researchers concluding that there is no relationship between les,

even though they are strongly related. %

Nonparametric or semiparametric methods might overcome specification errers r@?from the
wrong functional form. These methods do not make any a priori assumpti n\&j e functional
form, but they benefit from the distribution of data to infer the functional f% illen, 1996). In
this study, we aim to investigate the relationships between office ren tAejr determinants by a
semiparametric approach allowing functional form flexibility. Secon we attempt to make a
comparison between the parametric and semiparametric m regarding their estimation
performance. Finally, in the search for a better hedonic offi eﬁ; odel, we discuss the issue of

including the geographical location for office spaces in parametric model in a smooth
interaction form and examine it by hypothesis tests.

T4
The paper is structured as follows: Section 2 provid @se overview of the existing literature on
office rent determinants in the hedonic offic tydomain. Section 3 outlines the model and
methodology employed in this research. Sectio iscusses the data utilized in this study. Section 5
presents and interprets the empirical res y, the last section presents the main findings and

thoroughly discusses their implicatioas.c
2. LITERATURE REVIEW QRENT DETERMINANTS

rent. While both de supply-side variables may impact office rent, a considerable number of
studies focus on and-side variables. These variables, which fundamentally affect office rent,
include physica% jonal, and lease characteristics. Although there is no consensus on which

and how they impact office rents, parametric methods are usually applied, with a few

variables t
excem?& earlier. While there are many proxy variables for office rent determinants in office
e

re%' is study focuses on the commonly used ones.

2.1.Physical characteristics

The literature on office E S s suggests that there are several variables that influence the level of

Physical characteristics imply the quality, internal services, amenities, prestige, and representativeness
of office buildings. While building age is a common measure of office building quality in many studies
(Bollinger et al. 1998; Clapp, 1980; Frew and Jud, 1988; Gat, 1998; Mills, 1992; Sivitanidou, 1995;1996;
Slade, 2000; Wheaton, 1984; Wheaton and Torto, 1994), others have taken a more detailed approach
to measuring building quality by conducting interviews and surveys with architects or property
managers (Gat, 1988; Vandell and Lane, 1989; Webb and Fisher, 1996). After Glascock et al. (1990)’s



study, the categorization of an office building into different classes has become a common approach to
measuring quality (Bollinger et al. 1998; Laverne and Winson-Geideman, 2003; Bond et al. 2008).

Internal services and amenities are physical characteristics that pertain to the quality of the office
building, too. In many studies, office building amenities and internal services have significant and
positive influences on the level of rent (Clapp, 1980; Wheaton, 1984; Mills, 1992; Sivitanidou, 1996;
Bollinger, 1998; Ozus,2009). Oven and Pekdemir (2006a) reported that building amenities such as day-
care, bank, shop, conference room, health club, and restaurant are insignificant and parking facilities
have little influence on the office rent for the investigated office market. Oven and Pekdemir (2006b)
examined the influences of office rent determinants concerning the level of rent based on the influence
scale which was established from the literature review. They found that the building amenitie,
influential on office rents. Nitsch (2006) suggested that including physical characteristics

result in significant improvements and adding locational and neighborhood characterN% office

rent model could improve its explanatory power. A

Measuring the representativeness and prestige of an office building can b \w\ing, but some
studies have suggested that building height could serve as a proxy for thi 0 p, 1980; Wheaton
and Torto, 1994; Slade, 2000; Koster et al. 2014a). According to Sivita 5), the height of an
e

office building is one of the most important factors affecting ren% even though it was not

included as a variable in her office rent model. o \c.)
2.2.Locational and neighborhood characteristics @&
®
e
Locational characteristics account for 30% of pro % ice rent determinants in literature, making
r S
reqt

them the second most considered factor afté i¢al characteristics (Oven and Pekdemir, 2006b).
Companies are often willing to pay higher r certain locations, and this tendency may be
associated with the concept of acces&ibi ity. Accessibility can be defined as proximity to transportation
nodes, nearby labor markets, the of the surrounding environment, and neighborhood

characteristics. Other Iocaﬁonal® ristics include face-to-face contact opportunities and the
emp

representativeness of the Iocal% f, 2015).
t
i

The neighborhood charac and the quality of surroundings are other location factors that affect
considerably office ren ity to amenities such as shopping centers, restaurants, entertainment,
and recreational\pa Qsed to demonstrate the influence of the quality of surroundings on office
rents (Bollinger x 8; Colwell et al. 1998; Dunse and Jones, 1998; Ihlanfeld, 1990; Nitsch, 2006;
Sivitanidou, @Eommonly used proxy variables for neighborhood characteristics include the
average ¢ , average and median household income, concentration of blue-collar and college-
educated holds, and more (Wheaton, 1984; Sivitanidou, 1995; 1996; Bollinger et al. 1998; Ryan,
2% and Pekdemir, 2006a; 2006b). Even though the quality of surroundings and the
neighbgrhood characteristics are important office rent determinants for metropolitan areas, there is

no consensus concerning their impacts on the level of rent and which variables can serve as proxies
(Kempf, 2015).

The prestige of location is one of the most important determinants in office tenants’ decisions
concerning office location. The prestige of location is measured by a dummy or distance variable. It is
expected that the impact of this factor on office rent is positive. Some researchers use the dummy
variables measuring the representativeness of location (Clapp, 1980; Sivitanidou, 1996), while others
use the distance variables (Brennan et al. 1984; Oven and Pekdemir, 2006a; Oven and Pekdemir, 2006b;



Nitsch, 2006). Most of the studies' empirical results indicate that office tenants are willing to pay a
higher rent for prestigious locations.

2.3.Lease characteristics

Lease characteristics are proxied by factors such as the lease length, rental area size, rent review
provisions, options, and incentives, as well as the type and quality of the tenant. Among them, the size
of the rental area and lease length are commonly used office rent determinants in the literature. The
hypothesis about the lease length is that landlords offer lower rents for longer leases in comparison to
short leases (Kempf, 2015). Especially in a recessionary office market, this hypothesis can be yalid due
to the risk of vacancy. On the other hand, office tenants are willing to pay more for short % ce

longer leases reduce flexibility. ‘

The empirical findings related to the impact of lease length on office rent va %}t e studies.
Englund et al. (2004), Bond et al. (2008), as well as Stanton and Wallace (20 a positive and
significant relationship between the level of rent and lease length. Bre r% 984), Benjamin et
al. (1992), and Desyllas (2000) reported the statistically insignificant eﬁth ease length on office
rents whereas Benjamin et al. (1990) found a negative and ygmﬁcant&&o ship between the level of
rent and lease length.

The other lease factor is the size of the rental area. le% r office rent determinants, the
influence of this factor on office rents is still a discussio If the office tenant rents large office
space, his negotiating power might increase. In thls.ca@nﬂuence of the size of the rental area on
office rents will be negative. On the other hand d that office buildings that have large and
continuous space are highly appraised by largé & are usually supplied in the short run (Kemph,
2015). The short-run supply of office buil rge and continuous space might cause a positive
influence on office rents. According £° heato and Torto (1994), the effect of the size of a rentable
area on office rents depends on the and its cycle stage. Accordingly, they found both positive
and negative statistically significant¥e nships between office rents and the size of the rental area.

However, Bond et al. (2008) an jamin et al. (1992) reported a negative and significant relationship,
ifisignificant relationship.

while Desyllas (2000) indic

The vacancy rate, clos &ed with lease factors, is considered a significant determinant of office
rent (Frew and J NGlascock et al., 1990; Hekman, 1985; Hendershott, 1996; Hendershott et al.,
2002; Huynh, 2@44% akowski et al., 1992; Rosen, 1984; Shilling et al., 1987; Sivitanides, 1997,
Wheaton an 0,%1988; 1994). The vacancy rate represents the office space supplied at any given
perlodan@*d in different forms to hedonic office rent models. These forms can include lagged
Vacancwr eviations from the natural vacancy rate, changes in vacancy rates, vacancy rates at the
Io “wand more. The impact of the vacancy rate on office rents might vary by different definitions
of the\@cancy rate. Ozus (2009) discovered that the vacancy rate at the local level has a negative effect
on office rent, while the vacancy rate within buildings has a positive effect. Sivitanides (1997) noted
that the influence of the vacancy rate seems to differ across markets. However, Glascock et al. (1990)
examined the effect of the vacancy rate on rental changes in a medium-sized city. Their study covered
A, B, C, and D-class office buildings located in six different areas with diverse characteristics. The
findings revealed that, except for D-class office buildings, the vacancy rate is statistically significant
regardless of the location or class of the office building. In contrast, Hekman (1985) argued that big
cities exhibit strong responses to vacancy rates, while small cities show weaker ones. Shilling et al.
(1987) obtained similar findings supporting Hekman's (1985) study.



3. MODEL AND METHODOLOGY

3.1.Model

Previous hedonic office rent studies are usually based on a parametric model which is in a log-linear
form. This relationship might be demonstrated as follows:

logy,=X;"B"+¢,i=12,...,n (1)
where log y; represents the logarithmic asking rent for office space i, and §* is a vector of ts.
The independent variables, denoted as X;", consist of various characteristics of the e, and

\ s and their

X;"B* represents the linear predictor that includes the constant term, discrete yari d several
continuous variables. This model assumes that the relationships betwe CN

determinants follow a log-linear pattern. However, it is important to note :4\%

overly restrictive and may not necessarily align with theoretical principl i
(o)

distributed normally and independently with constant error variance an r

proach may be
ror term, which is
ean, e~NID(0,0?).

equation (1). To achieve this, we have introduced certain in a non-parametric form. These
variables, denoted as x;;, X,;, ..., Xx;, are incorporated int n (1) in a non-parametric manner. As
a result, we obtain the semi-additive model presg«nt imeQuation (2). The semi-additive model is a
variation of the semiparametric model that allow % inclusion of additive components. Additivity
enables us to ascertain the net effect of eachnin nd€nt variable on the dependent variable, similar
to multiple linear regression models (Basil et%b() 5)

log yi = X;"B" + s1(vap) + sz(xza#\ﬁi(xko +e )

Sk (.)are smooth function or nQ etric regression function and e~NID (0, 52).

This study seeks to enhance the previous analyses by introduci ﬁe'ayility in the functional form of
iab
gda

The parametric part odel, X;"B*, allows discrete variables such as dummy variables or
variables measured i nal scales. Moreover, any continuous variables which are supposed to have

linear impacts endent variable can be defined in a parametric manner in the model. The
nonparametg the model, s(x1;),5(x3;),---,S(xg;), provides the functional form flexibility for
continyo iables by allowing nonlinear relationships. Consequently, the semi-additive model,
which os parametric and nonparametric terms, is formulated as equation (2). Although the

ive model captures nonlinear relationships between log(y) and the independent variables
through’the nonparametric component, it does not account for any spatial structure present in the
data. To address this concern, we can introduce the geographical location (la_i, lo_i) as a covariate in
equation (2), resulting in the formation of the semiparametric geoadditive (semi-geoadditive) model
(Kammann and Wand, 2003; Geniaux and Napoléone, 2008).

logy; = Xi'B" + s1(x11) + s2(x20)+. . 451 (i) + s(lag, log) + & (3)

The term s(la, lo;,) represents the smooth spatial trend surface, which is a smooth
interaction between latitude (la;) and longitude (lo;). This component allows us to



incorporate unobserved spatial variations into the model. In this case, the assumption for the
error term can be relaxed by making the identically and independently distributed assumption:
e~I1ID(0,0?).

Similar to the semi-additive model, the semi-geoadditive model enables the incorporation of nonlinear
relationships and thresholds. However, Geniaux and Napoléone (2008) highlight several advantages of
the semi-geoadditive model compared to other spatial econometric models. Firstly, it eliminates the
need for an NxN spatial weight matrix in computations, allowing for efficient estimation even with large
datasets. Secondly, instead of using locational dummies, the model captures locational effects through
the smoothing function of geographical location. Thirdly, it can be utilized as a tool for specifyling the

process, providing valuable insights into the underlying relationships. Finally, the semi- ive

model addresses both the issues of nonlinearity and unobserved spatial heterogeneit i ously.
3.2.Methodology Q

The nonparametric elements of the semiparametric model in equation estlmated using the

spline methodology. Splines perform by estimating separate regressién cutves that are connected at
specific knots. There are different types of splines avallalgleéd; this case, we employ the
t

methodology of penalized regression splines due to th onal efficiency. To apply the
penalized spline regression methodology, we can express th onparametric component of equation

(2) in terms of a spline function basis.

Sk(xk) = X, Bak bak (X)) (4)
where B are unknown parameters to b est&and qx indicates the knot number.

The semi-additive model presented ?1 |on (2) can be expressed in matrix form as follows:

logy = X*B" + 3, Ba, bql(xQ® bg,(xz)+...+¢

=X +¢ (5)

where X comprli I spllne function base; £ includes f* and all smooth coefficients, .

In a similar he semi-geoadditive model can be rewritten in the matrix form. However, if s(la,

d usSing a tensor product, then the basis for s(la) +s(lo) is nested in the basis for s(la, lo). This
tAe smooth bases can be represented as a multiplication of marginal spline function bases
., 2015):

51a,10) = $q,, Sq1, Braoba, (@b, (10) (6)

Hence, the semi-geoadditive model presented in equation (3) can be expressed in matrix form as
follows:

log y = X*ﬁ* + qu .Bql bql (xl) + Zqz ﬁqz qu (x2)+- ot qua quo .Bla,lobqla (la)bqlo (lO) +e

=70 +c¢ (7)



where Z comprises X*and all spline basis functions; 6 includes * and all smooth coefficients, B, and

lgla,lo-

It is important to choose an appropriate number of knots, g, which are sufficiently large, to avoid
misspecification issue. However, a challenge arises as there is a vast number of potential regression
models to be estimated for a given number of knots. To address this issue, the penalized spline
regression approach can be employed to minimize the influence of the knot number and position. This
is achieved by imposing constraints on the estimation of smooth coefficients in equations (5) and (7).
To do this, the parameter values (B) minimizing the following objective function are chosen for the
model in equation (5): e%

min{(logy — XB)* + Xi 1cB'SkB}

Here, 1, = 0 represents the smoothing parameters that control the trade-o e distance to
the data (represented by the first term) and the overall smoothness of h (represented by
the second term). The matrix S, is a positive semidefinite matrix that r components of the

spline function base.

Upon minimizing the objective function in equation (8) for 3 &i e smoothlng parameters, the
penalized least square estimator can be derived as follows and Flachaire, 2010):

= XX+ ke S) "X log y ,® (9)

The covariance matrix of g is denote% 02X X+ e e S)TIX'X(X'X + X Ak Si) L
Assuming ¢ follows a normal dlstilb on N(0,1,0,.2), then B follows a normal distribution

B~N(E(B), V3). However, the use o t|st inference in semi-additive models based on penalized

regression splines may result in tie™u ypothe5|s being rejected too frequently. To overcome this
issue, Wood (2006a, 2006b) i |n a Bayesian approach, where the distribution of parameters is

represented as follows: Q
ﬁlloyy~N(E(@6 MeS)™) (10)

For the mod ed in equation (7), the parameter values (8) that minimize the following objective
functign g@fe\s ed:

m _ZQ)Z +Zklk9’5k9} (11)

This expression represents the balance between minimizing the sum of squared residuals and achieving
a smoother approximation of the function s, (.). The smoothing parameter 1, regulates this trade-off.
Here the objective function is solved by:

0=ZZ+YkMS) 2 logy (12)

The distribution of parameters (6) is obtained by the Bayesian approach as follows:

0llogy ~N(E(8),0%:(Z'Z + L Si) ™) (13)



3.2.1. The Choice of optimal smoothing parameter: GCV criterion

When employing penalized spline regression in a semi-additive model, choosing the appropriate
smoothing parameters, A, becomes crucial. These parameters strike a balance between fitting the
data closely and ensuring the smoothness of the spline functions, thereby mitigating the impact of knot
placement and number. The question then arises as to how to determine the optimal smoothing
parameter value. Several methods are available, such as mean squared error (MSE), cross-validation
(CV), and generalized cross-validation (GCV) criteria. However, due to some limitations of MSE and CV,
the GCV criterion is commonly used in practice (Ahamada and Flachaire, 2010). The optimal smgothing
parameter value, A, is determined by minimizing the GCV criterion. In the semi-additive m%the

GCV criterion can be expressed as follows: &
- °

GCV (1) = n(log y—XB)? %

k [n—tr(H)]? m\

where n, is the number of observations; H = X(X'X + Y A, Si) X' j atrix of the semi-
additive model. The effective degrees of freedom (edf) can be obtaine caletlating the trace of H,
denoted as tr(H). The edf provides a measure of the number of idel’%i3 arameters in the model.
It is important to note that all the definitions and concepts re@te\ﬁs CV criterion are applicable

to the semi-geoadditive model. &\
U4

3.3.Hypothesis testing

(14)

®
In a linear regression model, F or LR tests are fo‘r% by comparing alternative models. As the
parametric model is nested in the semipargm el, F or LR tests can be used to test various
hypotheses about the comparison of the @ making it a natural framework for specification
testing (Keele, 2008). These hypothesis te% nonparametric or semiparametric framework are
also called nonlinearity tests (Fox ané WEgisberg, 2018). The F-test approach provides us for testing the
statistical significance of each nonp V\et-%variable via the F-test statistic that follows F distribution:

F = (RSSrestricted—RSSunrestricte )=*1)
RSSunrestriCted/dfres, icted (15)

The terms RSS,estrict SSunrestricteda epresent the total sum of squared residuals for the
restricted and unges odels, respectively. The variable dfres is equal to n minus the trace of 2H-
HH'. Under the hesis there is no statistically significant difference between the RSS values of

the restricte% stricted models.
In this's % important to highlight that while model (1) is present in both model (2) and model
|

( is exclusively a component of model (3). Consequently, when comparing model (1) to
mo ), model (1) is considered the restricted model, which omits nonparametric variables, while
the latter is regarded as the unrestricted model. Conversely, when comparing model (2) to model (3),
model (2) is designated as the restricted model, and the latter is identified as the unrestricted model.

Moreover, the likelihood ratio (LR) test can be utilized to assess whether the unrestricted model
exhibits a higher level of explanatory power than the restricted model.

LR = —2(l0g L Rrestricted - log L Runrestricted) (16)

The test statistic, which evaluates the equality of log-likelihoods under the null hypothesis, follows a
distribution with degrees of freedom that corresponds to the difference in the number of parameters



between the two models (Kanas et al., 2012). The test statistic under the null hypothesis that expresses
the equal log-likelihoods follows a y? distribution with degrees of freedom which is equal to the
difference in the number of parameters across the two models (Kanas et al. 2012).

4. DATA

During the first quarter of 2018, this study examines a dataset comprising 2348 office spaces situated
across 28 counties in Istanbul. The spatial distribution of office spaces within the study area is depicted
in Figure 1.

FAN
Figure 1: Spat% ibution of Office Spaces.
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The dataset utilized for this study offers extensive information on office spaces, including their asking
rents, characteristics, and the buildings in which they are situated. To provide geographical context,
geographical locations were also incorporated. The dataset was compiled from various sources,
namely: 1) real estate agents who provided information on the geographical locations, rentable areas,
asking rents, and characteristics of office spaces and buildings; 2) https://www.endeksa.com, an online
real estate valuation website that furnished average unit rent and depreciation time data; 3) quarterly
market reports from PROPIN, a real estate investment consultancy company that provided average
vacancy rates; and 4) accessibility variables, which were computed by the author using the great circle
distance formula. Table 2 in the Appendix contains detailed information on the definitions and sources
of each variable.

5. EMPIRICAL RESULTS §

Table 1 presents the estimation results for all models, including the log-linear mod%% dditive
model, and semi-geoadditive model. The partial effect of each nonparametric 3ri the office
Xﬂ ditive model.

rent is illustrated in Figure 2 for the semi-additive model and Figure 3 for these

In the analysis, the dependent variable is the logarithm of asking ren f paces, denoted as
Lrent. The independent variables include Number Room, Number Floor, Rloor16_Floor20, Floor Area,
Bosporus View, Class A, Security Guard, Generator, Parking GaraE Unit*Rent, Depreciation Time,

Vacancy Rate, Longitude, and Latitude. The definitions of thesg vagi n be found in Table 2 in the
Appendix. For the semi-additive model, the parametric t\nr es Floorl6_Floor20, Bosporus
View, Class A, Security Guard, Generator, Parking Garage, and@/acancy Rate, while the nonparametric
part includes Number Room, Number Floor, Floor Area iRe t, Depreciation Time, Longitude, and
Latitude. In contrast, the nonparametric part of tlte @additive model involves Longitude and
Latitude as a smooth interaction term. The signi e% ependent variables impacting office space
rents were identified using the backward elimi ’% pproach. Many of these variables are found
significant, consistent with findings from th% ies on the Istanbul Office Market. Additionally,
prior to the regression analysis, local variance)inflation factors (VIFs) were calculated to assess the
collinearity. The local VIF values, ran‘g@n 1.0569 to 2.9831, indicated the absence of significant

local collinearity. QQJQ
)
N
Q‘&



Table 1: Estimation Results

Variable Log-Linear Model Semiparametric Semiparametric
Additive Model Geoadditive Model
Intercept -56.61%** 8.168*** 8.238***
(-5.101) (176.061) (163.109)
Class A 0.233*** 0.369%** 0.399***
(7.131) (16.789) (17.662)
Bosporus View 0.283*** 0.152%** 0.140%***
(5.023) (4.435) (4.146)
Vacancy Rate -0.798%*** -0.866*** -1.327%**
(-2.892) (-4.057) (-5.576)
Floor16_Floor20 0.164** 0.073* 0.068*
(2.709) (1.978) (1.862)
Parking Garage 0.076* 0.053** 0.061** N
(0.054) (2.178) (2.570)
Security Guard 0.107*** 0.038* 0.042* & d
(2.924) (1.682) (1.908) NN D
Generator 0.056 0.047** 0.055** A
(1.543) (2.085) (2.485
Floor Area 0.002%** See Fig. 2 e Fig.
(35.628) F-stat: 743.870%** F-staf’ 770.027***
Unit Rent 0.022*** See Fig. 2 _{8See Fig®3
(20.035) F-stat: 44.675*** é%ut: 21.354%%*
Depreciation Time 0.021%** See Fig. 2 N e Fig. 3
(8.016) F-stat: 7.244%* NN Fstat: 6.266%**
Number Floor 0.007*** See Fig. 2 » 7| see Fig. 3
(5.126) F-stat: 5. " F-stat: 5.415%**
Number Room 0.084*** SeePi - See Fig. 3
(14.700) F-@?&** F-stat: 5.374%%*
Longitude, Latitude - NES See Fig. 3
- e N\ F-stat: 14,122%**
Longitude -0.211%** ig. 2
(-2.125) . £ stat: 20.685***
Latitude 1.683*** See Fig. 2
(6.873) F-stat: 10.220%**
Adj. R? 0.66 _° > 0.88 0.89
GCV N 0.104 0.100
Model Log-linear vs. Semi-Additive vs.
Semi-Geoadditive Semi-Geoadditive
F test 94.031*** 82.341*** 9.749%**
LR test N "N.2531.5*** (df=16) 2644.868*** (df=16)
*¥*% k% * The ¢ \ isplays statistical significance at levels of 1%, 5%, and 10%. The values in
parentheses sho@ ics. In this table, t-values are given in parentheses. F-stats report the F-test statistics
for the statisti eb ighificance of each nonparametric variable in the semiparametric additive, and geoadditive
models

T ‘% of the log-linear model reveal that, except for Generator, all office rent determinants are
stati lly significant at various levels of significance. This finding suggests that possessing a generator
does not influence the rent level. Additionally, the parametric model demonstrates an explanatory
power of 66% (Adj.R?) concerning these office rent determinants. However, the unexpected outcomes,
such as an insignificant relationship and low explanatory power in the log-linear model, could
potentially be attributed to an incorrect selection of the functional form. In such cases, employing
methods that provide flexibility in the choice of functional form can be applied.

To investigate the reasons behind the unexpected results obtained from the log-linear model, the
relationship between office rent and its determinants was re-evaluated using the semi-additive and
semi-geoadditive models. The estimation results of the semi-additive model indicate that both the
parametric and nonparametric independent variables are statistically significant. Unlike the log-linear



model, the Generator variable is now significant at a 5% significance level. To compare the log-linear
and semi-additive models, an F-test was conducted, which led to the rejection of the null hypothesis
in favor of the semi-additive model (F=94.031>F,;33.5285.9.0.01). Furthermore, the explanatory
power of the semi-additive model (Adj.R?>=88%) is relatively higher compared to the log-linear model
(Adj.R?=66%). To test the hypothesis that the log-linear model has better explanatory power than the
semi-additive model, an LR test was performed, and the null hypothesis was rejected in favor of the
semi-additive model (LR=2531.5> X?(16)). These findings suggest that the semi-additive model is
preferred over the log-linear model. Supporting these results, Figure 2 demonstrates that the partial
effect of each office rent determinant in the nonparametric part on the rent level is rgnlinear.
Specifically, Figure 2 displays the graphs of nonparametric functions, s(.), where solid curves r sent

estimated lines, and shaded areas indicate upper and lower 95% confidence intervals. Th tal
axis represents different levels of office rent determinants, while the vertical axis stﬁ&mooth
effects on office rents for varying levels of these determinants®. Thus, it is nat oﬁﬁe to present
estimated coefficients for the office rent determinants in the nonparametric a?&\ parametric
part. Moreover, interpreting these effects is challenging compared to the impacts of the

office rent determinants in the parametric part, since the offi t erminants in the
nonparametric part exhibit highly nonlinear relationships with office reﬁQ

1 A total of 2348 coefficients, equal to the number of observations, were estimated for each office rent determinant
in the nonparametric part.
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Figure 2: Nonlinear relationships in additive model

Including the geographical coordinates (longitude and latitude) is necessary to account for the impact
of location on office rents. However, there is a question as to whether the geographical location should
be included separately in the semi-additive model. According to the additive separability hypothesis,
latitude and longitude can be included separately in the semi-additive model. On the other hand,
capturing the interaction between longitude and latitude may provide a better representation of the
locational effects on office space rents. In this scenario, the geographical location can be incorporated
as a smooth interaction term within the nonparametric component of the semi-additive model. This



modified model, known as the semi-geoadditive model, differs from the semi-additive model by
including the geographical location as a smooth interaction term. To compare the semi-additive and
semi-geoadditive models, an F-test can be utilized. Based on the F-test results, the null hypothesis is
rejected in favor of the geoadditive model (F=9.749>F,,g1 7.2270.2:0.01)-

The estimation results of the semi-geoadditive model are presented in Table 1. These results
indicate that both the parametric and nonparametric independent variables are statistically
significant at various levels of significance. Comparing it with the semi-additive model, the
geoadditive model (Adj.R? = 0.89) exhibits slightly better explanatory power and\has a
relatively low GCV value. Moreover, the impacts of office rent determinants in the ric
part are in line with theoretical expectations that were considered in the lit Qwview.
Therefore, we will consider the estimation results of the semi-geoadditiv mc@_e) nterpret
the relationship between office rent and its determinants. \

According to these estimation results, the Vacancy Rate emer S most influential
determinant of office rent, with a negative impact. As highlighted hy/KeMpf (2015), landlords
may lower rents to mitigate the risk of vacancies, particularly®during market downturns or
when the office building lacks quality and constructionys . Therefore, the negative
effect of the Vacancy Rate on office rent could be att o landlords' attempts to avoid
vacancy risks.

The second most significant determinant of offf n&in the parametric section is the Class A
variable, which relates to the quality of the office building and categorizes buildings into Class
A and Class B. Previous studies have show ixed effects of Class A on office rent, with both
positive and negative impacts. The esti d adjusted coefficient of Class A indicates that
renting an office space within a ClassfA buitding incurs an additional premium of 49.03%2. This
positive effect aligns with the fin R revious studies conducted by Glascock et al. (1990)
and Bond et al. (2008).

Similarly, office rent det 2*5 in the parametric part can be interpreted in order of their
importance. Having rus View leads to a 15.026% increase in office space rent.
However, Ovena mir (2006a) discovered that proximity to the Bosporus has a minor
negative impa n%t levels in the Istanbul Office Market. If the office space is situated on
floors 16 th , the rent for that space will increase by 7.03%. The rents of office spaces
located i rise buildings are higher compared to those in low-rise buildings. This is
bec ﬁ%ﬁht serves as a quality indicator for office buildings, so this finding aligns with

2 s for the Istanbul Office Market.

The remaining determinants of office rent, such as Parking Garage, Generator, and Security
Guard, represent characteristics of the office building. Since possessing these amenities
indicates a higher quality office building, their positive impacts on office rent are anticipated.
According to the estimation results, the presence of a Parking Garage increases the rent level
by 6.29%. The increment for a Generator is 5.65%, and for a Security Guard, it is 4.29%.

2 To interpret the coefficients of dummy variables in a semi-log form, their adjusted coefficients can be calculated
through the approach of Halvorsen and Palmquist (1980). In Table 1, the coefficients of all dummy variables were
calculated by this approach.
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Figure 3 il %che effects of office rent determinants in the nonparametric section on the
rent lev the semi-geoadditive model. The solid curves represent the estimated lines,
W aded areas indicate the upper and lower 95% confidence intervals. These graphs
rev at the partial effects of office rent determinants exhibit nonlinearity. It is evident that

the confidence intervals tend to widen, particularly at the boundaries of the data, which is
often due to a smaller number of observations at certain levels of independent variables.

As depicted in Figure 3, the Floor Area demonstrates a positive impact on the rent level up to
a certain threshold. At this threshold, the effect reaches its maximum value. Beyond that
threshold, the Floor Area begins to have a decreasing effect on the rent level.

Unit Rent and Depreciation Time are neighborhood characteristics that incorporate locational
factors and the quality of the surrounding area. The average unit rent of housing within a given



neighborhood serves as an indicator of the area's overall quality. When housing rents are high
in a specific area, it suggests a superior quality of the surroundings. Consequently, other types
of real estates, such as office spaces, may also command higher prices in the same location.
This hypothesis finds support in the graph depicting Unit Rent in Figure 3. The graph illustrates
that Unit Rent has a positive impact on the rent level?, but this increase begins to diminish
beyond a certain threshold of the variable.

Similarly, Depreciation Time can be viewed as a measure of the quality of the surrounding

investments in that location are likely to remain profitable and usable for an extendeg
This necessitates adherence to high construction standards for both real e '

buildings. Consequently, the average depreciation time can serve as ag i r of the

surrounding area's quality, which may contribute to an increase in offic E\d In Figure 3,
although the graph of Depreciation Time exhibits some fluctuations, it gé Q emonstrates
a positive impact on the rent level.

It is expected that the variable "Number Room" will positivelyififluehce office rent, as office
spaces with more rooms are likely to provide efficient ytilizati r tenants. However, the
graph representing this variable indicates a nonlinear refat ip between the Number Room
and office rent. Specifically, the partial effect of the Me Room on office rent becomes
negative after reaching a certain threshold of 2 ms. Subsequently, the partial effect
returns to being positive once the number of 6 eeds 30.

Number Floor is an office rent deter 'ﬁ. d its impact on office rents is controversial.
Clapp (1980) suggests that the impact isVariable on office rent is implicitly determined
by office tenants and may vary based on perceptions in different office markets. The graph
representing the Number of Flo xhibits a positive partial effect on office rent, with the
highest value observed when t ef of floors reaches 33.

The final graph illustrat fect of the interaction between Longitude and Latitude on
office rent. Furthermoxge) graph allows the observation of spatial variations in office rent.

T h@t roduces a hedonic model to estimate office space rent in the Istanbul market.
Th et consists of 2348 office spaces from 28 counties and includes various
charagteristics such as office space, office building, lease, locational, and neighborhood factors
as determinants of office rent. The primary objective of this study is to find a model that can
explain variations in rental prices for office spaces. Moreover, we suggest a modelling
approach which provides more accurate pricing of commercial real estates. Overall, accurate
pricing of real estate is crucial for ensuring fairness in the real estate market, facilitating
efficient transactions, maintaining market stability, supporting financing and investment
decisions related to real estate, obtaining appropriate insurance coverage, and enabling
comparative analysis of real estates which have similar properties. To achieve this, three

3 However, individual office space rents do not increase the average unit rent of housings in a certain neighborhood.
Therefore, we can say that these variables are not cross-sectionally endogenous.



different models in log-linear, semi-additive, and semi-geoadditive functional forms were
estimated and compared based on specific criteria. Selecting the correct functional form is
crucial to ensure unbiased and consistent estimation results. Otherwise, findings derived from
hedonic office rent analysis may be invalid. Therefore, this study adopts semiparametric
approaches that provide flexibility in functional form, in contrast to many previous studies.

According to the estimation results, one of the office rent determinants is found to be
insignificant in the log-linear form, whereas it becomes statistically significant in the
semiparametric forms. Additionally, the estimation results obtained from the semi-additive
and semi-geoadditive models indicate that office rent determinants in the nonparamétric part
exhibit nonlinear relationships with the rent level. These findings are further sup

deemed unsuitable for this study. Moreover, in the pursuit of a better.m
geoadditive model is preferred over the semi-additive model. Nonlineari

the semi-geoadditive model provides a better explanation for rental vahi b\
spatial effects. ’Q

icate that
y considering

The findings of this model reveal that the floor area, unit ren &er of floors, number of
rooms, depreciation time, and geographical location are hi % linearly related to office
space rents. The variables in the parametric part of t n\% clude vacancy rate, class A,
Bosporus view, floors 16 to 20, parking garage, generatef, security guard. Among these
variables, the most influential determinant of offic Wt idthe vacancy rate, which serves as
a proxy for office space demand. The secong® ctive determinant is Class A, which
indicates the quality of the office building..O rtant variables include the presence of
a Bosphorus view, office spaces located s 16 to 20, the availability of a parking garage,
generator, and security guard in the offj ilding, respectively.

This model can be expanded by ;owfferent office characteristics. It might be observed
how the energy identity inf i office buildings is effective in the valuation of
commercial real estate such ices. Although this is not a common determinant in hedonic
office rent studies for r will be an important feature in office valuing in the green
economy transition.Q
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