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Abstract: This paper analyses rent-based determinants of earthquake damage
from an urban planning perspective with the data gathered from Adapazari, Turkey,
after the disaster in 1999 Eastern Marmara Earthquake (EME). The study employs
linear regression, log-linear regression, and artiﬁcial neural networks (ANN) methods for cross-veriﬁcation of results and for ﬁnding out the signiﬁcant urban rent
attribute(s) responsible for the damage. All models used are equally capable of
predicting the earthquake damage and converge to similar results even if the data
are limited. Of the rent variables, the physical density is proved to be especially
signiﬁcant in predicting earthquake damage, while the land value contributes to
building resistance. Thus, urban rent can be the primary tool for planners to help
reduce the fatalities in preventive planning studies.
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Introduction

After the terrible 1999 Eastern Marmara Earthquake (EME), when more than 20
thousands people died, many authorities immaturely stated that the uncontrolled
urbanization, basically resulting from the rampant rent-seeking urges accompanied
by lack of adequate planning measures, was the major culprit for the increased
death toll [1, 4]. However, earthquake-related planning literature to date is weak
in proving this hypothesis. The methods of disaster evaluation in planning have
not been matured and a few studies point rather only to the major role of planning
initiatives in mitigating the earthquake impacts [3, 15, 19]. Furthermore, data
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about disasters for planning studies are ineﬃcient and incomplete most of the time.
Major problem is to obtain inferable data from the scarce resources for modeling
eﬀorts to ﬁnd causes of disasters from the planning point of view.
Turkey is one of the most vulnerable countries to earthquake hazards, and due to
the vulnerable settlement structure, more eﬀective planning policies for mitigation
of the damages need to be urgently addressed. The planning practice in Turkey has
rather served as creation and sharing of urban rent. This process is highly political;
excessive demand for property puts pressure on the local municipalities. Besides,
the priority concern for earthquake resistant settlements shifts away against rentseeking urges. Thus, the planning research should lend itself in examining urban
rent in the analysis of earthquake damage for safer environments.
This study argues that improper rent control, which has been a neglected concern in pre-disaster planning studies, rather than rent itself may cause improper
land use decisions. As a result, ill-deﬁned urban developments (such as developments on fault lines) increase vulnerability of settlements and number of fatalities.
This is, indeed, true for developing countries where rapid urbanization takes place.
According to the United Nations Development Program (UNDP) report [16], analyses of vulnerability indicators showed that physical exposure and urban growth
rate acted together in association with the earthquake fatalities.
This study, adopting the post-disaster approach, as it is explained in the next
section, aims to analyze primarily the alleged role of rent on earthquake damage.
In this respect, three basic attributes of rent (physical density, land value, and
the distance to the central business district (DCBD) are considered in models to
see which particular rent dimension(s) play(s) the greatest role in predicting the
damage. Due to the data scarcity, the second main quest is to verify the relationship
between the rent parameters and earthquake damage, employing linear regression,
log-linear regression and ANN models.
Note that many parameters such as building quality and geological factors, in
addition to the rent attributes, could be aﬀecting the earthquake damage. However, within the scope of this paper, only the eﬀectiveness of the “rent-related”
parameters were considered. The error margins in the models are probably related
to the eﬀects of neglected parameters.
The next section provides disaster analysis approaches and some information
on the rent concept, which is at the core of vulnerability concept of settlements.
The third section explains the data. The fourth section gives the analysis method.
In the ﬁfth section, the modeling approaches are explained. The sixth section
discusses the ﬁndings obtained from model runs. After comparing and discussing
the ﬁndings in the sense that all models performed equally well, a general conclusion
was drawn.

2.

Rent Concept in Relation
to Earthquake-Resistance

2.1

Hazard Estimation Approaches

There are basically three approaches in studying the hazard [14]: Pre-disaster
approaches, scenario-based approaches and post-disaster approaches.
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Pre-disaster approaches try to predict time, place, and magnitude of earthquakes (hazard models) and do not focus on pre-disaster mitigation plans. Hence,
it could be said that it is less related to planning. Moreover, the frequency of future
earthquake occurrence is mostly computed from past earthquakes [13, 17].
The scenario-based approach is a sort of cost/beneﬁt analysis to estimate the
damage and probable costs for a hypothetical earthquake of a given magnitude
within a deﬁned geographical area. Thus, building damage, ﬁnancial losses, and
causalities are estimated according to the expected earthquake magnitude. These
methods are extensively used in risky areas, such as Istanbul Metropolitan area
and Metro Manila [9, 10, 12].
The post-disaster approaches help to establish a set of models for damage evaluation based on actual and historical earthquakes. These models seek relations
between pre-disaster structures and the resulting damages [2, 5, 18, 23].

2.2

Rent Concepts

Planning bodies are supposed to propose earthquake-resistant environments.
However, for planners, it is not clear what forms of land use or densities may
cause the escalation of earthquake damage, which all meet in rent relations. Rent
can be exchanged due to one attribute of space scarcity which is completely inelastic
in supply. It can also arise due to diﬀerent transportation cost in distance to the
market place. In the city centre, land and property values tend to be peaking due
to the uniqueness and scarcity of space [11]. If purchasing power is low in the
housing market, then it can be partitioned into increased ﬂoor numbers, resulting
in a density increase. If diﬀerential rents are dominant, then it is the “use” which
determines land value.
Earthquakes showed that housing stock in Turkey is not physically safe or
durable against earthquake disasters [19]. High demand for housing creates uncontrolled rents causing the exaggerated “monopoly rent” earnings and the alleged
deteriorated environment.

3.

Data

The data were collected from the city of Adapazari, which is about 130 km east
of Istanbul. In 1999 the EME occurred at 03:02 a.m. with the epicenter about 35
kilometers southwest of the city. Adapazari is located on the fertile Sakarya delta
in the Northwestern side of Turkey with a population around 300,000, of which
the economy is largely dependent on heavy industry and agriculture (Fig. 1). The
North Anatolian fault passes very closely, and the city has outstretched to it. The
majority of the population is composed of the middle or low income worker groups
because of the industrial development. The city shape conforms to the compact
form with relatively high density decreasing towards the city outskirts.
Adapazari had three big earthquakes in 1943, 1967 and 1999. After the 1967
earthquake, experts suggested that the height of any construction be limited to only
three ﬂoors because of the weak ground and the high level of underground water
[19]. However, the planning studies of 1985 called for the development of new areas
towards the Sakarya River. This violated the basic principles set by the 1957 plan
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Fig. 1 City of Adapazari located in western Turkey.
that prohibited any construction in this direction because of geological concerns.
Again in the 1990s, improper changes prevailed; thus, growth increased towards the
South with the establishment of various new industrial regions including the Toyota
automobile plant. All are located on alluvial agricultural areas in proximity to the
risk areas (Fig. 2). The gross density of the entire city increased to 350 persons per
hectare by 1997 while the city center rose up to 600 persons per hectare, for which

Fig. 2 Planning Developments of Adapazari (Source: Sengezer and Koc, 2005).
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the last one is very high. In response to rental increases, numerous plan revisions
were made in order to increase building densities regardless of ground conditions
and risk of earthquakes. Adapazari city centre was only 8 km from the major fault
line and located on the alluvial plain.
In this study, mahalle (district), with an average of 10,000 population, was taken
as the data (aggregated) collection and analysis unit representing the various parts
of the urban area. 26 district—based (mahalle) data on earthquake damage, land
value, distance to city centre, and physical density are provided in Tab. I. These
variables are explained as follows:
a) Earthquake damage ratio (Y ) is found by dividing the number of demolished buildings to the total number of parcels in each district. This ratio is
treated as a dependent variable in the modeling (output variable).
b) Land value (urban rent) (X 1 ): It is hypothesized that if land price or
urban rent becomes high, then earthquake damage becomes high. This is
because high land rent, as previous argument, causes physically undesired
dense settlements. However, the density eﬀect of land value could completely
be represented under the distinct “density” variable. Rent seeking contractors
in developing countries such as Turkey usually tend to pay less attention to
the material used in buildings and, thus, buildings become less earthquakeresistant.
c) Distance to city centre (X 2 ): This variable is calculated by measuring
distances to the city centre and ﬁnding averages of distances from demolished
buildings per zone as measured from each district. It is hypothesized that
the earthquake hazard was expected to decrease from DCBD towards fringe
of the city. The earthquake damage ratio usually decreases at the fringe of
the city.
d) Physical building density (floor area ratio) (X 3 ): This represents the
ratio of ﬂoor number to total construction area of building. If the ﬂoor
area ratio is high, then building damage may increase. Attached buildings
inﬂuence each other (domino impact) and demolishing rate increases due to
the high rate of physical density. Damage ratio can increase due to less open
space.
The raw data as the number of destroyed buildings (dependent variable) and the
indexed land values by districts were compiled from the Greater City Municipality
of Adapazari in 2003, approximately 4 years after the date of the earthquake. The
data such as land value were dated to the pre-occurrence of the disaster. The
data were processed as the average values of districts (zone). The districts were
not subdivided or merged for homogeneity concerns in order not to intervene the
authenticity of values. The basic damage inventories of EME in Adapazari and
the land use characteristics, such as land value and physical density, were analyzed
and depicted as zone averages, as seen in Fig. 3. It can be noticed that damage
density seems to coincide with urban density and land value towards the city centre.
In total, about 9018 observations (damaged buildings) were used which comprise
heavily and moderately damaged buildings and lie within the municipal boundaries
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of the city. Unfortunately, the data on the general characteristics (e.g.; building
quality, the material used, the year built, etc.) of the damaged buildings were
not available when the data were gathered for this study. This was may be due
to the fact that the building characteristics data were generally scarce before the
year 2000. However, it can conﬁdently be stated that, most of the buildings were
reinforced concrete, as it is the common case in cities in Turkey.
Districts

Earthquake
damage ratio
(Dependent,
Y)

Land value
(urban
rent, X 1 )
(TL/m2 )

Distance to
city center
(X 2 )
(Km)

Tepekum
Tekeler
Mithatpasa
Akincilar
Kurtulus
Yenicami
Papuccular
Orta
Ozanlar
Hizirtepe
Seker
Yagcilar
Istiklal
Tuzla
Sakarya
Cukurahmediye
Gulluk
Sirinevler
Yenigun
Karaosman
Yenidogan
Tigcilar
Semerciler
Maltepe
Cumhuriyet
Yahyalar

2.8
7.1
8.3
19
10
30.6
25.5
14.3
9.3
1.1
13.5
11
31.5
7.4
6.8
25.7
6.2
2.4
18.4
27.4
27.9
26.1
22.7
0.2
14.3
10

91
110
124.1
131
207.2
240
319
406
98
109.2
114.9
116.6
134.2
135.2
135.2
145
146.3
158.9
200
235
251.6
320
388
109
687
207

231
179.9
172.5
112.5
56.7
93.8
97.1
64.5
135.7
320.9
133.8
140
78.9
168
119.2
88.1
252.2
265.3
111.5
93
91.5
51.1
71.3
463
53
57

Physical building density
(ﬂoor area
ratio) (X 3 )
(Built/Lot)
125
105
130
160
120
160
150
160
120
120
120
130
140
90
120
160
140
140
160
160
150
160
140
120
140
120

Tab. I Data of earthquake damage and rent-related parameters of the Adapazari
districts.

4.

Analysis Method

In this study, the analysis is done through a multi-variate approach using three
independent variables representing the composite rent variable. The use of a narrow
set of rent measures may potentially make it diﬃcult to identify which one is
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Fig. 3 Earthquake damage and land use characteristics of Adapazari, Turkey.

actually responsible for damage impact of earthquakes Here, it is tried to verify the
robustness of the results through various modeling approaches for a few particular
dimensions of rent. Although the use of small sample data may be unsuitable
for the concerned models [6, 8], the robustness of the results is to be tested by
comparison (cross-veriﬁcation).
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In addition to ANN modeling a multi—regression analysis was also performed
for the proposed datasets. All variables share the same dependent attributes for
model buildings as a way of comparing the diﬀerences—similarities between models.
The modeling analysis methodology contains three phases (Fig. 4): Alleged rent
variables were ﬁrst tested using a two-stage instrumental variable approach where
the endogenous “explanatory” rent attributes are ﬁrst regressed on instruments

Fig. 4 The stages of modeling method.
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that are related to the rent attributes Then in the second stage, the determined
variables were ﬁtted for earthquake damage In the third phase; the predicted values
of the rent attributes from the ﬁrst regression were subsequently introduced as
independent variables in the damage relationship.

4.1

The first stage of analysis

To determine representative variables for a generalized rent term the most representative rent variable, “land value”, is considered as the dependent variable. This
is because there is actually no single concrete rent variable in reality but a composite one. It is observed that almost all variables chosen were signiﬁcant enough
to be used in the prominent models. However, due to the relationship observed
between the “land value” (as dependent variable) and other two rent component
variables, “distance to the city centre” and “building density”, they are considered
as appropriate variables for the proposed models.

4.2

The second stage of analysis

Since all three rent variables are nominated as the variable attributes for rent,
they are employed in the selected model approaches. In this section, these three
attributes are tested in order to identify their suitability to explain the earthquake
damage. Thus, this is the stage to determine the relationship between the rent
attributes and the damage.
To see the individual impacts of rent components on the observed damage;
employed model results are compared for verifying the robustness of the chosen
variables. The comparison is performed by computing Mean Absolute Error (MAE)
and Mean Absolute Relative Error (MARE). Since MARE is percentage of error,
it is expected to provide more comparable results [7, 21].

4.3

The third stage of analysis

Data are divided into two sets: 18 observations were used for the training (calibration) and 8 for the testing (veriﬁcation) (Tab. II) the linear regression, log-linear
regression, and ANN models. The details in constructing the models are given in
the next section.

5.

Model Constructions and Applications

5.1

Linear Regression Model

In all models, earthquake damage was used as dependent variable (Y ), while rent,
distance, and density were treated as independent variables (X 1 , X 2 , and X 3 ,
respectively). Using the 18 data sets, the constructed linear model is expressed as
follows:
Y = −10.96 − 0.0095X 1 − 0.0558X 2 + 0.265X 3

(1)
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Training Data
Earthquake Damage
Rent
(Output)
9.3
98
1.1
109.2
13.5
114.9
11
116.6
31.5
134.2
7.4
135.2
6.8
135.2
25.7
145
6.2
146.3
2.4
158.9
18.4
200
27.4
235
27.9
251.6
26.1
320
22.7
388
0.2
109
14.3
687
10
207
14.55 (average)
205.06
Test Data
Earthquake Damage
Rent
(Output)
91
2.8
110
7.1
124.1
8.3
131
19
207.2
10
240
30.6
319
25.5
406
14.3
16.8 (average)
232.61

Distance Density
135.7
320.9
133.8
140
78.9
168
119.2
88.1
252.2
265.3
111.5
93
91.5
51.1
71.3
463
53
57
149.64

120
120
120
130
140
90
120
160
140
140
160
160
150
160
140
120
140
120
135

Distance Density
231
179.9
172.5
112.5
56.7
93.8
97.1
64.5
144

125
105
130
160
120
160
150
160
158.57

Tab. II Training and testing data of the damage and rent-related parameters.

When Eq. (1) is tested against the remaining 8 data sets, the determination
coeﬃcient R2 was found to be 0.74, showing a relatively strong relationships between dependent and independent variables. Also, the F-test value is computed to
be 13.07, with signiﬁcance value of 0.00024 for 0.01 error margin level.

5.2

Log-Linear Model

The log linear model is constructed using the same training (18 observations) data
sets as follows:
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log(Y ) = 2.718 − 0.783 log(X 1 ) − 2.0 log(X 2 ) + 1.967 log(X 3 )

(2)

2

When Eq. (2) is applied to the testing data sets, R = 0.78, F-value = 17.03
with signiﬁcance value of 0.00006 for 0.01 error margin level are obtained.

5.3

ANN method

A three-layer feed-forward type of artiﬁcial neural network is considered (Fig. 5).
Before its application to any problem, the network is ﬁrst trained, whereby the error
is minimized by adjusting the weights and biases through a training algorithm. The
combination of the weighted inputs is represented as [22]:
∑
netj =
xi vij − bj
(3)
where netj is the summation of the weighted input for the j-th neuron; xi is the
input from the i-th neuron to the j-th neuron; vij is the weight from the i-th neuron
in the previous layer to the j-th neuron in the current layer; and bj is the threshold
value, called the bias, associated with node j.
A pre-determined error function has the following form [22]:
−ti )
∑ (yi∑

2

E=

P

(4)

p

Fig. 5 Schematic representation of feedforward three layer ANN.
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where yi is the component of an ANN output vector Y ; ti is the component of a
target output vector T ; p is the number of output neurons; and P is the number of
training patterns. The least square error method is used to optimise the network
weights. The gradient descent method, along with the chain rule of derivatives, is
employed to modify the network weights [20]:
∆vij (n) = −δ

∂E
+ α∆vij (n − 1)
∂vij

(5)

where ∆vij (n) and ∆vij (n − 1) = the weight increments between node i and j
during the n-th and (n-1 )-th pass or epoch; δ = the learning rate; and α = the
momentum factor. The details of ANNs can be obtained from [22].
Input neurons stand for “physical density”, “distance to the centre”, and “land
value”. Output neuron stands for “earthquake damage”. 18 out of 26 data sets were
used for training the model. Tab. II shows the training and testing data sets. To
determine the number of neurons in the hidden layer, the trial-and-error procedure
was used. The learning of the ANNs was accomplished by the back-propagation
algorithm (learning rate, δ = 0.04 and momentum factor, α = 0.08). Before starting
the training process, a random value of 0.2 for the connection weights in between
input-hidden layers and 0.4 for the weights in between inner-output layers were
assigned. A value of −1.0 was the entry for the bias neurons. Assigning diﬀerent
initial values resulted in no change in the results.
When trained ANN is applied to the testing data sets, R2 = 0.76, F-value =
12.06 with signiﬁcance value of 0.0001 for 0.01 error margin level are obtained.

6.

Discussion of Results

Tab. III presents the predictions of observed data by the models for the testing
(veriﬁcation) stage. The related AE (absolute error) values are also presented
in Tab. III. As seen, although ANN model slightly outperforms the others, all
are fairly capable of estimating the damage. Fig. 6 shows the comparison results
with goodness of ﬁt lines. Aside from few observations, all models produced fairly
satisfactory results.
Although the R2 values are almost the same for each model, ANN predictions
fall mostly on the goodness of ﬁt line, according to scatter diagrams in Fig. 6. Out
of 8, only 3 predictions are oﬀ the line (see Fig. 6a). This number is 7 for the linear
model (see Fig. 6b) and 5 for the log-linear model (see Fig. 6c). Furthermore, when
one converts the values to the actual ones in the case of log-linear model, one could
then see that this model produces large errors, especially in the case of the last
observation (see the bar graph in Fig. 6c). It is a fact that ANN outperforms linear
models in solving non linear problems. This fact however could have been more
signiﬁcantly supported in the predictions results in this study if there had been more
number of observations, by which ANN could have done better generalization.
Tab. IV provides further statistics for the performance of the models. All models
on the average produced 35% prediction error that is considered acceptable. The
data in Tab. IV allows the interpretation of the signiﬁcance of the variables in the
studied models. Based on the two regression model results, it is observed that
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a

Reliability
MARE R2
0.344
0.74
0.381
0.78
0.343
0.76

0.24
0.58
1.3
3.14
12.67
8.67
2.9
8.49

F-test
13.07
17.03
12.06

8.36
5.75
12.65
23.89
15.70
23.91
20.32
23.97

Lin-regres.
Predicted
5.56
1.35
4.35
4.89
5.70
6.69
5.18
9.67

MAE
of Lin. reg

Log-lin.
observed
(converted)
0.45
0.85
0.92
1.28
1.00
1.48
1.41
1.15

signif.
0.0002
0.00006
0.0001

Rent (X 1 )
S.E.a Coeﬀ.
0.011 –0.009
0.44
–0.783
–
–
t-stat.
0.86
–1.76
–

Distance (X 2 )
S.E.a Coeﬀ.
0.015 –0.056
0.35
–2.002
–
–

0.58
0.76
1.29
1.48
1.24
1.06
1.39
2.72

Density (X 3 )
S.E.a Coeﬀ
0.08
0.265
1.23
1.968
–
–

0.13
0.09
0.37
0.21
0.24
0.42
0.02
1.56

MAE
of Log-lin

t-stat.
–3.79
–5.67
–

Log-lin.
Predicted

Tab. IV Comparison of the summary model results.

Standard error values for each variable

MLR
Log-MLR
ANN

Model
MAE
5.42
0.38
4.75

2.56
7.68
9.6
15.86
22.67
21.93
22.6
22.79

2.8
7.1
8.3
19
10
30.6
25.5
14.3

MAE
of ANN

Tab. III Comparison of ANN and the regression models.

ANN
Predicted

Test data
observed

t-stat
3.34
1.6
–
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Fig. 6 The comparison of observed and predicted results for all models and their
scatter diagrams.
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when land value increases, the damage rate decreases, which is contradictory to
the argument that rent in general is positively related to the damage
Model results support the fact that the damage density actually follows urban
density, as veriﬁed by other studies. Unlike the distance and density variables land
value, as it is discussed later, in fact does not seem a very eﬀective variable due
to its low t-statistic values of 0.86 and 1.76 for the linear and log-linear regression
models, respectively.
According to Tab. IV, the distance to city centre variable has a negative direction, which means that the damage risk decreases with settling away from the city
centre The physical density variable has a positive direction clearly meaning that
the more density the more damage risk.
All variables prove to be signiﬁcant in such modeling studies especially when
considering the role of urban parameters in escalating or mitigating the risks in
urban planning. Furthermore, modeling such urban parameters with earthquake
consequences may serve planning as a decision support tool. For example, one can
know possible impacts of dense settlements when proposed on risk areas; he/she
can either refrain from such land use proposals or propose them with the least care
required. This fact points to the importance of the rent-based parameters, and the
urban planning parameters at large.
As pointed out in the Introduction section, some authorities (planning, architecture, or other) proclaimed that “rampant rent-seeking urges” are responsible
for the severities and the damages when an earthquake happens in a developing
country. Accordingly; they usually blamed the increased land values due to the
artiﬁcially “created” rents However, this study has shown that only one part of rent
would be responsible, which is density, and not the ‘land value’ which is actually
in negative correlation with the damage output. That is; in a low income society,
most probably low value of the land attracts more people, and more ﬂoors into
the property. On the other hand, if the society were to be rich, then the rent of
the land would let low density settlements (villa, or single-family houses) there,
drawing less people into the disaster-prone area. Thus, such an objective method
based on objective models as provided here can disprove such groundless readymade arguments even if they come from the experienced experts in their areas.
Contrary to the false utterance that the problem is “rent-seeking urges”, (which
may only slightly be true), only the increased density which is not rightfully done,
or not controlled by the local authorities is the real problem (parameter).
Rent, after all, is not one entity that can be culpable of hazard but has components which may have diverse impacts on causality. In urban design projects (at
macro or micro scales), possible impacts of many rent-related parameters which
form the basics of urban planning should be re-evaluated within this refreshed
view. This study focused on a few rent parameters due to limited resources. The
subject, however, requires a more scrutinized eﬀort to explore further unknown
relationships.

7.

Conclusions

This study attempted to seek the eﬀectiveness of rent in general, and of rent variables in speciﬁc detail on the earthquake damage. It furthermore investigated
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whether the robustness of the chosen variables can be cross-veriﬁed by various
model approaches.
The study found that while land value rather contributes to the resistance
against earthquake hazard, the other components of urban rent, the density and
distance to the city centre have negative eﬀects. This is the common result of all
three model ﬁndings, which also provides ﬁrm veriﬁcation of the signiﬁcance of the
chosen variables.
The linear regression models, like ANN model, eﬃciently explain the relationship for the case area and the chosen data values. However, the results might
be peculiar to the selected case area and to the conditions (type of the earthquake
severity, the size of the city, sample size, etc.). A more scrutinised eﬀort to conduct
similar studies is required, employing other modelling approaches.
For the time being, these ﬁndings should not be generalised. Geographical differences may add to variation in results that may be gathered at diﬀerent locations
of the world.
What is inferred from the results is that urban rent parameters, frequently used
in city planning, would be the major policy areas that can reduce the severity of
damages, provided that adequate consideration is devoted to city planning long
before a big earthquake hits.
The study also nulliﬁes the assumption that site characteristics and planning
decisions are not critical in escalating or avoiding such damages. Thus, the study
restores the importance of planning decisions to the centre of the issue of determining preventive measures in the earthquake hazard estimation process.
A more precise deﬁnition of rent and selecting appropriate data play signiﬁcant
role in arriving at conclusions. City planners and land developers should also be
aware of land value, rent, and density factors along with other complimentary
determinants such as geological features, the material and the methods in creating
the living environments. Also, rent types as absolute, monopoly and diﬀerential
may require other devoted studies in the future.
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