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Abstract. This paper introduces an ongoing research project addressing multidimensional and relational complexity of urban features by applying data mining
as a methodology of knowledge discovery in urban feature analysis. An urban
database is built upon real and official data of a historical neighborhood of
Istanbul and a methodology is developed for formulation and analysis of this
database by applying data mining methodologies in order to identify patterns and
relationships among multiple urban attributes.

1.

Introduction

The paper introduces an ongoing research project aiming to address
multi-dimensional and relational complexity of urban environments. In this
perspective, an application of data mining as a methodology of knowledge
discovery in urban feature analysis is proposed as a multidisciplinary approach to
urban analysis. This research is an attempt to establish a link between knowledge
discovery methodologies and automated urban feature analysis. In the scope of
the paper, methodology developed for formulation and analysis of the urban
database of a historical neighborhood of Istanbul (Beyoglu) and some of the data
mining applications are presented and discussed.
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2.

Background, Motivation and Hypotheses

Lack of explanatory urban knowledge is an issue since 1970’s in the area of urban
research. This situation is mostly associated with the conception of cities as a
simple object of design and this perspective’s deductive methods of analysis. By
the beginning of the 1960’s, as planning as a design-led practice seemed to fail to
explain how urban processes occur, many urban theorists started to criticize the
analysis of urban system from the perspective of few interrelated factors, without
considering the multi-dimensionality of the system in a deductive fashion
[1, 2, 3].
To address the multi-dimensional and relational complexity of urban
environments requires the consideration of diverse spatial, social, economic,
cultural, morphological, environmental, political etc. features of urban entities [4].
The study of urban is thus multi-dimensional, very complex and speculative in its
nature. In reference to Alexander [5], the kind of complexity found in cities
comes from the interaction and relationships between the different parts at
different scales, and over time. Hence, this research is built on the assumption of
space as a system of interrelations. Departing from classical one-dimensional
description of urban features’ attributes, by means of the computational methods,
this research looks for capturing the interrelations among those attributes. Hence,
the focus is on the relationships that exist within the order of an urban area.
Mainly, what is done is to take a fragment in time and space, and to work on this
fragment in a relational manner. This is an attempt to consider many aspects of
the urban entities in a simultaneous way by looking at their existence in respect to
each other. And this is what is basically aimed to attain by data mining. Data
Mining of multiple urban attributes is proposed as a promising alternative
methodology next to the many multidimensional methods that has been developed
during the seventies, which are extremely useful for data and decision analysis in
urban and geographical research. [6]
There are two main hypotheses behind the formulation of this research. One is
that to understand the hidden relationships and patterns of an urban system there
is a need of simultaneous consideration of a great number of independent and
dependent features, which is almost impossible to operate manually. Thus there is
a need for an automated analysis and discovery method; data mining as a
computational approach to urban analysis is therefore proposed. The other
hypothesis is that, urban system should be handled as complex as it is, meaning
that (a microscopic or detailed view) micro-scale analysis is proposed here for a
deeper understanding of the system. This approach is in opposition to the abstract,
deductive, low-level of detailed methods of urban analysis.
The main claim is that, in urban analysis, there is a need to advance from
traditional one-dimensional [7] description and classification of urban forms (e.g.
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Land-use maps, Density maps) to the consideration of the simultaneous multidimensionality of urban systems.

3.

Data Mining as a Methodology for Knowledge Discovery in Urban
Feature Analysis

Knowledge discovery approaches are designed to determine unknown patterns
and relationships within large amounts of data that could not be uncovered
through simple queries or reports. Knowledge discovery techniques are in
opposition with the confirmatory techniques of analysis which requires a priori
hypotheses that restrict the researcher and prevent the discovery of previously
unknown information [8]. Data mining popularly referred, as knowledge
discovery in databases is the automated or convenient extraction of patterns
representing knowledge implicitly stored in large databases [9]. Knowledge
Discovery refers to the overall process of discovering useful knowledge from
data, and data mining refers to a particular step in this process; application of
specific algorithms for extracting patterns from data [10]. It differs from classical
statistics as a multidisciplinary field drawing work from areas including database
technology, artificial intelligence, machine learning etc. [9]. The ultimate goal of
data mining is to provide evidence-based insight through deeper understanding of
data (in the mind of the analyst) and to produce results that can be utilized at
policy and strategy levels.
With the capacity of incorporating various variables without restricting the
analyst to a few ones and offering various approaches of analysis, data mining
seems to be a promising methodology for knowledge discovery in urban feature
analysis where a large number of diverse and interrelated factors are
simultaneously operating.
Data mining is very recently applied in architectural and urban research and it’s
a promising methodology to extract valuable information for better assistance in
urban design and decision-making. Some of these studies are works of Demsar in
2006 [11], Reffat in 2008 [12], Behnisch and Ultsch in 2008 [13, 14], Liu and
Seto in 2008, [15], Cheng and Wang in 2009, [16], Cheng and Anbaroglu in
2009, [17], Christopoulou in 2009, [18], Gil, et al., in 2009, [19].

4.

Objectives, Approach and Methodology

As stated in the Introduction, this research aims to address multi-dimensional and
relational complexity of urban environments by applying data mining as a
methodology of knowledge discovery in urban feature analysis with a particular
interest in exploring the patterns and relationships of micro-scale data in Beyoglu
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(a historical neighborhood of Istanbul). Two main research questions are
formulated :
1. What knowledge can be extracted from existing analysis maps of Beyoglu, by
the application of data mining methodologies, in terms of urban attribute’s
relations? How this knowledge can be represented ?
2. Could data mining of urban attributes can produce valuable results and assist
architects and urban planners at design, policy and strategy levels ?
Within the scope of this research, a methodology is developed for formulation
and analysis of an urban database of Beyoglu. This methodology consists of the
application of data mining as a knowledge discovery method into a GIS based
conceptual urban database built out of official real data of Beyoglu. The proposed
methodology is a framework for representing and analyzing urban entities
represented as objects with properties (attributes). It concerns the formulation of
an urban entity’s database based on both available and non-available (constructed
from available data) data, and then data mining of spatial and non-spatial
attributes of the urban entities. Location or position is the primary reference basis
for the data that is describing urban entities. Urban entities are; building floors,
buildings, building blocks, streets, geographically defined districts and
neighborhoods etc. Urban attributes are distinct properties of locations (such as
land-use, land value, slope, view and so forth) that change from one location to
another. Every basic urban entity is unique in terms of its attributes. All the
available qualitative and quantitative attributes (physical, morphological, spatial,
social-ethnic, demographic, economic, cultural-historic, political, environmental
etc.) relevant (in the mind of the analyst) and appropriate for encoding can be
coded within the computer representation of the basic urban entity.
Complexity in a diverse urban system grows out of all these qualitative and
quantitative interrelated aspects and many more. The existence of those various
features operating simultaneously results in a unique morphology of urban space.
The urban entity’s database that is built in this research is an attempt to consider
various different features of urban entities simultaneously in order to approximate
this complexity. But unfortunately to form that kind of complete data sets is not
possible due to the lack of urban data and the complexity of the urban system.
Therefore this methodology proposes to build an open urban entity database
where any data can be added, as it becomes available. In the case of this research,
a database is developed to test this methodology. This database is developed by
using official data obtained from Istanbul Metropolitan Municipality (IMM).
The power of this open system approach is in its independency from any
existing theoretical perspective of urban analysis limited by selected specific
properties of urban entities. The data to be included in the urban entity’s database
is not limited by the category in which it belongs to but the most important
limitation could be the unavailability of the high amount of diverse data. More,
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this is a data-driven approach not relying on specific theories but only relying on
the data itself. There are no a priori assumptions about the system in investigation
but this is an attempt to discover previously unknown hidden patterns and
relationships within a specific urban database. Hence, this approach also suggests
a context-specific analysis.
Proposed methodology has three main stages; Database formulation, Database
analysis and Database evaluation, illustrated in Figure 1. This structure is a
reformulation of the process to move from data to knowledge proposed by
Fayyad, Piatetsky-Shapiro and Smyth [10].

Fig. 1. Methodology of knowledge extraction from urban data by data mining.

5.

Application of the Methodology

Firstly, there is a need to clarify the reasons why Beyoglu is selected as an
application area in the scope of this research. One of the reasons of this particular
interest in Beyoglu is that, this area was recently analyzed in high level of detail
in terms of its urban features as a basis for the Master Plan of Preservation of the
Beyoglu. Urban analysis maps of the 2008 Master Plan of Preservation of
Beyoglu prepared and published by IMM are very appropriate for testing the
methodology of this research in terms of their richness in covering micro-scale
urban features. More, the reason why Beyoglu is appropriate for this research is
that it is a very good sample for a complex urban center. Beyoglu is the
contemporary center of living, commerce and leisure in Istanbul, which is known
for its heterogeneous population characteristics in terms of its inhabitants and
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daily visitors, very attractive both as an historical and contemporary city center,
very diverse in terms of land-use and population characteristics. Therefore
Beyoglu is a perfect example of an urban system where complexity of interrelated
micro-scale features of urban entities can be studied by applying data mining.
Methodology of the research applied in Beyoglu, will be introduced through its
stages in the following paragraph; Database Formulation, Database Analysis and
Database Evaluation.
5.1.

Database formulation

In this first stage, micro-scale urban data of Beyoglu is extracted from the various
urban analysis maps of 2008 Master Plan of Preservation of Beyoglu provided by
IMM. Available data of the historical neighborhood of Istanbul covers several
scales (from district to block, street, building and building floor) and different
forms of classification themes including density, land-use, land value, ownership,
material, physical conditions, road attributes, geological attributes and mobility
infrastructure and more. Unfortunately, urban analysis maps obtained from IMM,
do not contain any social and demographic data associated with the building stock
in Beyoglu. Also this type of micro-scale data is usually not accessible due to the
security reasons. Still in the lack of this type of data, we propose an incremental
system which could incorporate it later on as it becomes available. So far, in total,
there are 30 attributes processed in the form of data table, ready for data mining.
As seen in Figure 1 above, the raw data is gathered in the form of maps (one
map for each attribute in pdf format). Every map is separately transformed from
image to a drawing file (dwg) with layers, in a vector editor graphics application.
Next all these drawing files are separately cleaned in a CAD application by
erasing the irrelevant entities. Then all these drawing files are one by one taken in
a GIS application where they are joined into one file, all the attributes in the form
of layers. This file contains all the data coming from each map of analysis.
Available quantitative and qualitative data is associated with the geographical
space with the help of a GIS platform and represented both as a cartographic map
and as an urban database. In GIS, 2D Polygon geometry represents urban entities
which are basically individual buildings. There are 11,985 buildings, 700 building
blocks, 30 neighborhoods in the Beyoglu preservation area (approx. 3,500,000
m2), included in the urban database. The attributes of these buildings, building
blocks and neighborhoods are represented in the attribute table available in GIS.
As seen in Table 1, there are 30 types of urban feature’s attributes have been
processed so far. 27 attributes gathered from the Master Plan Analysis maps and 3
attributes calculated in GIS are processed in the form of data table;
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Table 2. Classification of processed urban feature attributes.
ATTRIBUTES
Att.1

Land Use_Ground Floor

Att.16

Land Use_2nd Penthouse

Att.2

Land Use_1st Floor

Att.17

Land Use_3rd Penthouse

Att.3

Land Use_2nd Floor

Att.18

Neigborhood Name

Att.4

Land Use_3rd Floor

Att.19

Density (Person/Ha)

Att.5

Land Use_4th Floor

Att.20

Presence in the Bosphorus
Silhouette

Att.6

Land Use_5th Floor

Att.21

Building Maintenance Conditions

Att.7

Land Use_6th Floor

Att.22

Building Construction Style

Att.8

Land Use_7th Floor

Att.23

Empty floor ratio

Att.9

Land Use_8th Floor

Att.24

Ownership

Att.10

Land Use_9th Floor

Att.25

Density of Registred Buildings

Att.11

Land Use_10th Floor

Att.26

Factor of Constructable Land
(k.a.k.s)

Att.12

Land Use_1st Basement
Floor

Att.27

Registred Places for Preservation

Att.13

Land Use_2nd Basement
Floor

Att.28

Ground floor surface area

Att.14

Land Use_3rd Basement
Floor

Att.29

Distance to Galatasaray

Att.15

Land Use_1st Penthouse

Att.30

Distance to Taksim

In Table 2, there is a selection among thirty urban features’ attributes which are
experimented with, in the following section.
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Table 3. Selected urban feature attributes, urban entity levels, values.

5.2.

ATTRIBUTE

URBAN
ENTITY
LEVEL

VALUES

VALUE
TYPE

Att.1

Land
Use_Gr
ound
Floor

Building
Floor

{Residential, Business-Shopping, Social
Infrastructure, Technical Infrastructure,
Accomodation, Open Space, Empty,
Other}

8 nominal
categories

Att.2

Land
Use_1st
Floor

Building
Floor

{Residential, Business-Shopping, Social
Infrastructure, Technical Infrastructure,
Accomodation, Open Space, Empty,
Other}

8 nominal
categories

Att.18

Neigbor
hood
Name

Neigborho
od

{ArapCamii, Asmalimescit, Bedrettin,
Bereketzade, Bostan, Bulbul,
Catmalimescit, Cihangir, Cukur,
Emekyemez, Evliya Celebi, Firuzaga,
Gumussuyu, Hacimimi, Huseyinaga,
Kalyoncu Kullugu, Kamer Hatun, Katip
Musafa, Kemankes, Kilicali Pasa,
Kocatepe, Kuloglu, Mueyyetzade,
Omeravni, Purtelas, Sahkulu,
Sehitmuhtar, Sururi, Tomtom,
YahyaKahya }

30
nominal
categories

Att.19

Density
(Person/
Ha)

Building
Block

{0-100, 100-200, 200-300, 300-500, 500750, 750-1000, 1000-1500, 1500-2000,
2000+, non person living}

10
nominal
categories

Att.28

Ground
floor
surface
area

Building

{0-34 m2, 35-48 m2, 49-61 m2, 6281m2, 82-114 m2, 115-187 m2, 18717928 m2} (Quantile Classification
Method)

7 numeric
categories

Att.29

Distance
to
Galatasa
ray

Building

{0-293 m., 294- 451 m., 452-588 m., 588721 m., 722-872 m., 873-1048 m., 10491508 m.} (Natural Breaks, Jenks
Classification Method)

7 numeric
categories

Att.30

Distance
to
Taksim

Building

{ 0-450 m., 451-693 m., 694-919m., 9201178, 1179-1453m., 1454-1728m., 17292071m.} (Natural Breaks, Jenks
Classification Method)

7 numeric
categories

Database analysis by data mining and Evaluation of the results

Beyoglu urban database is analyzed by Rapid Miner [20] open-source software.
The analysis is done to answer these generic questions;
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•

Are there significant recurrence patterns of attributes of the land ?

•

(Identification of groups, clusters, strata, or dimensions in data that display no
obvious structure).

•

How dependent and independent are these attributes ? (Identification of
associations and links among attributes, factors that are related to each other).

How influential are these attributes on a particular urban phenomenon ?
(Identification of factors that are related to a particular outcome of interest
(root-cause analysis).
The research process is still continuing, therefore there are so far some
experiments regarding the phase of data mining. According to the nature of
database and nature of the questions that are formulated, Naïve Bayesian Method
of Classification was applied to investigate possible relationships among some of
the features of buildings in Beyoglu. Bayesian classifiers are statistical classifiers
predicting the membership probabilities such as the probability that a given
sample belongs to a particular class [9]. An experiment on ground floor land use
value prediction will be briefly introduced here. This is a series of test for
predicting the land use value of ground floor (Att.1) of the buildings by using the
land use value of first floor (Att.2), density of person (Att.19) living in the
building and neighborhood (Att.18) where the building is located, distance to
Taksim (Att.30), distance to Galatasaray (Att.29), building surface area (Att.28).
Below in Fig 2, there is a Rapid Miner screenshot illustrating the process of data
mining consisting of applying a Naïve Bayesian learning operator and a
cross-validation in order to estimate the performance of the learning operator.
•

Fig. 2. Process of data mining in Rapid Miner.
5.2.1.

Test #1 for Ground Floor Land Use Value Prediction

First test is to predict Att.1 by Att.2. Results of this process can be seen in
Figure 3, in the form of accuracy table, given by Rapid Miner software.
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Fig. 3. Accuracy table for test#1

As seen in the table, the overall accuracy of prediction is 74.63 % which is
significant in terms of claiming a dependency relationship between the land-use
values of ground floor and first floors of the buildings in Beyoglu, in general. In
case of residential use of ground floor for instance, the model predicts 3689 of the
residential as residential and 179 of the residential as false, which gives a 95.37%
class recall. More, the model predicts 149 of the accommodation as
accommodation and 4 of the accommodation as false which gives a 97.39% class
recall. The model is successful in predicting the land-use values in case of other
uses (96.90%), residential (95.37%), accommodation (97.39%), empty (79.32%)
and open spaces (99.29%) uses. On the other hand, the model do not return
significant results in case of business-shopping (58.19%), sociocultural
infrastructure (40.83%) and technical infrastructure (25.64%). This means that, to
some extend in general, land use value of first floor of the building is influential
on determining the land use value of the ground floor. This hypothesis is
especially valid in case of other uses, residential, accommodation, empty and
open spaces uses.
5.2.2.

Test #2 for Ground Floor Land Use Value Prediction

Second test is to predict Att.1 by Att.19. Results of this process can be seen in
Fig. 4, in the form of accuracy table, given by Rapid Miner software.

Fig. 4. Accuracy table for test#2.
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As seen in the table, the overall accuracy of prediction is only 57.02 % which is
not significant enough in terms of claiming a dependency relationship between
the land-use values of ground floor and density of person living in the building, in
general. However, only in case of residential use of ground floor, the model
predicts 3.401 of the residential as residential and 467 of the residential as false,
which gives a 87.93% class recall. The model is only successful in predicting the
land-use value of ground floor in case of residential use. On the other hand, the
model do not return significant results in case of business-shopping (66.43%).
And with the rest of the cases, model fails to correctly predict the land use value
of the ground floor. This means that, the density of person living in the building is
influential on determining the land use value of the ground floor only in case of
residential use.
5.2.3.

Test #3 for Ground Floor Land Use Value Prediction

Third test is to predict Att.1 by Att.18. Results of this process can be seen in
Figure 5, in the form of accuracy table, given by Rapid Miner software.

Fig. 5 Accuracy table for test#3.

As seen in the table, the overall accuracy of prediction is only 55.43 % which is
not significant enough in terms of claiming a dependency relationship between
the land-use values of ground floor and neighborhood where the building is
located, in general. However, again, only in case of residential use of ground
floor, the model predicts 3128 of the residential as residential and 740 of the
residential as false, which gives a 80.87% class recall. The model is only
successful in predicting the land-use value of ground floor in case of residential.
On the other hand, the model do not return significant results in case of businessshopping (69. 30%). And with the other cases, model fails to correctly predict the
land use value of the ground floor. This means that, neighborhood where the
building is located is influential on determining the land use value of the ground
floor only in case of residential use.
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5.2.4.

Test #4 for Ground Floor Land Use Value Prediction

Fourth test of the first experiment is to predict Att.1 by processing Att.2, Att.18
and Att.19 simultaneously. Results of this process can be seen in Figure 6, in the
form of accuracy table, given by Rapid Miner software.

Fig. 6 Accuracy table for test#4.

As seen in the table, the overall accuracy of prediction is 74.70 % (a very
insignificant increase comparing the first test’s results returning 74.63%) which is
significant in terms of claiming a dependency relationship between the land-use
values of ground floor, land use value of the first floor, density of person living in
the building and neighborhood where the building is located, in Beyoglu, in
general. However as the tests of these latter attributes were done separately, we
have seen that it is mainly the effect of Att.2 that the general prediction accuracy
is that high. Hence, we can claim that in case of a general dependency, Att.2 is the
most influential attribute in determining Att.1. On the other hand, Att.18 and
Att.19 have an impact of increasing the general prediction accuracy level by
increasing the cases of low accuracy predictions such as business-shopping use
(test#1: 58.19%, test#2:66.43%, test#3:69.30%, test#4:65.16%) and decreasing
the cases of high accuracy predictions such as other, residential, accommodation
and open space uses. Another significant point is that residential use of the ground
floor is highly predictable by each of the attributes 2, 18 and 19 separately.
5.2.5.

Test #5 for Ground Floor Land Use Value Prediction

Fifth test is to predict Att.1 by Att.30 which is the Euclidian distance of each
building’s center of geometry to Taksim, the major transportation node in
Beyoglu district. Att. 30, different than the previous attributes gathered from the
Urban analysis maps of the 2008 Master Plan of Preservation of Beyoglu, such as
Att.2, 18 and 19, is calculated in GIS environment by using the Hawths Analysis
Tools [21], an external extension of ArcGIS. After obtaining distances in meters,
Natural Breaks classification is conducted in ArcGIS, using Jenks Optimization
algorithm, and seven class of distance is obtained. Results of this process can be
seen in Figure 7, in the form of accuracy table, given by Rapid Miner software.
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Fig. 7 Accuracy table for test#5.

As seen in the table, the overall accuracy of prediction is 45.54 % which is not
significant enough in terms of claiming a dependency relationship between the
land-use values of ground floor and distance of buildings to Taksim, in general.
Not significant enough but still quite remarkably, in case of residential and
business-shopping uses, there is an accuracy prediction over 60%. With the other
cases, model completely fails to correctly predict the land use value of the ground
floor. This means that, in general, distance of buildings to Taksim, is not
influential on determining the land use value of the ground floor.
5.2.6.

Test #6 for Ground Floor Land Use Value Prediction

Sixth test is to predict Att.1 by Att.29, which is the Euclidian distance of each
building’s center of geometry to Galatasaray, an important node for pedestrian
transportation, which is located at the heart of Beyoglu district. Att. 29 is also
calculated by using the Hawths Analysis Tools [21]. Natural Breaks classification
is again conducted in ArcGIS to classify obtained distances in seven categories.
Results of this process can be seen in Figure 8, in the form of accuracy table,
given by Rapid Miner software.

Fig. 8. Accuracy table for test#6.

As seen in the table, the overall accuracy of prediction is 49.75 %, which is not
significant enough in terms of claiming a dependency relationship between the
land-use values of ground floor and distance of buildings to Galatasaray, in
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general. Not significant enough but still quite remarkably, in case of residential
and business-shopping uses, there is an accuracy prediction over 60%. With the
other cases, model completely fails to correctly predict the land use value of the
ground floor. This means that, in general, distance of buildings to Galatasaray, is
not influential on determining the land use value of the ground floor.
5.2.7.

Test #7 for Ground Floor Land Use Value Prediction

Final test is to predict Att.1 by Att.28, which is the surface area of each building
in square meters. Att.28 is calculated by using the GIS function for polygon
geometry calculation. Quantile classification is conducted in ArcGIS to classify
obtained values in seven categories. Results of this process can be seen in
Figure 9, in the form of accuracy table, given by Rapid Miner software.

Fig. 9.Accuracy table for test#7.

As seen in the table, the overall accuracy of prediction is 43.94 %, which is not
significant enough in terms of claiming a dependency relationship between the
land-use values of ground floor and surface area of buildings, in general. Quite
significant, in case of business-shopping uses, there is an accuracy prediction of
74.50%. With the other cases, model fails to correctly predict the land use value
of the ground floor. This means that, in general, surface area of buildings, is not
influential on determining the land use value of the ground floor, except in case of
business-shopping use.
To conclude on the experiment of predicting land use value of ground floor
by a series of attributes given above, most significant results are briefly given
below :
•

To a large extend in general, land use value of first floor is the most
influential attribute among others, on determining the land use value of the
ground floor.

•

Neighborhood of the building and density of person living in the building are
not influential on determining the land use value of the ground floor in cases
other than residential use.
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•

Residential value of the ground floor is highly predictable by land use value
of first floor, by neighborhood of the building and by density of person living
in the building.

•

Distance to Taksim and Galatasaray are both not influential on determining
the land use value of the ground floor, although in residential and businessshopping cases it can be claimed that there is a small degree of dependency;

•

Surface area of the building is not influential on determining land use value of
the ground floor, except in case of business-shopping use, to some remarkable
degree there is a dependency relationship among those features of the
buildings.

Definitely, these hypotheses must be verified by means of other methods in
order to test their validity. But after necessary validations, as will be underlined in
Conclusion chapter, this kind of hypotheses based on relational particularities of
specific urban environments could constitute a valuable site-specific background
for urban design projects.

6.

Conclusion

To conclude, in the paper, the framework and some of the applications of a
research aiming to design an urban database based on micro-scale urban data of a
historical neighborhood of Istanbul for further analysis by data mining, is
presented. Data mining in the context of urban data is introduced as a computer
based, data-driven, context-specific approach for supporting analysis of urban
systems without relying on any existing theories [4]. This type of research allows
identifying the patterns and relationships among a great number of independent
and dependent urban attributes instead of limiting to a few ones.
Methodology and approach specifically developed in this research can produce
knowledge about relations among various aspects of urban features and this type
of explanatory knowledge can assist architects and urban planners at design,
policy and strategy levels, by providing site-specific insight through deeper
understanding of urban data. The hypotheses that are listed at the end of the
previous chapter have certainly a great potential of revealing a site-specific
insight about the nature of relations among the attributes of urban entities. More,
in the subsequent research, by expanding the variety of data (including economic,
social, demographic and cultural types of data), verified hypotheses derived from
data analysis could be converted into urban design strategies.
This kind of relational knowledge is very important for urban designers, in
order to acknowledge the characteristics of an environment, and evaluate their
design’s ability of adaptation to this particular environment. Usually, one of the
most important failures of urban design is to ignore site-specific particularities of
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urban spaces. On those cases, most of the times, urban design projects result with
unintended consequences such as the failure of design interventions in adapting to
their environments. The conflict of design projects with the existing interrelations
of an urban environment can be minimized within the light of relational
knowledge that will be gathered from this particular environment.
Further work, will be to elaborate the process of data mining by experimenting
with more attributes (expanding the variety of data) and different types of analysis
methods available in Rapid Miner.
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