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ABSTRACT
1 Introduction

Jakarta has become a megacity with elaborate service network
activities. Fast food restaurants as a type of food service provider
have a role in supporting urban lifestyles. Despite the growth of
value and transaction volume, there are some fast food categories
in Indonesia which have a negative percentage of outlets growth.
In general, the location of fast food restaurants divides into two
categories. The first one is stand-alone restaurants, and the second
is restaurants which located in other public facilities, such as malls,
supermarket, and market area. According to the first law of
Tobler, closer public facilities will have activity relatedness. This
study aims to examine whether proximity between fast food
restaurant locations and other public facilities affect categories of
fast food restaurants, using spatial decision tree analysis approach.
The public facilities examined for proximity to fast food
restaurants consist of 11 criteria, which are considered to have a
co-location pattern from previous research results. The results will
be spatial characteristics of public facilities which expected to be
indicators of consumer movement behavior, especially from and
to fast food restaurant.

Indonesia began to experience an accelerated increase in the
number of people living in urban areas from 1980 to 2000,
surpassing other countries in development groups and income
groups similar to Indonesia [1]. Residents living in urban areas are
still concentrated in the Jakarta area, with a population of 1.452
million in 1950 and projected to increase to 13.812 million by 2030
[2]. Jakarta is a medium-sized city with a population of between 1
and 5 million people since 1950 and is currently a megacity
category with a population of over 10 million [3].
Population growth and development of Jakarta city will have
an impact on the consumption pattern which has the
characteristic of supporting dynamic mobility [4]. Consumer
growth at the middle-class level encourages companies to
understand their buying patterns better [5]. One of the highlights
is understanding consumer spending patterns for food services.
Foodservice as part of the food sector is still one of the sectors that
gain benefits with the growth of consumer spending from the
middle-class and affluence consumers [6]. Moreover, increasingly
the busy urbanites also affect the eating out habit, which
prioritizes convenient [6,7]. According to this phenomenon, the
fast-food restaurant is still one of the solutions.

CCS CONCEPTS
• Information systems ~ Geographic information
systems • Information systems ~ Data mining • Information
systems ~ Information retrieval

Fast food restaurants as a type of food service provider have a
role in supporting urban lifestyles, especially for middle youth
consumers [8]. Despite the growth of value and transaction
volume, there are some fast food categories in Indonesia which
have a negative percentage of outlets growth [9]. An in-depth
study is needed to understand the causes of inconsistent growth.
Among them is a study to gain a spatial perspective of the
restaurant's location. In general, the location of fast food
restaurants divides into two categories. The first one is standalone restaurants, and the second is restaurants which located in
other public facilities, such as malls, supermarket, and market area.
Each brand has its considerations before deciding whether their
outlet will be built stand-alone or as a tenant from other public
facilities. According to the first law of Tobler, closer public
facilities will have activity relatedness [10].
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The suitability of location determination of business is
convinced to be a factor that affects the performance of a business,
and the impact on the surrounding environment. Studies on
location suitability have been carried out with various
determinants. For example, the study conducted by Dubé,
Brunelle, & Legros that examines the decision on business
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points), health-clinic (50 points), museum (46 points), pharmacy
(24 points), residential (6,764 points), theme park (12 points), and
office (39 points).
Previous research finds that the location of fast food
restaurants is generally divided into two categories, namely standalone and as tenant of other public facilities. Stand-alone
restaurants have distinct characteristics with restaurants that
become a tenant in other public facilities, regarding facilities
provided, such as parking facilities, as well as proximity to
competitors or other public facilities. The five fast food restaurant
brands have several restaurants in both categories, even if with
different proportions. This category becomes an aspatial data for
each location data of fast food restaurants.
This study utilizes QGIS Desktop 2.18.14, an open source GIS
to perform collecting and managing spatial and aspatial data.
After performing several tools to create 12 layers in QGIS, then
these layers are imported using PostGIS Shapefile Import/Export
Manager version 2.4.1 to an open source database system,
PostgreSQL 10. PostGIS allows complex spatial data queries with
SQL-based programming (http://postgis.net/). The process of
spatial data transfer through PostGIS should consider the
Coordinate Reference System of the data.
Pre-processing is performed on the twelve layers that have
been imported into this database. Data transformed from World
Geodetic System 1984 to Universal Transverse Mercator
coordinate system zone 48S, thus allowing data processing in
meter units. This process applies ST_Transfrom function in
PostGIS [19]. The ST_Distance function in PostGIS is used to
obtain distance information between points [20]. This function
generates some tables that provide two primary information. The
first information is the distance between each fast food restaurant
located at each location of a public facility. The second
information is instances that occurs between layers at a certain
distance.
Decision tree according to Linoff and Berry is “a hierarchical
collection of rules that describe how to divide a large collection of
records into successively smaller groups of records” [21]. An
extensive collection of spatial data which is the result of
preprocessing, further classified by this approach, to obtain a
particular spatial pattern. The classification process is conducted
using WEKA, an open source data mining software, applying the
J48 classifier which is cloning from the C4.5 decision tree learner
[22]. According to the literature review results, it was concluded
that the decision tree method is one of the ten most widely used
data mining techniques for business researchers[23].

location determination based on immediate economic
environment and spatial proximity with nearby markets [11];
study on location determination based on various criteria with the
MCDA approach and GIS, for final disposal sites [12-14]; study to
determine location of fuel terminals [15]; study to determine
location of national parks [16].
Study of spatial characteristics always has its challenges.
However, data availability and free open source software are more
appropriate. One of geo-informatics issue that still needs more
studies is related to the development of an open system, which
can support access to spatial data between various systems [17].
Currently, Indonesia has provided a portal called Indonesia
Geospatial Portal (http://tanahair.indonesia.go.id/portal-web).
Through this portal, people can access geospatial data, both
Indonesian earth maps, and thematic maps, and can share the
resulting maps that can be used by various groups.
This study aims to examine whether proximity between fast
food restaurant locations and other public facilities affect
categories of fast food restaurants, using spatial decision tree
analysis approach. The public facilities examined for proximity to
fast food restaurants consist of 20 criteria, which are considered
to have a co-location pattern. The main contribution of this study
is to provide knowledge for the foodservice industry, especially
for the fast-food chain, concerning spatial characteristics of the
restaurant's location. Spatial decision tree generates rule patterns
of public facilities that have proximity to fast food restaurants. The
classification of fast food restaurants is based on two categories,
namely, stand alone and as tenants of other facilities. This study
also provides insight into the many opportunities in spatial data
analysis with the availability of spatial data as well as various free
open source software to manage, visualize and analyze spatial
data. The remaining of this paper is organized as follows. Section
2 describes the data collected and managed as well as various
methods for data management and analysis, primarily related to
spatial data. Section 3 represents results and discussions regarding
the issue. Section 4 describes the conclusion gain from the study.

2 Data and Methods
This study employs two main spatial data, namely the location of
fast food restaurants and public facilities. The spatial data are in
the geographical area of the megacity of Jakarta. Spatial data of
fast-food restaurants are acquired by geocoding process based on
the address obtained from the restaurant's website that became
the object of this research. These fast-food restaurants are
Kentucky Fried Chicken (KFC), Es Teler 77, McDonald’s, A&W,
and HokBen, mentioned sequentially from the highest percentage
of retail sales value [18]. This study also takes Point-of-Interest
data which can be downloaded in OpenStreetMap Indonesia
(https://openstreetmap.id/en/data-openstreetmap-indonesia/).
This POI data become the source of public facilities. This public
facility consists of shopping store (267 points), food services
(exclude the fast food restaurant that becomes the object of this
study – 545 points), marketplace (246 points), hospital (164
points), government office (469 points), hotel (306 points),
terminal/station (153 points), school (886 points), worship facility
(1290 points), fuel station (99 points), higher education (116
points), attraction (33 points), bank (86 points), hair-beauty (27

3 RESULTS AND DISCUSSION
Fast Food Restaurants in Jakarta, from 5 brands which become the
research object, is 279 outlets, as can be seen in Fig. 1. The number
of outlets is specified according to the type of property, as can be
seen in Fig. 2. Only 25% of the number of fast-food restaurants are
categorized as stand-alone, the rest is a tenant in the property of
other public facilities, especially in a mall, trade area, and
supermarket or hypermarket.
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This study will classify 20 types of public facilities that are
expected to affect a fast-food restaurant into a stand-alone
category or as a tenant. Decision tree analysis classifies the 20
attributes, based on two criteria, specifically the minimum
distance between fast food restaurants and public facilities, as well
as the number of instances that occur on the perimeter of 1 km. In
this research, the process of classification is examined according
to 2 scenarios, namely: 1) Stand-alone and as-tenant categories
based on minimum distance; 2) Stand-alone and as-tenant
categories based on instances frequency. Characteristics of data
from both conditions can be seen in Fig. 3. and Fig. 4.

Figure 4: Stand-alone and as-tenant categories based on
instances frequency (N=279 outlets).
Table 1: Number of Instances between Fast Food and
Public Facilities
Co-location between

Figure 1: Number of Fast Food Restaurants (5 brands) in
Jakarta 2018 (N=279 outlets).

Fast food – Foodservice
Fast food – Fuel station
Fast food – Government office
Fast food – Higher education
Fast food – Hospital
Fast food – Hotel
Fast food – Marketplace
Fast food – School
Fast food – Shopping store
Fast food – Terminal station
Fast food – Worship facilities
Fast food – attraction
Fast food – bank
Fast food – hair-beauty
Fast food – health-clinic
Fast food – museum
Fast food – pharmacy
Fast food – residential
Fast food – theme park
Fast food – offices

Figure 2: Fast Food Restaurants Type of Property (N=279
outlets).

Number of Instances
2,390
242
179
400
502
1,651
787
1,949
1,369
555
2,693
133
311
123
205
184
82
11,078
62
179

The histogram for each public facility comes from data on
distance to fast food restaurants as well as data on each public
facility that co-location with fast food restaurants at a distance of
1 km. The ST_Distance function in PostGIS / PostgreSQL is used
to generate instances tables for each relationship between fast
food and 11 public facilities. Examples of queries that are used to
generate an instance table that contains distance between points
can be seen in Fig. 5, and a query example to generate an instances
table which described the co-located points at a distance of 1 km
can be seen in Fig. 6. Characteristics of data that show in Fig. 3
and Fig. 4 indicate that the proximity of the distance with the
frequency of occurrence of proximity at a certain distance is two
different things. This emphasizes that it is essential to conduct a
study based on both contexts.

Figure 3: Stand-alone and as-tenant categories based on
minimum distance (N=279 outlets).
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The query results in PostGIS/PostgreSQL are tables that
contain the results of spatial calculations. Fig. 5 shows that the
extension program calculates each distance between fast food
restaurants and each data from each category of public facilities.
Furthermore, for each relationship between fast food restaurants
with each category of public facilities, the closest distance is
calculated as data input for the spatial decision tree process. Fig. 6
shows the query to count some public facilities around each fast
food restaurant at 1 km perimeter. The number of instances
generated by the query on this program extension for each
relationship between fast food restaurants and each category of
public facilities can be seen in Table 1.

Figure 5: St_distance query to measure the distance between
points.

Figure 6: St_distance query to determine the co-location
between points.

Table 1: Final Statistic of Decision Tree

Data

Correctly Classified
Instances

Classifier Model

number
Minimum
distance
Instances
frequency

60% Training; 40% Test
Cross-validation; Folds 10
60% Training; 40% Test
Cross-validation; Folds 10

%

Kappa
statistic

Mean
absolute
error

Root
mean
squared
error
0.3974

Relative
absolute
error

Root relative
squared
error

Total
Number of
Instances

45.47%

94.93%

112

93

83.04%

0.5177

0.1685

237

84.95%

0.5615

0.1922

0.36

51.50%

83.44%

279

81

72.32%

0.1134

0.3205

0.4936

86.48%

117.91%

112

223

79.93%

0.4028

0.2887

0.4039

77.34%

93.60%

279

Table 2: Accuracy by Class
Scenario

Classifier Model

Class

Two categories
based on
minimum
distance

60% Training; 40%
Test

as_tenant
stand_alone
Weighted Average
as_tenant
stand_alone
Weighted Average
as_tenant
stand_alone
Weighted Average
as_tenant
stand_alone
Weighted Average

Two categories
based on
instances
frequency

Cross-validation;
Folds 10
60% Training; 40%
Test
Cross-validation;
Folds 10

TP
Rate
0.885
0.64
0.83
0.938
0.58
0.849
0.862
0.24
0.723
0.914
0.449
0.799
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FP
Rate
0.36
0.115
0.305
0.42
0.062
0.332
0.76
0.138
0.621
0.551
0.086
0.436

Precision

Recall

0.895
0.615
0.833
0.872
0.755
0.843
0.798
0.333
0.694
0.835
0.633
0.785

0.885
0.64
0.83
0.938
0.58
0.849
0.862
0.24
0.723
0.914
0.449
0.799

FMeasure
0.89
0.627
0.832
0.904
0.656
0.842
0.829
0.279
0.706
0.873
0.525
0.787

MCC
0.518
0.518
0.518
0.57
0.57
0.57
0.116
0.116
0.116
0.412
0.412
0.412

ROC
Area
0.771
0.771
0.771
0.769
0.769
0.769
0.615
0.615
0.615
0.602
0.602
0.602

PRC
Area
0.887
0.519
0.805
0.845
0.63
0.792
0.832
0.286
0.71
0.768
0.454
0.69
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Figure 7: Decision Tree Visualization for Stand-alone and as-tenant categories based on minimum distance (N=279 outlets).

Figure 8: Decision Tree Visualization for Stand-alone and as-tenant categories based on instances frequency (N=279
outlets).

Figure 9: Five Public Facilities that Majority Have Close Distance with Fast-food Restaurants in Jakarta.
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Figure 10: Six Public Facilities that Majority Have Co-location with Fast-food Restaurants in Jakarta.

Figure 11: Overlay between the Distribution of Fast Food Restaurants and Public Facilities.
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Figure 11: Overlay between the Distribution of Fast Food Restaurants and Public Facilities.

that are categorized as stand-alone have rules that at close enough
distance to shopping stores and various food services, there will
be fast food restaurants.
Fig. 8 describes the results of the spatial decision tree using
instances frequency data; there are only six public facilities that
can predict the categorization of fast food restaurants, namely,
shopping store, marketplace, hospital, worship facilities, hotel,
and school, as can be seen in Fig. 10. According to instances
frequency data, 78% of fast food restaurants categorized as tenants
have a rule that in every shopping store and hospital, there are
fast food restaurants. Meanwhile, 72% of fast food restaurants that
are categorized as stand-alone have rules that in every shopping
stores, marketplace, worship facilities, school, and hotel there will
be stand-alone fast food restaurants (co-location). The closeness
between fast food restaurants and eight public facilities, according
to the results of spatial decision tree analysis, is presented by
overlaying the density of fast food restaurants in each sub-district

Classification is applied with two scenarios and with three
classifier model, that is a full training set, 60% Training - 40% Test,
and Cross-validation - Folds 10. The full training set method has
the highest accuracy values for all scenarios, while the data split
technique has the lowest accuracy of almost all scenario as can be
seen in Table 2 and the visualization in Fig 7., Fig 8. Instead of the
twenty of public facilities that were tested using the spatial
decision tree, only a few public facilities remained that became the
rule for predicting whether a restaurant categorized as a tenant or
stand alone, as can be seen in Fig. 9. Fig. 7 describes the results of
the spatial decision tree using minimum distance data; there are
only five public facilities that can predict the categorization of fast
food restaurants, namely, shopping store, food service, terminal
station, marketplace, and school. According to minimum distance
data, 77% of fast food restaurants categorized as tenants have a
rule that in every shopping store there are fast food restaurants
with very close distance. Meanwhile, 50% of fast food restaurants
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with the distribution of public facilities, as can be seen in Fig. 11.
Public facilities location distributions are estimated based on the
kernel density using the heatmap feature of QGIS.
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4 CONCLUSIONS
The results of this study emphasize that spatial data can be utilized
to understand the pattern of human movement. This study has
mapped the pattern between fast food restaurant locations and
public facilities using spatial data mining approaches, to confirm
the intent of "the near" and "the distant" of Tobler's first law[10].
There are still many challenges to get a more apparent and more
comprehensive pattern by integrating with other data.
Several contemporary studies have conducted in
understanding the spatial patterns using the available data due to
technological developments. It is essential to exploit spatial
patterns as fundamental information for preferable regional
development. Many researchers are dedicated to developing
knowledge related to this phenomenon. For example, exploration
of knowledge based on taxi travel data combined with POIs data,
coordinate information from Twitter, weather, and vehicle
accidents, to gain an interpretation of traffic [24]. Utilization of
spatial and temporal data from Foursquare users to explore
knowledge related to new public facilities, including various
indicators that affect its popularity [25]. Utilization of data from
search engines that provide real-time information from the
location, to predict the demand from that location [26]. The
various research conducted with the aim to determine the location
and design of a more appropriate city, by the demand and mobility
of its users.
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