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ABSTRACT

Jakarta is the biggest city in Indonesia with a population
of more than 10 million and a megacity with 1.38 million
people commuting around Greater Jakarta [1]. In order for
the Government of Indonesia to understand the commuting
behaviors of citizens and better plan the transportation
system in Greater Jakarta, the Indonesian Central Bureau
of Statistics first conducted its commuting survey in 2014.
In this paper, we produce commuting statistics from
locational information on social media and show that the
information from mobile phone apps is a promising source
of data. It implies that the commuting behaviors from big
data can allow the public sector more frequent statistics.

1 INTRODUCTION

It is known that about 1.38 million people commute daily
in Greater Jakarta or Jabodetabek, which includes Jakarta,
Bogor, Depok, Tangerang and Bekasi. The scale of the
commuting population along with the population of Jakarta
(about 10 million) has caused Greater Jakarta to face many
urban challenges, including transportation. This led the
Government of Indonesia to conduct the first commuting
survey by the Indonesian Bureau of Statistics (Badan Pusat
Statistik or BPS) in 2014.

Among many development issues, transportation is one
of the key issues that directly affect citizens’ daily lives. In
many cases, a survey-based data collection method is
widely used but one of its inherent drawbacks is that such
an approach takes some time from the design of a survey to
the release of its result. For instance, the first commuting
survey in Greater Jakarta took longer than one year.
Consequently, there are many attempts to use other types
of data to produce similar statistics using different kinds of
geo-located information such as GPS devices, sensors,
social media and mobile phone data, in a shorter cycle [2, 3,
4,5,7,8,9].

In Indonesia, social media is recognized as a promising
data source to understand the behavioral patterns of

people, specifically as about 88.1 million people use the
Internet and among them about 79 million people use the
Internet for accessing social media’. Jakarta is often named
as the Twitter capital of the world with 10 million tweets
every day. As another example, in Greater Jakarta,
between January and May 2014 for five months, about 40
million tweets were posted with GPS information.

In this paper, we test how the locational information from
social media on mobile devices can reveal commuting
patterns in Greater Jakarta. First we produce Origin -
Destination statistics given 10 cities in Greater Jakarta from
the entire GPS-stamped tweets posted by mobile devices,
by identifying a set of people who commute in these areas.
Second, we calibrate the initial result based on the
population distribution and Twitter user distribution. Finally,
we verify the result with the official commuting statistics.
Our result confirms that geo-located tweets has the
potential to complement official commuting statistics to fill
information gaps.

2 DATA SET
2.1 Official Commuting Statistics

The Indonesian Central Bureau Statistics (BPS)
conducted the first commuting survey in household level
covering 13,120 households from 1,312 census blocks. This
survey aims to understand the behavior of commuting users
in 13 cities or regencies in Greater Jakarta which includes
five Jakarta cities (Central, South, North, East, and West
Jakarta), five satellite cities (Bogor, Bekasi, Depok,
Tangerang, and South Tangerang), and three regencies
(Bogor, Bekasi, and Tangerang). Greater Jakarta is a
loosely defined term with few definitions. For instance, one
defines it with 13 cities and regencies but another
understands Greater Jakarta only with 10 cities. We use the
latter, which is widely perceived by citizens, excluding three

' “E-Government Indonesia” (Source: Ministry of Communication and ICT)
http://www.detiknas.go.id/wp-content/uploads/2016/08/PAPARAN-SNGIDC-2
016-Bambang-Dwi-Anggono.pdf
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regencies, i.e., Kabupaten (Regency) Bekasi, Kabupaten
Tangerang, Kabupaten Bogor, which rather connect other
close provinces such as Banten and West Java.

Table 1 shows a part of the commuting survey results
particularly showing commuters from the 10 cities in Greater
Jakarta to five cities in Jakarta. For instance, among the
total number of commuters to the five cities in Jakarta,
2.31% of people commute from South Jakarta to East
Jakarta.

DESTINATION
ORIGIN
SJ EJ CJ WJ NJ
South Jakarta (SJ) - | 231% | 4.69% | 1.88% | 0.97%
East Jakarta (EJ) 5.33% - 4.66% 1.62% 3.34%
Central Jakarta (CJ) 1.83% 0.86% - 1.70% 1.20%
West Jakarta (WJ) 2.65% 0.46% 4.65% - 4.19%
North Jakarta (NJ) 0.87% | 1.14% | 3.17% | 1.82% -
Bogor (Bo) 0.34% | 0.27% | 0.39% | 0.25% | 0.05%
Bekasi (Be) 3.36% 7.27% 3.48% 1.10% 1.73%
Depok (De) 7.40% 2.35% 2.37% 0.72% 0.54%
Tangerang (Tg) 2.62% 0.17% 1.62% | 4.23% 0.45%
South Tangerang (ST) 6.13% | 0.33% | 1.89% | 1.30% [ 0.27%

Table 1 Commuting Survey 2014 - Statistics (%) from 10
cities in Greater Jakarta to 5 cities in Jakarta

2.2 Twitter Data

We collect all GPS-stamped tweets posted in Greater
Jakarta from a data firehose and specifically for this study,
we use a set of tweets posted between January 1st 2014
and May 30th 2014, for five months, considering that the
official commuting survey was conducted during the first
quarter of 2014. Given all tweets in the Greater Jakarta
area, we first filter tweets posted using mobile devices only
and then map and use the locations of tweets to the
administrative resolution. Finally, we use 38,491,430 tweets
from 1,456,927 unique users.

3 METHODOLOGY

3.1 Inferring Origin-Destination Locations

First, per user, we infer two locations, Origin (Home) and
Destination. It is worth noting that even though we finally
produce city-level statistics, we process the locations of
one’s tweets at sub-district level, when determining the
Origin and Destination cities.
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e Home Location is inferred as the most tweeted
sub-district location between 9pm and 7am in
order to avoid using the locational information
during commutes.

e Destination Location is determined as the most
tweeted sub-district location during weekdays,
excluding Home Location.

Using this approach, among 1,456,927 unique users
who posted tweets in Greater Jakarta for five months from
January 2014, we find the origin information of 877,054
users, and the origin and destination information of 305,761
users in sub-district level, which is about 2.8% (14%) of the
whole population (the commuting population, respectively)
in Greater Jakarta.

3.2 Calibrating the Initial Result

Once we map the Origin-Destination information at
sub-district level to city level, we do a calibration based on
the population data from 10 cities, due to the unequal
penetration rates of Twitter in the cities. For instance,
people in South Jakarta post tweets much more than people
who are based in other cities in Greater Jakarta. After the
calibration with Twitter penetration information?, the
cross-correlation score between two forms of statistics,
official statistics and the statistics from our approach
improved from 0.92 to 0.97.

4 RESULTS

The final result is presented in Table 3(a) and its chord
diagram is shown in Figure 1. In Table 3(b) we show the
rank difference between Table 2 and Table 3(a). For
instance, the value for SJ = CJ is calculated as ‘0’ because
two ranks from two statistics are same as people in South
Jakarta most commute to Central Jakarta than other three
cities. Table 3(b) shows that our simple approach produces
good results without significant differences. Even though
three origin cities have three different rank pairs, it is worth
mentioning that the values in the official statistics are
originally close each other, and our results also present
similar values. For instance, the values of De = EJ and De
= CJ are 2.35 % and 2.37% in the official statistics (2.46%
and 2.39%, respectively and in our results).

5 SUMMARY

We have shown that social media is a promising source
of data to infer commuting statistics in Greater Jakarta. For
future work, we will improve our simple approach with other
calibration methods utilizing further information, such as
demographic information.

2 Jtis worth mentioning that we tried a calibration based on a basic
gravity model but it does not produce a significant improvement.
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DESTINATION DESTINATION
ORIGIN ORIGIN

sJ EJ cJ wJ N sJ EJ cJ w) N
South Jakarta (SJ) - | 2% | 4o | vk | s South Jakarta (SJ) . 0 0 [ .
East Jakarta () s49% < | 47 | easw | 2a8% Sast Jakarta (EJ) ° 0 0 ° .
Contral Jakarta (CJ) | 139% | om% < | o | oamw Ceniral Jakarta (CJ) . 0 0 0 .
West Jukarta (WJ) 383% | 066% | S0t « | 249% Wost Jukartn (W) -1 0 0 ° “1
Norm Jakaeta (NJ) 152% | 208% | 3% | 2% - North Jakarta (NJ) . 0 0 ° ]
Bogor (Bo) 147 | 0ra% | e | oas | 0o Bogor (Bo) ° 0 0 ° .
Boias| (Be) A6e% | 648% | 426% | 096% | 153% Sekasl (Be) ° 0 0 ° °
Depok (De) 606% | 246% | 29% | ossw | oarn Depok (De) 0 -1 A ° .
Tangerang (Tg) 299% | 064% | 201% | 3s6% | ason Tangerang (Tg) a 0 +1 o .
South Tangerang (ST) | 299% | 040% | Le4% | 0.77% | 0as%s South Tangerang (ST) L] 0 0 ° .

Table 2 (a) Commuting Statistics from Social Media (left) (b) Rank Comparison with Official Statitics

Figure 1 [Best Shown In Color] Officlal Commuting Flows (Left) and Statistics from Twitter (Right)
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