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Abstract: This paper presents a mobility indicator derived from anonymized and aggregated mobile positioning data. 

The mobility indicator captures insights into the mobility patterns of the human in DKI Jakarta and it is expected to 

inform responses against the Covid-19. As an application, the indicator is used to study the impact of Covid-19 on 

mobility in DKI Jakarta. It is found that daily cases of Covid-19 and physical distancing interventions significantly 

reduces the level of mobility. This finding will support policymakers in formulating the best data-driven approaches 

for coming out of Covid-19 pandemic and determining future scenarios in case of new outbreaks. 
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1.  INTRODUCTION 

The recent global outbreak of The Coronavirus Disease 2019 (Covid-19) disease is causing a lot 
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of fear and panic among people in the world [1]. The Covid-19, caused by the severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2), rapidly expanded throughout the world during 

the first quarter of 2020, reaching pandemic status on 11 March [2]. Covid-19 is spreading human 

suffering worldwide; that is what we should all be focused on [3]. As of March 31, 2020, the 

Covid-19 is affecting over 200 countries and over 700,000 individuals [4].  

In response to the Covid-19 pandemic, countries have sought to control SARS-CoV-2 

transmission by restricting population movement through social distancing interventions, thus 

reducing the number of contacts [5]. One of the key lessons learned from the COVID-19 pandemic 

has been the pivotal role of human behavior, specifically mobility and mixing in spreading 

infection [6]. In order to study mobility under Covid-19, to evaluate the efficiency of mobility 

restriction policies, and to facilitate a better response to future crisis, we need to understand all 

possible mobility data sources at our disposal [7]. 

In this paper, we characterize the relationship between transmission through daily cases of 

Covid-19, physical distancing interventions (PSBB) and mobility in DKI Jakarta. This research 

focuses on studying mobility to DKI Jakarta in Jabodetabek metropolitan area. We assign that area 

because two reasons. First, DKI Jakarta as the nation’s capital of Indonesia has a pull factor for 

people to do activity in that province. Around 1,2 million people from Bodetabek (the surrounding 

area from DKI Jakarta Province) do their main activity in DKI Jakarta [8]. Second, DKI Jakarta 

was recorded as the province with the highest cases of Covid-19 in 2020.  

Mobility data represent an important proxy measure of social distancing [5]. In 2019, BPS-

Statistics Indonesia has developed an algorithm Anchor Mobility Data Analytic (AMDA) to 

identify the home and work location of the mobile phone subscribers on their mobile phone 

footprint. The accuracy of AMDA reaches 88.7% for home locations and 70.4% for work locations 

at the regency level. BPS-Statistics Indonesia collaborated with Telkomsel which is the biggest 

Mobile Network Operator (MNO) in Indonesia with around 60% market share [9]. MNO share 

anonymised and aggregated mobile positioning data. These data would provide mobility patterns 

of subscribers and would serve the following purposes in the fight against Covid-19 [2]: 
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• “understand the dynamics of the Covid-19 daily cases using historical matrices of 

mobility flows; 

• quantify the impact of physical distancing measures (PSBB) on mobility; 

• feed models to estimate mobility based on PSBB interventions and daily cases of 

Covid-19.” 

 

2. DATA 

2.1 Mobile Positioning Data (MPD) 

Mobile positioning means tracing the location coordinates of mobile phones. There are different 

frameworks for positioning, for instance, handset-based, network-based, or GPS-based [10]. 

Mobile positioning has two types that are passive and active positioning. Active mobile positioning 

is mobile tracing data in which the location of the mobile phone is determined (asked) with a 

special query using a radio wave. In order to ask about the location of certain phones, a special 

environment and permit from the phone holder are required. Moreover, passive MPD is 

automatically stored in the log files (billing memory; hand-over between network cells, home 

location register, etc.) of the mobile operator [11]. The easiest method for passive mobile 

positioning is a ‘billing log” that is recorded for called activities. Any active use of a mobile phone 

(call and SMS in and out, GPRS, etc.) is deemed to be call activity.  

Passive mobile positioning data is normally collected to the precision of network cells. 

Every cell has a certain geographical coverage area and unique identity code and therefore this 

method is called Cell ID. Mobile operators can aggregate anonymous geographical data from the 

log file, such as location points or movement vectors [10]. Thereafter, the subscriber’s location is 

obtained from the location aggregation of Base Transceiver Station (BTS) [12]. Passive mobile 

positioning data is used to get the objectives in this research. 

Mobile phone data have been used to study mobility patterns in cities. Since home and 

workplace are the most important places in people’s lives and define the structure and activity 

patterns of the city, identifying home and work locations is much interesting [13]. The most 
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important step for the application of mobile phone data in official statistics: identifying where 

someone lives, that is, detecting their home location [14]. Determining the home and work location 

of subscribers is a crucial thing in mapping human mobility through MPD.  

2.2 Daily Mobility Indicators 

This study uses the result of AMDA for establishing a daily mobility indicator. The mobility 

indicator is constructed by the home and work location of subscribers. The Mobility indicator is a 

data product that aggregates mobile position data in the form of Origin-Destination Matrix (ODM) 

[2]. 

Let 𝑴 is an ODM or home-work location matrix where row is represent location of 

subscriber’s home and column is represent the location of the subscriber’s work at 13 regencies in 

Jabodetabek. The subscribers’ movement is recorded between regency so that the sum of the 

diagonal elements of 𝑴 ; tr(𝑴)= ∑ 𝑚𝑖.𝑖
13
𝑖=1 = 0.  

 

  

 

The average mobility indicator is computed based on formula considering in-flow and out-

flow of the population [15]. Mathematically, the mobility indicator is described by formulating 

sum of internal, inwards, and outwards mobility for the geographic area [2]. Let 𝑴 is seen as 

partitioned matrix. A partitioning of matrix 𝑴  into four submatrices could be indicated 

symbolically as follows: 

 

 𝑚1.1 𝑚1.2 𝑚1.3 𝑚1.4 𝑚1.5 … 𝑚1.13 

 𝑚2.1 𝑚2.2 𝑚2.3 𝑚2.4 𝑚2.5 … 𝑚2.13 

 𝑚3.1 𝑚3.2 𝑚3.3 𝑚3.4 𝑚3.5 … 𝑚3.13 

𝑴 = 𝑚4.1 𝑚4.2 𝑚4.3 𝑚4.4 𝑚4.5 … 𝑚4.13 

   𝑚5.1 𝑚5.2 𝑚5.3 𝑚5.4 𝑚5.5 … 𝑚5.13 

 ⋮ ⋮ ⋮ ⋮ ⋮ ⋱ ⋮ 

 𝑚13.1 𝑚13.2 𝑚13.3 𝑚13.4 𝑚13.5 … 𝑚13.13 
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= |
𝑴𝟏𝟏 𝑴𝟏𝟐

𝑴𝟐𝟏 𝑴𝟐𝟐
| 

 

 

 

where 

• 𝑴𝟏𝟏 is matrix describing subscriber’s movement within DKI Jakarta Province 

• 𝑴𝟏𝟐 is matrix describing subscriber’s movement out form DKI Jakarta Province 

• 𝑴𝟐𝟏  is matrix describing subscriber’s movement in to every regency at DKI Jakarta 

Province 

• 𝑴𝟐𝟐  is matrix describing subscriber’s movement in Bodetabek. That matrix is not the 

scope of this research 

The mobility indicator is computed by formula as follows: 

𝐼𝑚 =
𝑠𝑢𝑚(𝑴𝟏𝟏) + 𝑠𝑢𝑚(𝑴𝟏𝟐) + 𝑠𝑢𝑚(𝑴𝟐𝟏)

𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑏𝑒𝑟 𝑖𝑛 𝐷𝐾𝐼 𝐽𝑎𝑘𝑎𝑟𝑡𝑎
𝑥100 

                        =
∑ ∑ 𝑚𝑖.𝑗 + ∑ ∑ 𝑚𝑖.𝑗 + ∑ ∑ 𝑚𝑖.𝑗

5
𝑗=1

13
𝑖=6

13
𝑗=6

5
𝑖=𝑖

5
𝑗=1

5
𝑖=1

𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑏𝑠𝑐𝑟𝑖𝑏𝑒𝑟 𝑖𝑛 𝐷𝐾𝐼 𝐽𝑎𝑘𝑎𝑟𝑡𝑎
𝑥100 

2.3 Daily Cases Data of Covid-19 in DKI Jakarta 

This study uses daily Covid-19 case data in DKI Jakarta which is available on the official website 

of the DKI Jakarta Provincial Government (corona.jakarta.go.id/id). The period covered was from 

the 11th March 2020 until 27th October 2020, excluding weekends and national holidays.  

The data used is daily Covid-19 case data with a median size for the previous seven days. 

The median size is used because it takes into account the results of research related to the 

incubation period of Covid-19. [16] explained that the estimated median incubation period 

distribution of Covid-19 was 7.76 days (95% confidence interval (CI): 7.02 to 8.53). [17] explained 

 𝑚1.1 𝑚1.2 𝑚1.3 𝑚1.4 𝑚1.5 … 𝑚1.13 

 𝑚2.1 𝑚2.2 𝑚2.3 𝑚2.4 𝑚2.5 … 𝑚2.13 

 𝑚3.1 𝑚3.2 𝑚3.3 𝑚3.4 𝑚3.5 … 𝑚3.13 

𝑴 = 𝑚4.1 𝑚4.2 𝑚4.3 𝑚4.4 𝑚4.5 … 𝑚4.13 

   𝑚5.1 𝑚5.2 𝑚5.3 𝑚5.4 𝑚5.5 … 𝑚5.13 

 ⋮ ⋮ ⋮ ⋮ ⋮ ⋱ ⋮ 

 𝑚13.1 𝑚13.2 𝑚13.3 𝑚13.4 𝑚13.5 … 𝑚13.13 
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that the median Covid-19 incubation period was 8.3 (90% CI, 7.4 – 9.2) days for all patients, 7.6 

(90% CI, 6.7 – 8.6) days for younger adults, and 11.12 (90% CI, 9.0 – 13.5) days for older adults. 

Moreover, [18] explained that the incubation period of COVID-19 follows a Weibull distribution 

and has a median of 5.8 days with a bootstrap 95% CI: 5.4–6.7 days. The median incubation period 

was estimated at 4.0 days (95% CI: 3.5–4.4) for cases aged under 30, 5.8 days (95% CI: 5.6–6.0) 

for cases aged between 30 and 59, and 7.7 days (95% CI: 6.9–8.4) for cases aged greater than or 

equal to 60. 

 

3. METHOD 

In this section, we are going to introduce Generalized Additive Models (GAMs) which use to fit 

the data. GAMs are a nonparametric extension of Generalized Linear Models (GLMs) [19]. GAMs 

are statistical models that can be used to estimate trends as smooth functions of time. GAMs use 

automatic smoothness selection methods to objectively determine the complexity of the fitted trend, 

and as formal statistical models, GAMs, allow for potential complex, nonlinear trends, a proper 

accounting of model uncertainty, and the identification of periods of significant temporal change 

[20]. GAMs extend GLMs by replacing the linear predictor 𝜂 = ∑ 𝛽𝑗𝑋𝑗
𝑝
1  with an additive 

predictor of the form 𝜂 = ∑ 𝑠𝑗(𝑋𝑗)𝑝
1 , the 𝑠𝑗(. )′s are unspecified functions that are estimated using 

a scatterplot smoother, in an interative procedure we call the local scoring algorithm [21]. The 

GAMs replaces ∑ 𝑋𝑗𝛽𝑗  with ∑ 𝑓𝑗(𝑥𝑗) where 𝑓𝑗  is an unspecified (‘nonparametric’) function, 

this function is estimated in a flexible manner using a scatterplot smoother and the estimated 

function 𝑓𝑗(𝑥𝑗) can reveal possible nonlinearities in the effect of the 𝑥𝑗 [22]. 

If 𝑔(. ) is the link function between 𝜇 and the additive predictor then the additive model 

can be written as 

𝑔(𝜇) = 𝛼 + ∑ 𝑓𝑗(𝑥𝑗)

𝑝

𝑗=1

                                                               (1) 
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We write 𝑔(𝜇) = 𝜂(𝑋) and as such express 𝜇 as the inverse link function of 𝜂: 𝜇 = 𝑔−1(𝜂) 

[23]. The idea is to specify a basis for each function and choose an appropriate set of basis functions,  

𝐵𝑗𝑡, so that the 𝑗𝑡ℎ smooth function can be represented as  

𝑓𝑗(𝑥𝑗) = ∑ 𝐵𝑗𝑡(𝑥𝑗)𝛽𝑗𝑡                                                              (2)

𝑘𝑗

𝑡=1

 

where 𝛽𝑗𝑡 are coefficients to be estimated and 𝑘𝑗 is a number of basis function [24]. A basis is a 

set of functions that collectively span a space of smooths that, we hope, contains the true 𝑓𝑗(𝑥𝑗) 

or a close approximation to it. The functions in the basis are known as basis functions, and arise 

from a basis expansion of a covariate [20].   

A crucial step in applying GAMs is to select the appropriate level of the ‘smoother’ for a 

predictor [25]. The backfitting algorithm serves a baseline method for estimating 𝛼, 𝑓1, … , 𝑓𝑝 in 

the GAMs, regardless of the smoothing method used to estimate 𝑓𝑗(. ), the algorithm can be 

outlined as follows [23]: 

1. Contruct initial values 𝛼0 = 𝑔 (
∑ 𝑦𝑖

𝑛
) , 𝑓1

0 = ⋯ = 𝑓𝑝
0 = 0 

2. At iteration 𝑘, contruct the dependent variable 

𝑧𝑖 = 𝜂𝑖
𝑘 + (𝑦𝑖 − 𝜇𝑖

𝑘) (
𝜕𝜂𝑖

𝜕𝜇𝑖
)

𝑘

                                                     (3) 

Fit a weighted additive model to 𝑧𝑖 using weights 

𝑤𝑖 = (
𝜕𝜇𝑖

𝜕𝜂𝑖
)

𝑘

2

(𝑉𝑖
𝑘)

−1
                                                             (4) 

where 𝑉𝑖
𝑘 is the variance of 𝑦𝑖 at 𝜇𝑖

𝑘. Use the new estimates 𝑓1
𝑘+1 = ⋯ = 𝑓𝑝

𝑘+1 to 

obtain updates 𝜂𝑖
𝑘+1 and 𝜇𝑖

𝑘+1.  

3. Test for convergence 

4. Repeat step 2 as necessary. 
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4. RESULTS  

4.1 Pattern of Commuter Rate 

Figure 1 shows time varying curve from rate of commuter and rate of daily cases of Covid-19 in 

DKI Jakarta. Based on Figure 1, at the beginning of the emergence of the Covid-19 cases in DKI 

Jakarta, it was seen that the mobility of the subscriber in DKI Jakarta was still high, around 17%, 

or out of 100 subscribers of DKI Jakarta there were 17 people who carried out mobility either 

between or within of the DKI Jakarta area. However, that condition changed after President Joko 

Widodo issued a policy for productive activities (work, study, and worship) at home to suppress 

the spread of the Covid-19 virus. The policy was delivered by the president on March 16, 2020 

[26]. 

Since March 17, 2020 (at Day 4) there has been a significant decline in the commuting rate 

to the level of 6%. This also happened in line with the increase in daily cases of Covid-19 in DKI 

Jakarta. Furthermore, the commuting rate increased after day 50 although at the same time there 

was also an increase in Covid-19 cases. However, the commuting rate again decreased 

significantly when the level of Covid cases reached the level of 10 cases out of 100,000 residents 

of DKI Jakarta.  

 

Figure 1. Rate of Commuter and Daily Cases of Covid-19 in DKI Jakarta 
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Figure 2. Boxplot of Commuter Rate (y) by Status of PSBB (z) in DKI Jakarta 

 

Figure 2 shows the data distribution of commuter rate by status of PSBB. Based on Figure 

2, the median commuter rate during NON-PSBB is around 12%. On the other hand, the median 

commuter rate during the PSBB is around 8%. This means that there is a decrease in human 

mobility either between or within when the PSBB policy is implemented in DKI Jakarta. 

If we look at all variables simultaneously, it appears that there is no a certain pattern that 

can describe the relationship between the three variables. Figure 3 shows a nonlinear relationship 

between Covid-19 cases, status of PSBB, and human mobility as seen from the commuter level.  

Based on Figure 3, at the beginning of the Covid-19 pandemic that hit Indonesia, especially 

DKI Jakarta, there was about one case per 100,000 human and at the same time, there was also a 

significant decline in the commuting rate, from 18% to 7%, or a decrease of more than 50%. This 

decline was due to government policies limiting human mobility (PSBB). 

Furthermore, humans began to adapt to the conditions of this pandemic along with the 

easing of human mobility restrictions (NON-PSBB). The return trip rate was up about 12% despite 

the rising Covid-19 case rate. 
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The 12% rate continues to hold or is stable even though Covid-19 cases have increased to 

a level of 9 cases per 100,000 residents. However, this pattern has changed with the re-

implementation of the PSBB policy or when the increase in Covid-19 cases was getting higher to 

the level of more than 10 cases per 100,000 residents. The commuter rate has fallen back to almost 

the same as conditions at the beginning of the pandemic, namely at a level of around 7%. 

 

 

Figure 3. Scatter plot of Commuter Rate (y) and Daily Cases rate of Covid-19 (x) by Status of 

PSBB (z) in DKI Jakarta 

 

4.2 Generalized Additive Model 

In this section, we are going to model the data that has been shown in Figure 3 with model GAMs. 

The GAMs model is used to predict human mobility (commuter rate) based on PSBB status and 

daily Covid-19 case rates. Table 1 shows the results of the estimated parameters of the GAMs 

model. Based on Table 1, both the PSBB status and the daily Covid-19 case rate significantly affect 

human mobility in DKI Jakarta. This is in line with research that has been carried out related to 

mobility and Covid-19. We have detected dramatic changes in mobility due to Covid-19, both 

within the US and globally [27]. 
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If viewed partially, the implementation of the PSBB policy in DKI Jakarta made the 

average commuter rate decrease by 3.6059 % points (ceteris paribus). Furthermore, the value of 

edf (effective degrees of freedom) in smooth terms represents the complexity of the smooth. In 

typical OLS regression the model edf is equivalent to the number of predictors/terms in the model. 

When viewed from the R-sq value, 79.9% of the variation from the commuter rate is influenced 

by changes in the PSBB status and the daily rate of Covid-19 cases in DKI Jakarta. 

 

Table 1. Parameter Estimates and Significance 

Parametric coefficients: 

Variable Estimate Standard Error t value Pr(>| t |) 

(Intercept) 12.4493 0.1418 87.79 <2e-16 

z-PSBB -3.6059 0.2405 -14.99 <2e-16 

Approximate significance of smooth terms: 

smooth function edf Ref.df F p-value 

𝑓(𝑥) 8.37 8.889 19.9 <2e-16 

basis function: 

𝐵1: -6.4863583 𝐵6: -11.864703 

𝐵2: 22.5894452 𝐵7: 0.9537909 

𝐵3: 4.3344037 𝐵8: -18.9130478 

𝐵4: -15.1338098 𝐵9: -16.4363968 

𝐵5: 4.4637354   

R-sq. (adj): 0.799 Deviance explained: 81.1% 
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Figure 4 shows the predictive value of human mobility (commuter rate) according to daily 

Covid-19 cases with smooth terms of 8.37. Blue shadows show confidence intervals at the mean 

value of a commuter rate at the level of certain cases of Covid-19.  

Based on Figure 4, the GAM plots when PSBB is applied (the right side) are in a lower 

position than when PSBB is not applied (the left side). This means that PSBB has a significant 

impact on human mobility. This is also a supporting fact for Figure 2 which has been described 

previously. 

This plot shows that the commuter rate of a 10 cases per 100,000 residents in DKI Jakarta, 

when PSBB is not applied, is about 12%, all else being equal. Moreover, the commuter rate of a 

10 cases per 100,000 residents in DKI Jakarta, when PSBB is applied, is about 8%, all else being 

equal. This fact is also in line with previous research in Europe. The indicator of Mobility is used 

to study the impact of COVID-19 confinement measure on mobility in Europe and It is found that 

a large proportion of the change in mobility patterns can be explained by these measures [2]. 

 

Figure 4. GAMs plot with Standard Errors with Mean 

Figure 5 is shown to see the quality of the formed model. Quality is seen from the model 

residuals. There are four plots in Figure 5. Each of these gives a different way of looking at model 

residuals. On the top-left is a Q-Q plot, which compares the model residuals to a normal 
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distribution. A well-fit model's residuals will be close to a straight line. On bottom left is a 

histogram of residuals. We would expect this to have a symmetrical bell shape. On top-right is a 

plot of residual values. These should be evenly distributed around zero. Finally, on the bottom-

right is plot of response against fitted values. A perfect model would form a straight line. We don't 

expect a perfect model, but we do expect the pattern to cluster around the 1-to-1 line. Based on 

Figure 5, the model formed is quite good with the criteria of a Q-Q plot that is close to a straight 

line and a histogram of residuals, most of which are close to zero. 

 

Figure 5. GAMs residuals 

5. CONCLUSION 

The study describes a mobility indicator based on anonymized and aggregated mobile 

positioning data. The indicator is then used to assess the impact on mobility based on the daily 

cases of Covid-19 and physical distancing interventions (PSBB) in DKI Jakarta. This later analysis 

shows that the daily cases of Covid-19 and (PSBB) explain up to 79.9% of the mobility patterns. 

Moreover, PSBB significantly reduces the level of mobility by around 3.6%. This study can be 

expanded to other areas of observation because mobile positioning data is also available for other 

regencies in Indonesia. 
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