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Abstract 

 COVID-19 pandemic has dramatically changed the world economy in just a few weeks, 

including economic activities, such as consuming and working from home, patterns of demand, 

organization of production, global value chains, employment dynamics, and income 

distribution as financial conditions and stability. Social restriction to reduce the virus spread 

not only creates an obstacle for statistics officers to obtain data to produce key leading 

economic indicators but also changes social behaviour in economic activity, which needs to be 

measure. At the same time, reliable and punctual data are crucial when the economy faces 

turbulence caused by extraordinary situations. Therefore, the national statistical offices need to 

modernize the data life cycle of compilation, production, and dissemination to make it robust 

to shocks, including pandemic. 

 This study tries to explore the usefulness of a different proxy for measuring economic 

activity through the changes of people's activities using people mobility data, Google Mobility 

and Apple Mobility data. Cluster analysis is used to classify regions based on their source of 

economic growth. Since Indonesia imposes social restriction, some industries remain operated 

and people's mobility will have a different impact on every industry, such as mining, 

transportation, and trade. This study establishes models to predict regional GDP based on 

mobility and considering the industry contribution to regional GDP. Furthermore, the estimated 

regional GDP will be used to estimate the national GDP. 

 This study finds a consistently strong positive correlation between regional change on 

average people's mobility and the economic growth among 34 provinces in Indonesia. The 

Indonesia national GDP growth in 2020 quarter 1 is 2.64%, while the actual GDP growth in 

the same period is 2.97%. Additionally, the estimated Indonesia GDP growth in 2020 quarter 

2 is -5.17%, while the real growth GDP in 2020 quarter 2 is -5.36%. 
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I. Introduction 

 The WHO has been declared COVID-19 as a pandemic due to the alarming levels of 

spread and severity on March 11, 2020. Before COVID-19, the human race has already 

witnessed several pandemics such as H1N1 (2009), polio (2014), Ebola (2014 and 2019), Zika 

(2016). According to the report of the World Health Organization (WHO as of August 15, 

2020), the number of COVID-19 confirmed cases is 21,026,758 people and killed more than 

755,786 people in more than 213 countries around the world and two international conveyances 

(WHO, 2020). Indeed, the COVID-19 pandemic has greatly changed the world economy in 

just a few weeks. This extreme change will likely see long-lasting effects on the functioning of 

the economy, including such things as consuming and working from home, patterns of demand, 

organization of production, global value chains, employment dynamics, income distribution as 

well as financial conditions and stability (IMF, 2020). 

 In crisis times, there is, even more, a need for high-quality data to be available on a 

timely basis (CCSA, 2020). Reliable and punctual data are crucial in times when the economy 

faces turbulence caused by extraordinary situations. The disruption in data collection affects or 

will impact worldwide access to key economic indicators, including GDP growth. In Indonesia, 

COVID 19 caused some survey activities could not be conducted in some regions due to social 

activities restrictions, especially in most large cities with a high number of COVID cases. 

Indeed, this social limitation affects field surveys that are regularly conducted by official 

statistics. For instance, some stores are closed, which leads to missing prices when constructing 

the consumer price index. This matter causes some commodities cannot be recorded and left 

them as missing values, which lead to bias.  

In the pandemic era, GDP statistics become more critical to evaluate economic activity, 

and around the world pays more attention to these statistics. GDP statistics give the signal to 

economists that a recession may be looming or give confidence to businesses that consumers 

are freely spending (Moyer & Dunn, 2020). However, even before the pandemic, GDP often 

publishes with a delay. The pandemic not only creates an obstacle for statistics officers to 

obtain data to produce key leading economic indicators but also changes social behavior in 

economic activity, which needs to be measure, such as working from home.  

 The national statistical offices have to respond to new data needs at the time of a 

pandemic. Some research already tried to identify proxy variables to measure economic 

activity, which robust to shocks. Therefore, the demand of providing new methodology or new 

potential data sources to deal with the pandemic situation is highly needed. Therefore, 



statistical agencies must find the best practices in statistical business continuity. In other words, 

national and international statistical organizations need to modernize the data life cycle of 

compilation, production, and dissemination, which robust to shock, including pandemic. 

Social restrictions or mobility restrictions policy affect economic activity. This policy 

affects differently towards a country's economic activities as well as declining GDP since it 

depends on the severity and duration of the policy (Canaks et al., 2020). Indonesia imposes a 

social restriction to reduce the spread of the virus. This regulation is different from total 

lockdown, which obliges all industries to close except the essential one, such as health and 

groceries. Under social restrictions, the industries can still run their activity with new 

procedures, although some industries which is highly related to mobility will suffer most 

significant. 

 This study aims to explore the usefulness of a different proxy for measuring economic 

activity through the changes of people's movements that can be observed by using people's 

mobility data. This study also examines that people's mobility changes give a useful proxy for 

measuring GDP growth by considering the industry contribution to GDP since each industry 

responds differently to mobility change. This study provides useful insight into some possible 

opportunities for innovation regarding new potential data sources using big data to measure 

economic activities during the pandemic. 

II. Literature Review 

A. Mobility and Economics Activities 

There has been a spate of empirical evidence that derives econometric relationships 

between people's mobility and various indicators of economics. People's mobility becomes 

a potential data source for measuring economic activities. Big data on traffic lows can reveal 

the status of regional economic development, which is derived from the information of 

human mobility (B. Li et al., 2020). Also, billions of geo-positioning data produced by 

mobile phones are used to measure employment trends in industrial parks and consumer 

activity in commercial areas (Dong et al., 2017). 

Human mobility has a significant association with social interaction and economic 

development. In addition, the diversity of human movement is an important aspect to 

determine the socio-economic status of a region in which both diversity and socio-economic 

has a two-directed relationship. A High-developed region provides a wide range of mobility, 

and the higher mobility individual diversification drives to higher economic opportunity, 

which leads to higher socio-economic development (Pappalardo et al., 2016).  



Indeed, social restrictions and people's mobility restriction policy will affect economic 

activity. This policy will affect differently towards a country's economic activities as well 

as declining GDP since it depends on the severity and duration of the lockdown. The strictest 

lockdown measures have been imposed to lead the countries to suffer the most significant 

decline in economic activity (Canaks et al., 2020). 

B. Nowcasting Economic Activity using Big Data 

Providing a real-time assessment of economic activity is beneficial for stakeholders 

and policy-maker. Since the official data published with a delay, nowcasting success to be 

combined with large data set to overcome timeliness issues and has been applied to some 

sectors, such as sales, employment, and GDP (Guidotti et al., 2016). Many types of big data 

have already been exploited in many scientific fields, including economic. Furthermore, it 

is useful for macroeconomic nowcasting (Buono et al., 2017). The model using the 

combination of big data such as credit card transaction and Google data and official statistics 

data, such as labor force, wage, and the price, is expected to increase the accuracy and early 

read (Moyer & Dunn, 2020). 

Mobile data contains beneficial information that provides information about human 

behavior (Buono et al., 2017). It can be used to measure some economic indicators. 

Compared to traditional survey-method, mobile data has some advantages since it 

encompasses real-time, low-cost, and high coverage data. Additionally, it provides a more 

significant benefit in increasing accuracy and completeness of measurement when it is 

combined with official statistics data (Dong et al., 2017).  

Nowcasting economic activity has been proposed by some researchers by using high-

frequency basis data (Ferrara & Simoni, 2019). The high-frequency data is expected to 

reduce the uncertainty for nowcasting economic activity on the effect of COVID-19. Google 

mobility index and Apple mobility index are examples of high-frequency data that depict 

people's mobility. The Google Mobility Index has become a new good data source to predict 

industrial production, which use to assess the GDP growth. 

The quality of national data, which uses as a basis to measure the GDP, differs among 

countries in the world. In some regions, especially developing countries with low-quality 

national accounts data, the GDP itself is often poorly measured and lack accuracy. In 

addition, some states even do not have a national account. Therefore, the night light, one of 

the satellite data, can be used to improve or even replace the measure of economic growth 



in low quality national account data. Otherwise, it gives little value in improving the 

measurement (Henderson et al., 2012). 

Estimation of economic activity using the night light can also overcome the problem 

associated with data collected through field survey. The night light dataset is easily available 

and can be frequently retrieved on a daily basis. Therefore, this dataset can be used to 

estimate GDP, which is usually obtained through an economic census conducted every 5-

10 years (Ghosh et al., 2010). Moreover, the night light satellite becomes a potential tool for 

monitoring spatial and temporal social economics parameters. The study in some countries 

shows that the per capital lighting correlated with per-capita GDP (S. Li et al., 2017). 

Furthermore, the estimated GDP using night light has a higher value than the official GDP 

because it covers the informal economy activity (Ghosh et al., 2010). 

The usage of night light data is also useful for analyzing sub- and supranational 

regional levels within countries (Henderson et al., 2012), although the relationship is 

relatively unstable. The regional instability relationship between night light and GDP across 

regions occurs because of various reasons. Thus, adding the control variables, which 

account for the regional characteristics, can stabilize the relationship between night light 

and GDP (Bickenbach et al., 2016). 

 

III. Data and Methodology 

A. Data 

This study combines both traditional and non-traditional data sources. These data are 

used to measure economic activities during the pandemic, which cannot be measured by 

official statistics due to limitations, such as a social restriction or low statistical capacity. In 

addition, the new data sources are more reliable to any disruptions, including social 

activities restriction, since society will still produce information through big data, which 

represents their economic activities. The data involved in this study encompasses:  

1) Non-traditional Indicator (Big Data) 

• Apple Mobility Trend Report 

The Apple mobility trend report is published daily and reflect requests for 

directions in Apple Maps. This data shows a relative volume of directions requests per 

country/region, sub-region, or city compared to a baseline volume on January 13, 2020, 

consistent with normal, seasonal usage of Apple Maps (Apple, 2020). This study uses 

the Apple mobility report to provide data from January 13, 2020, to June 30, 2020. 



• Google Community Mobility Report 

The Google Community Mobility Reports show movement trends by region, across 

different categories of places. The Google reports chart movement trends over time by 

geography, across different types of places such as retail and recreation, groceries and 

pharmacies, parks, transit stations, workplaces, and residential (Google, 2020). These 

mobility reports are created with aggregated, anonymized data sets from users who have 

turned on the Google location history. 

The datasets show how visits and length of stay at different places change 

compared to a baseline. The changes are calculated by using the same kind of 

aggregated and anonymized data used to show popular times for places in Google 

Maps. According to Google documentation, the baseline is the median value, for the 

corresponding day of the week, during the 5 weeks from January 3 to February 6, 2020, 

which is during the normal condition in almost all countries except in Hubei, China. 

This study uses a daily Google mobility report from February 15, 2020, to June 30, 

2020. 

• Night-time light (NTL) 

The NTL data use Visible Infrared Imaging Radiometer Suite (VIIRS) Night-time 

Lights data. This satellite layer presents a night-time view of the earth that provides a 

daily informational view of our planet through satellite imagery. The U.S. Department 

of Commerce's NOAA National Geophysical Data Centre (NGDC) takes data from the 

Suomi National Polar Partnership satellite flown by NASA and NOAA satellite and 

performs extensive processing and includes an algorithm to produce a night-time light 

emission database. 

We use NTL data in order to estimate countries' GDP, which has poor quality data 

or low statistical capacity. Therefore, the night-time light data becomes a valuable 

proxy for measuring economic activity. However, the NTL data also has some 

limitations since it cannot measure at the micro-level, especially people activities that 

potentially generate outputs. NTL will also change on the minimum level for a short-

term period. NTL is more suitable for measuring economic changes for a more extended 

term period. 

 

 



2) Official Statistics Data 

• Gross Domestic Product (GDP) and Regional Gross Domestic Product 

(Regional GDP) 

Official GDP and GDP at the regional level at normal conditions (pre-COVID) are 

used as a real initial value. Later, its value is used to forecast economic activity. In this 

study, we use quarterly GDP and Regional GDP data based on the value-added 

approach as well as industry contribution to regional GDP for each province in 

Indonesia.  

B. Methodology 

 As explained before, people's mobility is closely related to economic activities. The 

Apple Mobility Trend Report and Google Community Mobility Report are transaction data 

which are used as a proxy to measure economic activities. People's mobility data can also 

provide timely information regarding human activities in which the information provided 

will reflect in nearly real-time activities. On the other hand, the NTL data can help to depict 

the socio-economic status of a region. This data will also be beneficial to estimate economic 

indicators when there is no other reliable information available, especially in countries with 

low statistical capacity. 

 

Figure 1. Flow diagram showing the step of mobility report in estimating economic 

growth 



Initially, this study established the cluster, which represents the industry contribution 

per region. The cluster is involved in predicting the GDP as the interaction term with 

mobility. This study analyzes at the provincial level for Indonesia cases (34 provinces) using 

Regional GDP data in 2019 as the baseline to measure the economic activities. The 

regression is conducted to establish the best model to estimate the regional GDP in 2020 Q1 

and Q2 using the mobility change during Q1 (January 2020 – March 2020) and Q2 (April 

2020 – June 2020) at the regional level. Then, this study estimate GDP for each region based 

on the year on year growth. This result is used to estimate the GDP for the country level. 

1) Google Mobility 

 The Google community mobility data already define the daily trend from several place 

categories, such as grocery & pharmacy, parks, transit stations, retail & recreation, 

residential, and workplace. 

Table 1. Place Categories of Google Mobility 

No Place categories Description 

1 
Grocery & 

Pharmacy 

Mobility trends for places like grocery markets, food 

warehouses, farmers markets, specialty food shops, drug 

stores, and pharmacies 

2 Parks 
Mobility trends for places like local parks, national parks, 

public beaches, marinas, dog parks, plazas, and public gardens 

3 Transit stations 
Mobility trends for places like public transport hubs, such as 

subway, bus, and train stations. 

4 Retail & recreation 
Mobility trends for places like restaurants, cafes, shopping 

centers, theme parks, museums, libraries, and movie theatres 

5 Workplaces Mobility trends for places of work. 

6 Residential Mobility trends for places of residence. 

Source: Google LLC, "Google COVID-19 Community Mobility Reports". 

2) Clustering using K-means methods 

This study implements K-means clustering to identify a group of provinces based 

on industries' contribution to regional GDP. Febri et al. (2017) state that the K-Means 

algorithm is a clustering algorithm into some groups based on the similarity of data 

features provided by determining the central value (Centroid) for each cluster or group. 



This algorithm aims to divide data into K clusters so that the within-cluster sum of squares 

is minimized (Hartigan & Wang, 1978). 

Muhammad and Adam (2017) also explain that the K-Means algorithm classifies 

data to the nearest neighbor use the Cosine Similarity Method to calculate the distance of 

the training data from the classified data. First, the algorithm determines the cluster from 

the data. Then, each datum that has similarities based on the distance between datum will 

be assigned to the cluster. After that, the new mean will be calculated for each cluster. This 

process will be repeated until this is no change to the cluster. 

3) Regression Model 

This study compared the regression model to predict the GDP using mobility. The 

comparison aims to evaluate the best model to predict the GDP and find the best model 

with better accuracy.  

a. Model 1 

𝐺𝑟𝑜𝑤𝑡ℎ | 𝑥 =  𝛽0 +  𝛽1 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦 𝑐ℎ𝑎𝑛𝑔𝑒 +  𝜀 

 

Model 1 only involves mobility change to predict GPD Growth. This model is 

established under the assumption that mobility change is related to GDP Growth. 

b. Model 2 

Model 2 involves mobility change and industry contribution to predict regional 

GDP. The industry contribution to GDP is involved with the assumption that different 

industry contributions within the regional GDP will respond differently to regional 

GDP growth caused by mobility changes. In this study, the industry contribution is 

indirectly involved in the model through clustering. 

Model 2 aims to explain how the mobility change can be a good predictor for 

regional GDP growth and identify the effect of clustering in representing the industry 

contribution to GDP in the relationship between mobility and growth regional GDP. 

Full Model 

𝐺𝑟𝑜𝑤𝑡ℎ | 𝑥 =  𝛽0 +  𝛽1 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒 +  𝛽2 𝐶𝑙𝑢𝑠𝑡𝑒𝑟1 +  𝛽3 𝐶𝑙𝑢𝑠𝑡𝑒𝑟 2
+  𝛽4 𝐶𝑙𝑢𝑠𝑡𝑒𝑟3  +  𝛽5 𝐶𝑙𝑢𝑠𝑡𝑒𝑟4  + 𝛽6 𝐶𝑙𝑢𝑠𝑡𝑒𝑟1 ∗ 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒 

+ 𝛽7 𝐶𝑙𝑢𝑠𝑡𝑒𝑟2 ∗ 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒 + 𝛽8 𝐶𝑙𝑢𝑠𝑡𝑒𝑟3

∗ 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒 + 𝛽9 𝐶𝑙𝑢𝑠𝑡𝑒𝑟4 ∗ 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒 +  𝜀 

Reduced Model 

Cluster 1 → 𝐺𝑟𝑜𝑤𝑡ℎ | 𝑥 =  (𝛽0  +  𝛽2)  + (𝛽1 +  𝛽6 )𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

Cluster 2 → 𝐺𝑟𝑜𝑤𝑡ℎ | 𝑥 = ( 𝛽0 +  𝛽3)  + ( 𝛽1  +  𝛽7 )𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

Cluster 3 → 𝐺𝑟𝑜𝑤𝑡ℎ | 𝑥 = (𝛽0 +  𝛽4 )  + ( 𝛽1  +  𝛽8 )𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 



• Pre-COVID mobility patterns as 

baseline 

• Economic activity in absence of 

shock 

 

Before Pandemic During Pandemic 

• Social activities restriction (less 

economic activities) 

• Behavioural changes; e.g. work from 

home 

• Adjustment in measuring economics 

of a pandemic 

Cluster 4 → 𝐺𝑟𝑜𝑤𝑡ℎ | 𝑥 = (𝛽0 +  𝛽5 )  + ( 𝛽1  +  𝛽9 )𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

Cluster 5 → 𝐺𝑟𝑜𝑤𝑡ℎ | 𝑥 = (𝛽0 )  + ( 𝛽1 )𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

 

4) Estimated GDP 

This study calculates the percentage of GDP change by calculating the change of 

mobility for all place categories. The percentage GDP change formula is as follow: 

𝚫%𝐺𝐷𝑃𝑖𝑡 = 𝐺𝐷𝑃𝑖(𝑡−1) ∗ 𝑊𝑖 ∗ ∑ 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦𝑖𝑡/𝑛

𝑛

𝑖=1

 

GDPi(t-1) : Gross Domestic Product region-i on previous period (t-1) 

Mobility : Weighted people mobility changes during a specific time (quarterly) 

The following equation calculates the estimated GDP at the regional level: 

𝐸𝑠𝑡 𝑅𝑒𝑔𝑖𝑜𝑛𝑎𝑙 𝐺𝐷𝑃𝑄𝑖,𝑌𝑡 = (100 + 𝐺𝑟𝑜𝑤𝑡ℎ̂
𝑄𝑖,𝑌𝑡) ∗ 𝑅𝑒𝑔𝑖𝑜𝑛𝑎𝑙 𝐺𝐷𝑃𝑄𝑖,𝑌𝑡−1/100 

The estimated regional GDP quarter-i at year (t) is calculated using the growth in 

quarter-i at year-t and actual regional GDP quarter-i at year (t-1). The comparison using the 

same quarter for the previous year to overcome the seasonality of the regional GDP each 

quarter. Estimated GDP and GDP Growth at the country level are calculated using the 

following formula. 

𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝐺𝐷𝑃 = ∑ 𝐸𝑠𝑡 𝑅𝑒𝑔𝑖𝑜𝑛𝑎𝑙 𝐺𝐷𝑃𝑗

34

𝑗=1

 

𝐸𝑠𝑡 𝐺𝑟𝑜𝑤𝑡ℎ 𝐺𝐷𝑃𝑄𝑖,𝑌𝑡 = (𝐸𝑠𝑡 𝐺𝐷𝑃𝑄𝑖,𝑌𝑡 −  𝐸𝑠𝑡 𝐺𝐷𝑃𝑄𝑖,𝑌𝑡−1)/𝐸𝑠𝑡 𝐺𝐷𝑃𝑄𝑖,𝑌𝑡−1 ∗ 100 

 

IV. Data Analysis 

A. Mobility and Level of Economic Change 

 

 

 

 

 

 

 

 

 



Figure 2. Mobility Change Before and During Pandemic 

 

Mobility represents the people's activity on a daily basis. Figure 2 shows the mobility 

change before pandemic (Pre-COVID) and during the pandemic. Before the pandemic, 

society's economy level is in the normal condition shown by the mobility near the baseline. 

The mobility pattern before the pandemic is used as a baseline of the mobility change. In 

this situation, everyone can do their activity without any restrictions. When the COVID hit, 

government impose social activities restrictions. In this situation, people are more difficult 

to do their activities, which leads to a decrease in economic activity. Mobility in retail and 

recreation, grocery and pharmacy, parks, transit stations, and workplace decreases 

significantly during the pandemic. Otherwise, the activity in place of residential (home) is 

increasing. Additionally, some economic activities change the behavior to adapt to the 

pandemic, such as work from home.  
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 Figure 3. Heat map of people mobility among 34 provinces for Retail & Recreation 
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Figure 3 shows an example of people's mobility in Retail & Recreation. The level of 

mobility in 34 provinces in Indonesia drops significantly after the social restriction policy. 

However, during the public holiday (Idul Fitri) people's mobility is slightly increasing 

before it drops again in the next following days. 

B. Cluster Analysis 

 Indonesia consists of 34 provinces with various contributions of industries to its 

GDP. Indeed, each province's different characteristics regarding the industry contribution 

to regional GDP will respond differently to its economic growth. Industries that closely 

relate to mobility, such as transportation and trade, will suffer if the government implement 

social restriction (lower mobility). Hence, cluster analysis is conducted to eliminate bias 

caused by the variety of industry contributions to regional GDP share among regions. The 

cluster is established based on the industry contribution to regional GDP to create a 

homogeneous group. This method will group regions that have similar industry 

contribution’s composition to regional GDP into the same group. 

Covid-19 

first case 

Social Restrictions 

Policy 

Large Scale Social 

Restriction 



 The cluster analysis uses K-means, which find each province's similarity in terms of 

industry contribution to regional GDP. After considering some parameters, 5 clusters are 

established in which each group has a different number of provinces, in detail shown by 

the table in figure 4.  

Figure 4. Cluster analysis of regions based on industry contribution to regional GDP 

Cluster Number of provinces 

I 12 

II 3 

III 5 

IV 2 

V 12 

 

C. Regression Model  

1) Mobility to predict the Regional GDP Growth without considering industry 

contribution to Regional GDP 

Figure 5. Regression model result without differing industry contribution to Regional GDP 

 

 

 

 

 

 

 

The regression model explains the relationship between Mobility and Regional GDP 

Growth without considering industry contributions to Regional GDP. The results show 



that the mobility significantly associated with the Growth of Regional GDP (p-value < 

0.05) with R-square 0.7442, which means the model explains 74,42% of its variability. 

Based on the model, the estimated growth values are compared with the actual Regional 

GDP. The result shows that the correlation between estimated and actual growth is 0.86. 

Considering the R-square and the correlation, this study concludes that the model is good 

for prediction, but it still needs improvement. Therefore, the industry contribution is 

included in the model to enhance the model. 

2) Mobility to predict regional GDP by including the industry compositions. 

Figure 6. Regression model result with clustering 

 

 

 

 

 

 

 

 

 

 

The results show the model is fit, and the model can explain nearly 84,22% of the 

total variability of the response. In addition, the residuals are satisfied, which met the 

homogeneity assumption and normal distribution.  

The results show that mobility changes are significantly associated with Regional 

GDP growth. Additionally, the industry cluster representing the industry contribution to 

GDP also affects the relationship between mobility change and regional GDP growth. It 

differs from the magnitude of the association between mobility and GDP Growth. To 

compare the result, we correlate the estimated regional GDP growth with the actual 



regional GDP growth, and the correlation between estimated growth and actual growth is 

0.92. 

 By comparing model 1 and model 2, this study concludes that considering the 

industry contribution to regional GDP can improve the regional GDP variability. The 

model without involving the industry contribution to regional GDP explain 74,42%, and it 

increases to 84,22% after adding the interaction variable. Furthermore, it improves 

accuracy, which shows by the increase of the correlation between estimated growth to 

actual growth, from 0.86 to 0.92. So, this study found that the model that involves the 

cluster representing the industry contribution to GDP is better to predict GDP growth than 

without considering those factors. The model to estimate economic growth is as follows: 

• Cluster 1 (Province assigned in cluster 1 follow the equation): 

𝐺𝑟𝑜𝑤𝑡ℎ̂ =  4.99 +  0.32 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

• Cluster 2 (Province assigned in cluster 2 follow the equation): 

𝐺𝑟𝑜𝑤𝑡ℎ̂ = 5.71 + 0.39 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

• Cluster 3 (Province assigned in cluster 3 follow the equation): 

𝐺𝑟𝑜𝑤𝑡ℎ̂ = 5.72 + 0.53 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

• Cluster 4 (Province assigned in cluster 4 follow the equation): 

𝐺𝑟𝑜𝑤𝑡ℎ̂ = 3.96 + 0.43 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

• Cluster 5 (Province assigned in cluster 5 follow the equation): 

𝐺𝑟𝑜𝑤𝑡ℎ̂ = 4.65 + 0.27 𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦_𝑐ℎ𝑎𝑛𝑔𝑒  +  𝜀 

 

 For each province assigned in Cluster 1, each one percent increase of average mobility 

will increase 0.32 percent of growth, and vice versa, the decreasing of one percent of 

average mobility will drop 0.32 percent of growth. For each province assigned in Cluster 

2, each one percent increasing of average mobility will increase 0.39 percent of growth 

and vice versa; the decreasing of one percent of average mobility will decrease 0.39 

percent of growth. For each province assigned in Cluster 3, each one percent increase of 

average mobility will increase by 0.53 percent of growth, and vice versa, the decreasing 

of one percent of average mobility will decrease by 0.53 percent of growth. For each 

province assigned in Cluster 4, each one percent increase of average mobility will increase 

0.43 percent of growth, and vice versa. The decreasing of one percent of average mobility 

will decrease 0.43 percent of growth. For each province assigned in Cluster 5, each one 



percent increase of average mobility will increase by 0.27 percent of growth, and vice 

versa, the decreasing of one percent of average mobility will decrease by 0.27 percent. 

 

D. Residual Evaluation 

 The error of the model causes the gap/difference between the actual growth with the 

estimated growth, called residual. It might randomly occur or for some reason.  Therefore, 

we try to identify the gap between actual growth with estimated growth. 

Figure 7. Evaluation of residual model and industry contribution 

 

 

 

 

 

 The correlation between residual data and industry contribution to GDP shows that 

Mining and Quarrying have the highest value compared to other industries. In addition, 

this industry is the only industry that has a significant correlation with residual data. In 

other words, the contribution from Mining and Quarrying to GDP Growth is associated 

with the error from the model. 

 In some regions, such as East Kalimantan, the mining and quarrying industry has 

a high impact and contribution to their economic growth. Still, this industry is less affected 

by people's mobility change. The mining and quarrying are mostly operated by big 

business and not directly affected by social mobility. Since Indonesia does not impose 
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lockdown regulation to reduce the spread of COVID-19, the Mining and Quarrying 

activities are still operated during the pandemic.  

E.  Estimated Regional GDP, Estimated GDP, and Estimated GDP Growth 

 Figure 8. Evaluation of estimated regional GDP and official regional GDP Growth 

 

 

 
  

Figure 8 shows the correlation between the estimated regional GDP to actual 

regional GDP. The correlation between both values is high. 

Figure 9. Mobility and Weighted GDP Growth 

 

Figure 9 shows weekly mobility change and GDP weighted average growth using 

the model. The relationship between mobility and economic output can be seen in that 

figure. The figure shows that the average mobility change has a similar pattern with 
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estimated GDP change. In quarter 1, the mobility tends to be stable, but it decreases in the 

last two weeks near the end of the Q1 period due to the implementation of social restriction 

policy. During the second semester, the level of mobility change is negative, and it is also 

followed by negative estimated GDP growth.  

Finally, based on our estimation, the Indonesian national GDP growth in 2020 

quarter 1 is 2.64, while the actual GDP growth in the same period is 2.97. In addition, the 

estimated Indonesia GDP growth in 2020 quarter 2 is -5.17, while the actual growth GDP 

in 2020 quarter 1 is -5.36.  

Table 1. Comparison of Actual and Estimated GDP Growth in Indonesia 

Time Official GDP Growth Estimated GDP Growth 

2020 Quarter 1 2.97 2.64 

2020 Quarter 2 -5.36 -5.17 

 

F. Evaluation of Nightime Light Data 

We use NTL data as a proxy to estimate a countries' GDP, which has poor quality 

data or low statistical capacity. Therefore, the night-time light data becomes a valuable 

proxy for measuring economic activity. 

Figure 10. World Nightime Light during base time 

 

Source: The Earth Observations Group (EOG) NOAA - Visible Infrared Imaging Radiometer 

Suite (VIIRS) 

 

 



Figure 11. Java Island - Indonesia Nightime Light during base time 

 

Source: The Earth Observations Group (EOG) NOAA - Visible Infrared Imaging Radiometer 

Suite (VIIRS) 

 

Figure 12. Regression model of NTL and Regional GDP 

 

 

 

 

 

 

The evidence shows that NTL has associated with regional GDP and explains 73,16 

of the regional GDP variation. The increase of 1 percent point of NTL is expected to lead 

the increment of regional GDP as 0.06 percentage. There are outliers in the data, DKI 

Jakarta. It needs to be observed since DKI Jakarta is the capital city of Indonesia and also 

the center of economic activity, while the area of DKI Jakarta is the smallest province in 

Indonesia. In addition, Ghosh et al. (2010) also found the outlier on the relationship of NTL 

in small islands and city-states. 



 Figure 13. Correlation between NTL and Estimated Regional GDP  

 

 

 

Some research has been examined the usage of NTL to predict the GDP for countries 

with low statistical data quality. Henderson et al. (2012) explain that NTL represents proxy 

GDP in low-income countries with low-quality national account data. Bickenbach et al. 

(2016) state that the control variable, which accounts for the regional characteristics, is 

needed to stabilize the relationship between night light and GDP. Figure 13 shows that the 

NTL and estimated GDP using mobility have a strong enough correlation. The comparison 

supports the result of the usage of mobility to predict the GDP. 

 

V. Result and Conclusion 

Social restrictions policy has change people's mobility behavior in Indonesia. The 

policy is aimed to reduce the virus's spread, which is begun on March 2020, two weeks 

before the end of Quarter 1. Since that time, people’s activity in the place of residence has 

increased while decreasing in other places, such as workplaces, retail, parks, and recreation.  

Indonesia has 34 provinces with various industry contributions to regional GDP. 

Industries that closely relate to mobility, such as transportation and trade, will suffer if the 

government implement social restriction (lower mobility). However, some industries are not 

too affected by mobility, for example, Mining and Quarrying. Those industries are still 

operated during the pandemic, but with lower capacity. 

Cluster analysis assigned each province to a group based on the similarity on the 

industry contribution to regional GDP to eliminate bias due to mobility change effects on 

the industry. This study found that involving the industry contribution through cluster 



increases the explanatory power of mobility for regional GDP. It also provides a better fit 

model to estimate the regional GDP, which increases the accuracy of estimated national 

GDP. In addition, this study found that the industry contribution to regional GDP provides 

different effects on the relationship between mobility change and regional GDP growth.  

This study finds a consistently strong positive correlation between regional change on 

the average mobility report and the percentage changes of regional GDP in 34 provinces in 

Indonesia. The Indonesia national GDP growth in 2020 quarter 1 is 2.64%, while the actual 

GDP growth in the same period is 2.97%. Additionally, the estimated Indonesia GDP 

growth in 2020 quarter 2 is -5.17%, while the real growth GDP in 2020 quarter 1 is -5.36%.  

 According to the official release of GDP in 2020 Quarter 1, the Indonesian economy 

based on the amount of Gross Domestic Product (GDP) based on constant prices in the first 

quarter of 2020 reached Rp 2,755.71 trillion, whereas our finding is Rp 2,739.65 trillion. In 

Quarter 2, the Indonesian economy based on the amount of Gross Domestic Product (GDP) 

based on constant prices is Rp 2,599.15 trillion, whereas our finding is approximately Rp 

2,601.65 trillion. The potential difference is due to the timeliness of measurement during 

the end of Q1. The COVID-19 effect on people's mobility was begun in the last two weeks 

before the end of Q1. Hence, the official GDP release tends to be overestimated than actual 

economic conditions since it probably cannot measure the changes in the last time just 

before GDP Q1 2020 was released. On the other hand, in quarter 2, people's mobility 

experiences a slight increase during the Islamic Idul Fitri holiday, which leads to our finding 

that our estimation is higher than the real value. 

The night-time light data in Indonesia has good associated with regional GDP. 

However, there is an outlier in DKI Jakarta as the smallest area in Indonesia, the center of 

economic activities. Therefore, the NTL data is useful for predicting the regional GDP, 

especially for regions with a low quality of National account data. This data can adjust the 

baseline GDP to make sure comparability aspects among countries. In addition, the 

estimated GDP using mobility has strong correlation with NTL. It supports the usage of 

mobility to predict the GDP for regions with a low quality National account data. 

 

 

 

 



VI. Future Works 

Mobility potentially has a different effect on GDP growth among countries, such as 

underdeveloped, developing, and developed countries. The incidence of lockdown and 

social restriction measures will vary by the country that will inevitably affect people's 

mobility. The effect of mobility declining on economic output potentially different among 

countries since it depends on their economic structure and the industry contribution to GDP. 

For instance, countries that rely on labor-intensive industries requiring high people mobility 

may have a greater impact on social restriction policy.  

In addition, the country’s formal and informal workers' composition will also determine 

the degree of the effect of mobility. On the one hand, formal sectors can still produce output 

with lesser mobility, such as working from home. On the other hand, some jobs may require 

movement and hard to be done remotely. 
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