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Abstract  

We develop high frequency indexes to measure sales in service industries and 
production activity in the manufacturing industry by using GPS mobility data from 
mobile applications. First, focusing on the possibility that the number of customers in 
service industries can be estimated using mobility data, we develop indicators to 
capture economic activity in amusement parks, shopping centres, and food services. 
We show that using GPS mobility data, it is possible to nowcast economic activity in 
the service industries, in real time, with a high level of precision---something which 
conventional statistics are largely unable to assist. In addition, by using a clustering 
method, we can construct an indicator with even better nowcasting performance. 
Second, in the manufacturing sector we identify the locations of large factories using 
factory-level data from the Economic Census and by utilizing hourly and daily mobility 
patterns such as a daytime ratio. We then construct indicators for nowcasting 
production based on the population in the specified areas. We find that we can 
nowcast production with a high level of precision for some labour-intensive industries 
including the transportation equipment and production machinery industries. These 
results suggest that mobility data are a useful tool for nowcasting macroeconomic 
activity.  
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1 Introduction

Since the 2010s, the rapid development of information and communication technol-
ogy has made it possible to collect and use big data in business, which were previously
unobtainable from conventional statistics and questionnaire surveys. In particular, in
business marketing, big data based on the global positioning system (GPS) of cellu-
lar phones are widely used as a source to understand the consumption behavior of
customers by taking into account their characteristics. Meanwhile, in the field of eco-
nomics, especially in macroeconomics, point of sale (POS) data have been widely used
in the analysis of supermarket sales and prices since the 1990s. The use of big data in
macroeconomics has been rapidly spreading since the beginning of 2020, when the
COVID-19 pandemic began to gather pace.

More specifically, the spread of COVID-19 has generated large economic fluctu-
ations in short periods due to subsequent lockdowns and declarations of a state of
emergency. The economic turmoil brought on by the pandemic has, therefore, mas-
sively increased the importance of understanding economic conditions in a timely
manner for policy makers. However, the conventional statistics and questionnaire
surveys on which central bankers have relied for economic analysis take at least sev-
eral weeks for data to be released after the survey. This is due to the time which the
process of collecting and compiling the data takes. To address this issue, the use of
big data, especially high frequency data, has been rapidly spreading among central
bankers as well as the utilization of information obtained through interviews with firm
managers.1

In this paper, focusing on GPS data, we show how to use big data to nowcast
economic conditions in real time from macroeconomic perspectives. Specifically, by
combining the GPS data with information on coordinates of commercial and public
facilities such as shops and factories, we closely examine which sectors the data can
be applied to for nowcasting with a high level of precision and frequency. We find
that for some sectors, we can nowcast household consumption and firm production
with high accuracy by extracting related information from themobility data. This result
implies that mobility data are useful not only for marketing but also for understanding
macroeconomic conditions.

The remainder of this paper is organized as follows. Section 2 explains related
literature and the dataset used in this paper. Section 3 shows that the GPS data are
useful for nowcasting service industries. Section 4 demonstrates a methodology to
nowcast the index of the industry production. Section 5 concludes by pointing out
the caveats of using mobility data for these purposes.

2 Literature Review and Data

In this section, we discuss literature related to our paper and explain our dataset.

1In this paper, big data include (1) high frequency data that are updated frequently, (2) high granular
data such as transaction data between companies, and (3) text data such as those on social networking
services.
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2.1 Literature Review

Our paper is mainly related to two strands of literature. First, this paper relates to the
literature on analyses of human mobility based on smartphone GPS data. Since the
beginning of the COVID-19 pandemic, a growing number of papers study the effect
of lockdowns using mobility data. For example, in the United States, Couture et al.
(2021) develop a location exposure index and a device exposure index using smart-
phone mobility data. The former describes county-to-county movements of people
and the latter quantifies people’s exposure to others in commercial venues. Further-
more, using smartphone GPS data, Coven and Gupta (2020) show that since the pan-
demic, people with higher incomes tend to move away from urban areas whereas
people with lower incomes are likely to continue going out and commuting to their
work places as before.2 On China, Fang et al. (2020) investigate the effects of lock-
down on human mobility using smartphone GPS data. On Japan, Watanabe and Yabu
(2020) develop a “stay-at-home” index and quantitatively investigate to what extent
Japanese shelter-in-place behavior is explained by intervention effect and information
effect. The former represents a direct effect resulting from an intervention such as the
declaration of a state of emergency whereas the latter means an effect resulting from
an announcement such as a news story about the number of infected people. While
these studies focus on the mobility of people, they do not explicitly investigate the
relationship between mobility data and economic activity.

The second strand of related literature is studies on the development of nowcast
indexes. Among them, Cajner et al. (2019), together with other economists of the
Federal Reserve Board (FRB), develop the ADP-FRB active employment index to un-
derstand the labor market conditions using data from a private company, Automatic
Data Processing (ADP). The FRB uses the index in order to grasp current labor market
conditions and wage. In addition, a growing number of studies use payment data
for nowcasting. For example, Aprigliano et al. (2019) show that Business-to-Business
and Business-to-Consumer payment data help to improve the accuracy of nowcasting
GDP, business fixed investment, and consumption. Furthermore, Galbraith and Tkacz
(2018) find that payment data for debit cards and checks are useful for nowcasting
GDP and consumption and Aladangady et al. (2019) develop an index to nowcast
consumption in real time by exploiting debit and credit card payment data. Since
the occurrence of the pandemic, Chetty et al. (2020) developed economic indexes
using big data compiled by private companies. They report that based on the in-
dexes, a reduction in the service consumption of people with higher incomes leads
to a decrease in income and the consumption of people with lower incomes work-
ing in those industries. These approaches are useful for practitioners as they allow
them to grasp macroeconomic conditions before related public statistics are released.
However, these studies use high frequency data that are directly linked to economic
activities and do not use location data.

As for the studies on nowcasting economic activity using location data, Dong et al.
(2017) develop indexes to nowcast sales of firms and consumption in some service
industries in China. In addition, Arslanalp et al. (2019) and Cerdeiro et al. (2020) de-
velop indexes to nowcast trade volume in the world using the traffic data of vessels.

2Using smartphone mobility data, Chen and Pope (2020) find that people with higher incomes travel
longer distances and go to many places in the United States.
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However, to date, few studies use location or mobility data for nowcasting economic
activity.

Our paper extends these two bodies of literature and thereby contributes to the
development of nowcasting indexes of economic conditions with high frequency and
a high level of precision, which indicates that mobility data are a useful tool for now-
casting macroeconomic activity.

2.2 Data

We use mobility data from January 2017 to March 2020 compiled by Agoop. The data
show the estimated number of people in every hour in each mesh element, which is
defined as a 100m×100m square, dividing Japanese territory into about 20 million
squares.3 The estimation is based on GPS data, which are collected through smart-
phone applications with the approval of users.

However, we cannot measure any economic activities such as consumption and
production simply using hourly population data because the data only include infor-
mation on the coordinates of meshes in addition to hourly population. Therefore, in
order to associate the number of people in a mesh with a specific economic activity,
we combine the data with the 1) Economic Census for Business Activity compiled by
the Ministry of Economy, Trade and Industry, 2) National Land Numerical Information
compiled by theMinistry of Land, Infrastructure, Transport and Tourism and/or 3) point
of interest data with the application programming interface (API). Thus, we develop
indexes to capture the consumption or production activity based on the number of
people in a mesh.4

More specifically, we identify a type of a facility and building located in each mesh
and infer whether the hourly population in the mesh is associated with consumption
such as retail, leisure, or food services, or with production in factories. By doing so,
we capture the economic activity based on the number of people in each mesh.

2.3 Calculation of Indicators

We develop an economic indicator from GPS data (EIG) to capture economic activity
such as sales in service sectors using population data by following the steps below.

First, we specify nowcasting sector J and select a set of meshes (IJt ) related to the
sector in time t. Then, we sum the number of people (Popit) in each selected mesh
i using weight wit, which is calculated with other data such as the Economic Census
for Business Activity. Thus, we obtain the total population in the selected meshes
(TotalPopJt ) as follows,

TotalPopJt =
∑
i∈IJ

t

wit × Popit. (1)

3The data do not include meshes such as mountainous areas where the average population is almost
zero.

4The Economic Census for Business Activity and API point of interest data include information on the
business categories of firms in their specific meshes. The National Land Numerical Information provides
information on the land use, which allows us to relate the number of people in some meshes to a specific
economic activity.
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Second, as set IJt does not necessarily include meshes that cover all the facilities
and buildings related to the industry, we define EIG as a normalized index as follows,

EIGJ
t =

TotalPopJt
TotalPopJs

× 100 (2)

where TotalPopJs indicates the total number of people at reference point of time s.
It should be noted that the number of people in meshes are available on an hourly
basis. Therefore, economic activity can be analyzed hourly or weekly, as well as on the
monthly frequency used in typical conventional statistics.

3 Mobility Data and Service Industries

This section illustrates the methodology of constructing indexes to nowcast current
economic conditions in service industries. In service industries, the number of people
in a commercial facility is likely to represent the number of its customers. Therefore, if
we count the number of people accurately, we can nowcast the number of customers
or sales in that facility.

However, it is unusual that only one type of economic activity is conducted in a
mesh. Suppose we are interested in food service industry. However, a mesh where a
restaurant is located often includes a supermarket or a department store. It is therefore
important to exclude some meshes that are affected by customers of the department
store and the supermarket in order to nowcast economic activity in the food service
industry accurately.

Against this background, in what follows we develop indexes for nowcasting eco-
nomic activity in amusement parks, shopping centers, and food service industry by
using a statistical method to get rid of noise if necessary and we investigate the plau-
sibility of the indexes by comparing them with existing conventional statistics.5

3.1 Amusement Parks

The population in amusement parks is expected to be a proxy for the number of vis-
itors. In addition, there are not many large amusement parks in Japan, which allows
us to choose meshes that cover almost all amusement parks. We sum the number of
people each day in meshes that cover the main amusement parks.

Figure 1 shows the hourly population by day of the week, indicating that the num-
ber of visitors is relatively high in the daytime on weekends as well as on Mondays and
Fridays, which correspond to the days before and after weekends. This figure shows
that the amusement park characteristic that visitors increase on weekends is captured
well by the indicator. Figure 2 shows the year-over-year rate of change of the popula-
tion in specific meshes and it appears to track the change in the number of visitors to
amusement parks obtained from Current Survey of Selected Service Industries, which
indicates that the GPS data are useful for nowcasting official statistics.

5As Chetty et al. (2020) pointed out, when we use alternative data for economic analysis, we need to
modify biases arising from the system changes of data providers. Following the literature, we also modified
discontinuity that arises from changes in the data collection process of the data provider.
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3.2 Shopping Center

As a shopping center (SC) usually has a large site area, it is easy to extract meshes
most related to consumption in SCs by excluding meshes where the hourly popula-
tion is affected by other economic activities. First, we extract meshes that include the
addresses of shopping centers listed by the Japan Council of Shopping Centers (3,203
meshes). Then, we exclude meshes including stations because the hourly population
in stations is affected by many other economic activities rather than simply consump-
tion in shopping centers. We also exclude meshes where the average population on
weekends is smaller than that on weekdays, in order to exclude meshes with facili-
ties such as offices. After this process, the number of selected meshes will be 2,361
meshes.

Figure 3 shows the average hourly population by day of the week in the selected
meshes, indicating that the number of visitors increases in the afternoon on weekends
and at 6 p.m. on Fridays. This pattern implies that the population captures the number
of visitors to the shopping centers well. In fact, as shown in Figure 4, the year-over-
year growth rate of the population from 10 a.m. to 8 p.m. shows similar patterns with
those of sales at shopping centers, which are collected by Japan Council of Shopping
Centers. The result shows that mobility data are useful for capturing consumption.
However, we should note that the index based on the population does not capture
fluctuations before and after the consumption tax rate hike in October 2019. This
suggests that mobility data may not capture changes in the consumption value per
person.

3.3 Food Service Industry

In the food service industry, a site area of each restaurant is expected to be relatively
small in general, compared to the size of a mesh. In addition, commercial facilities
such as pubs are located in areas where various different activities are conducted. This
complicates the selection of meshes in the food service industry. Given these char-
acteristics, we take the following three steps to identify meshes whose population
represents activity in the food service industry. First, following Mizuno et al. (2020), in
order to exclude residential areas, we extract meshes where the daytime population
is greater than 80% of nighttime population (27,595 meshes). Second, we count the
number of restaurants within a 300m radius from the center of each mesh and choose
meshes where the number is greater than 300.6 In addition, we exclude meshes that
include stations. The number of extracted meshes then becomes 758. Third, we cate-
gorize those meshes into five clusters by using a k-medoids method and then exclude
clusters of meshes whose hourly population appears to be affected by other economic
activities.7

Figure 5 illustrates the hourly population by cluster on weekdays, indicating that
cluster 1 (435 meshes) has peaks at noon and 7 p.m. This pattern suggests that the
population in cluster 1 successfully captures the visitors to restaurants. On the other
hand, the population in other clusters has a peak at 3 p.m., which implies that the

6We use Gurunavi API to count the number of restaurants within a 300m radius from the center of each
mesh.

7k-medoids is a partitioning method of clustering that splits the data points into k clusters by choosing
a medoid of a cluster so that its average dissimilarity to all the objects in the cluster is minimal.
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population in those meshes mainly includes workers in offices. As shown in Figure
6, the year-over-year changes in the population of cluster 1 and the consumption
index in food services from JCB Consumption NOW show similar fluctuations over
time. In addition, the correlation between them is higher than the correlation with
the population before clustering as shown in Table 1. Note that even if we exclude the
data in March 2020 when the consumption sharply declined because of the shortened
hours of restaurants due to the pandemic, the correlation remains high. This indicates
that the indicator successfully captures consumption in the food service industry even
in normal times.

For the above analysis on the three sectors in the service industry, some may point
out that after the pandemic, the number of visitors to commercial facilities in service
industry has drastically declined, which increased the correlation between sales and
the population. Therefore, some may claim that a high correlation in turbulent times
does not guarantee high nowcasting performance in normal times. However, we only
use data up to March 2020 when the effect of the pandemic on consumption was
limited and show that even before the serious deterioration of the pandemic, the indi-
cator demonstrates a high correlation with other statistics. This result implies that the
indicators are a useful tool for nowcasting economic conditions in a timely manner
not only in turbulent times when the economic situation could suddenly change, but
also in normal times.

4 Mobility Data and Manufacturing Industry

In this section, we outline our methodology for using mobility data for nowcasting
industrial production. Generally speaking, production in the manufacturing industry
is determined by many different factors—including the utilization rate of capital and
level of technology progress—and the impact of each factor differs across sectors.
However, irrespective of other factors, labor input is thought of as an important factor
for almost all sectors by economists.

If production can be approximated by a simple function of labor input and if the
labor input can be captured by population in factories, an indicator based on the
population would be a useful tool for nowcasting production and judging economic
conditions.

As with the service industry discussed in the previous section, provided that the
hourly population in a factory can be a proxy for labor input there, we develop indi-
cators for industrial production. In this section, first, we show a relationship between
the industrial production and labor input of conventional statistics. Then, we explain
the methodology to construct indicators for nowcasting the industrial production.

4.1 Relationship between Labor Input and Production

Following the discussion above, we check the relationship between labor input and
production before investigating the relationship between the population and produc-
tion. Table 2 shows the correlations between year-over-year growth rates of labor
input (hour × number of workers) from the Monthly Labour Survey and the index of
the industrial production, indicating that the correlations differ across sectors and they
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are high especially in the transportation equipment and the production machinery in-
dustries. For those industries, due to the strong linearity of the relationship between
production and labor input, the population data are expected to be useful for now-
casting the production if we can successfully capture the labor input by the population.
On the other hand, for other sectors including the electronic parts, devices and elec-
tronic circuits industry and the food, beverages and tobacco industry the correlations
are almost zero due to the progress of automation in factories in these industries. For
those sectors, the labor input is not a major driving factor in determining the produc-
tion level and therefore it would be difficult to nowcast production in those sectors
using mobility data.

4.2 Identifying Meshes Representing Location of Factories

By using panel data from the Economic Census for Business Activity, we specify meshes
where production takes place. More specifically, we associate factory information, in-
cluding addresses and value-added production from the Economic Census for Busi-
ness Activity with meshes and sum the population in those meshes. In addition, to
reduce noise, we use only the top ten thousand factories in the manufacturing indus-
try in terms of value-added production among factories with a site area larger than
10,000 m2.

Themain issue for identifyingmeshes related to the production activity is that most
of the factories have a site area larger than theminimum size of amesh (100m by 100m
square), but the census does not provide information on the shape of the factory.
Nevertheless, in addition to the meshes corresponding to the address of factories
in the panel data, we also need to choose additional meshes that sufficiently cover
factories in order to nowcast production with a high level of precision. To address this
issue, we employ a heuristic approach. After collectingmeshes which sufficiently cover
all areas that are expected to include factory sites, we exclude the less relevant meshes
to production activity. Specifically, we choose meshes based on the three criterion:
Sunday ratio, daytime ratio and average population. First, we use the Sunday ratio
and daytime ratio as we think those ratios are useful measures to distinguish factories
from residential areas. In fact, as shown in the upper panel of Figure 7, the Sunday
ratio is low and the daytime ratio is high in a typical factory area. On the other hand,
as shown in the lower panel of Figure 7, the Sunday ratio is high and the daytime ratio
is low in a typical residential area. Thus, the Sunday ratio and daytime ratio should
be good measures to separate factory areas from residential ones. In addition, by
excluding meshes where the population is lower than specific thresholds, we mitigate
the effects of noise arising from a small sample problem.

In this paper, considering the possibility that the meaningful thresholds of those
ratios differ across sectors, we choose a combination of thresholds for the ratios so
that the correlation between labor input and the population will be the highest. For
example, in the transportation equipment industry, the correlation achieves the high-
est value of 0.86 when we set the Sunday ratio as 0.5 and the daytime ratio as 0.6 and
the average population as 10 people, as shown in Table 3. Therefore, we use those
values as the criterion for the transportation equipment industry. Even though the
correlation between the population and the index of the industrial production differs
across sectors, the population in the selected meshes can capture the labor input on
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average, as shown in Figure 8.

4.3 Activity Indicator Based on the Hourly Population Data

In this subsection, we explain the methodology to construct a proxy for production
activity using population in the selected meshes. When we aggregate the popula-
tion in these meshes, we should note that it does not necessarily provide the best
nowcast to sum population over all hours and days. This is because the hourly popu-
lation can change even as a result of an increase in the number of workers irrelevant
to production, such as facility maintenance workers. Taking this point into account, we
investigate all combinations of choices of (1) whether we include holidays and week-
ends and (2) which hour we aggregate the population data with. Then, we figure out a
combination that provides us with the highest correlation between the indicator based
on the population and the industrial production index. Table 4 shows that the popu-
lation in the evening is an appropriate measure to capture the industrial production
on average although there is heterogeneity across sectors.

Figure 9 shows the sum of the population for the selected window of hours in
the identified meshes, indicating it traces the development of year-on-year changes
in the index of the industrial production well. In particular, in October 2019 when an
enormous typhoon hit Japan, the indicator based on the population has massively
declined in tandem with the industrial production index, which suggests that we can
nowcast the production with a high level of precision using mobility data.

Figure 10 shows the indicators based on the population by industry, indicating that
the indicators for the transportation equipment and the production machinery indus-
tries nowcast the corresponding indexes of the industrial production relatively well.
The high nowcasting performance is due to the fact that labor can explain production
because those industries both have a high level of labor intensiveness and the popula-
tion can serve as a good proxy for labor input. On the other hand, the indicator based
on the hourly population for the electronic parts and devices industry shows a poor
nowcasting performance, especially in 2019 when production substantially declined.
This is because the industry is a capital intensive sector and the population only poorly
tracks the labor input.

4.4 Extension: High-frequency Analysis

One possible extension of the analysis in the previous section is to enhance the fre-
quency of the indicator. Since the original data is hourly, it is possible to evaluate the
current economic situation in a more timely manner by changing the frequency of the
indicator to weekly or daily.

For example, Figure 11 shows the weekly production indicator, which is seasonally
adjusted by a statistical method, based on the population data for the transportation
equipment industry.8 The figure demonstrates that the indicator sharply dropped in
the week of October 20th, 2019 in tandem with the industrial production index, which
suggests that the indicator based on the population can capture the effect which the
number 19 typhoon in 2019 had on the production activity in a timely manner. This
result implies that mobility data are also helpful for capturing a sudden fluctuation of

8We use an open source software, called “Prophet,” developed by Facebook for the seasonal adjustment.
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economy even when the economy is hit by natural disasters such as heavy rains or
typhoons.

5 Conclusion

In this paper, we develop indicators to capture sales in the service industries and pro-
duction activity in manufacturing industries using the hourly population based on
smartphone mobility data.

As the hourly population in a commercial facility correlates with the number of cus-
tomers in the service industries, we develop activity indicators for amusement parks,
shopping centers, and the food service industry. We find that the indicators based
on population are useful for nowcasting activity in the service industry for which con-
ventional statistics are unable to give an understanding of economic activity in real
time. In addition, even for a sector where it is difficult to get rid of noise, we can con-
struct an indicator with high nowcasting performance by using a statistical method
such as clustering. Furthermore, in the manufacturing industry, we identify meshes
related to production activity by using factory panel data from the Economic Census
for Business Activity and by utilizing hourly and daily mobility patterns such as the
daytime ratio. Then, we sum the population in specified meshes, thereby construct-
ing indicators by industry for nowcasting. We find that we can nowcast with a high
level of precision by using the indicators for labor intensive industries including the
transportation equipment and production machinery industries.

These results suggest that mobility data are a useful tool for nowcasting macroe-
conomic activity.

We should note that the mobility data used in this paper include information on
the hourly population in a 100m by 100m mesh but do not include information on
characteristics such as age and gender of workers and consumers in the area. There-
fore, we cannot analyze consumption behavior by attribute, such as that of elderly
people, using mobility data alone. In addition, as the data used in this paper are col-
lected through smartphones, they cannot reflect the behavior of people who do not
use smartphones. Furthermore, the length of our data in terms of time series would be
short to check the plausibility of our analysis. Moreover, as we combine the population
data with the Economic Census in this paper, it is important to find other appropriate
data for a targeted sector in order to construct an effective indicator. For example,
if the relocation of a large factory from one of the selected meshes to another non-
selected mesh occurred, the indicator would drastically drop. However, the reason
for such a change cannot be found using population data alone. In such cases, we
have to use other data in order to uncover the reason for the factory relocation and
to control the effect on the indicator if needed. In addition, if we focus on production
in a sector where the production process is highly automated, the utilization rate of
capital and changes in productivity would be important determinants of production
as well as labor input estimated by the population data. Disregarding these factors
would degrade the accuracy of developed indicators. Investigating a methodology to
address this issue will be a topic for our future research.
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Figure 1: Hourly population by day of the week in amusement parks

Source: Agoop.
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Figure 2: Indicator based on the hourly population in amusement parks

Note: “Number of visitors” indicates the number of visitors to amusement parks based on the Survey of Selected Service
Industries.
Sources: Agoop; Ministry of Economy, Trade and Industry
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Figure 3: Hourly population by day of the week in shopping centers

Sources: Agoop; Japan Council of Shopping Centers; Ministry of Land, Infrastructure, Transport and Tourism.
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Figure 4: Indicator based on the hourly population in shopping centers

Note: “Sales in shopping centers” is based on the survey by Japan Council of Shopping Centers.
Sources: Agoop; Japan Council of Shopping Centers; Ministry of Land, Infrastructure, Transport and Tourism.
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Figure 5: Hourly population on weekdays by cluster for food services

Sources: Agoop; Gurunavi; Ministry of Land, Infrastructure, Transport and Tourism.
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Figure 6: Indicator based on the hourly population for the food service industry

Note: “JCB Consumption NOW” indicates a consumption index for food services based on credit card transaction data.
Sources: Agoop; Gurunavi; Ministry of Land, Infrastructure, Transport and Tourism; NOWCAST, Inc./ JCB, Co., Ltd., “JCB
Consumption NOW.”
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Figure 7: Hourly population in a typical factory area and residential area

Note: Figures show patterns of the hourly population in a typical factory area and residential area based on data on the
weeks of which the previous and following weeks have five business days as well as those weeks themselves in order to
eliminate the effect of public holidays. The left side panels show population by day of the week and the right side panels
show average population by hour on weekdays.
Source: Agoop.
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Figure 8: Population and labor input in the manufacturing industry

Sources: Agoop; Ministry of Health, Labour and Welfare.
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Figure 9: Indicator based on the hourly population for industrial production

Sources: Agoop; Ministry of Economy, Trade and Industry.
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Figure 10: Production indicator based on the hourly population by industry

Sources: Agoop; Ministry of Economy, Trade and Industry.
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Sources: Agoop; Ministry of Economy, Trade and Industry.
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Table 1: Correlations between the EIG and consumption indexes for the food service industry

Before clustering Cluster 1
up to Feb. 2020 up to Mar. 2020 up to Feb. 2020 up to Mar. 2020

Food services 0.59 0.85 0.66 0.86
Bars and pubs 0.47 0.75 0.51 0.77

Notes: The table shows the correlations between the economic indicator from GPS data (EIG) for the food service
industry and the corresponding indexes from JCB Consumption NOW based on credit card transaction data.
Sources: Agoop; Gurunavi; Ministry of Land, Infrastructure, Transport and Tourism; NOWCAST, Inc./ JCB, Co., Ltd., “JCB
Consumption NOW.” .

Table 2: Correlations between labor input and production

Industry Correlation

Production machinery 0.75 

Transportation equipment 0.72 

Fabricated metal products 0.43 

Plastic products 0.23 

Pulp, paper and paper products 0.18 

Ceramic, stone and clay products 0.15 

Electronic parts, devices and electronic circuits 0.12 

Food, beverages, and tobacco 0.05 

Note: The table shows the correlation based on year-over-year changes in the period from January 2014 to December
2019. Labor input = Total hours worked × Regular employees (from the Monthly Labour Survey).
Sources: Ministry of Economy, Trade and Industry; Ministry of Health, Labour and Welfare.
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Table 3: Criteria for Sunday and daytime ratios, and average population

Industry
Sunday ratio 

upper threshold

Day time ratio 

lower threshold

Average population 

lower threshold
Correlation

Transportation equipment 0.5 0.6 10 0.86 

Production machinery 0.1 2 40 0.69 

Information and communication electronics equipment 0.9 1 80 0.68 

General-purpose machinery 0.5 1.8 40 0.63 

Food, beverages and tobacco 0.1 1 60 0.60 

Business oriented machinery 0.5 2 10 0.54 

Non-ferrous metals and products 0.1 1.4 20 0.49 

Electrical machinery, equipment and supplies 0.1 0.8 10 0.42 

Electronic parts, devices and electronic circuits 0.9 1.4 10 0.31 

Chemical and allied products 0.9 0.6 10 0.20 

Note: Labor input = Total hours worked × Regular employees (from Monthly Labour Survey). Each ratio is calculated
using mobility data on the weeks of which the previous and following weeks have five business days as well as those weeks
themselves in order to eliminate the effect of public holidays. Sunday ratio = average population on Sunday / average
population on weekdays. Daytime ratio = average population from 9:00 a.m. to 4:59 p.m. / average population from
midnight to 4:59 a.m.
Sources: Agoop; Ministry of Health, Labour and Welfare.

Table 4: Criterion for holiday inclusion and hours

Industry

Conditions

CorrelationHolidays 

included
Start hour End hour

Transportation equipment yes 17 18 0.85 

Production machinery yes 18 21 0.82 

Iron, steel and Non-ferrous metals yes 8 12 0.78 

Electrical machinery, and information and communication electronics equipment no 16 17 0.72 

Fabricated metals no 16 19 0.71 

Plastic products yes 17 18 0.69 

General-purpose and business oriented machinery yes 10 11 0.65 

Pulp, paper and paper products no 9 10 0.61 

Ceramics, stone and clay products yes 14 15 0.55 

Electronic parts and devices yes 8 9 0.36 

Chemicals no 16 17 0.35 

Foods and tobacco no 22 23 0.30 

Note: “Start hour” and “end hour” indicate the start and end time of the selected sample window, respectively. For example,
the row with a “start hour” of 18 and “end hour” of 21 means the data taken from 18:00 to 21:59.
Sources: Agoop; Ministry of Health, Labour and Welfare.
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Data
Collected by smart phone apps in Japan.
The number of people who stayed in a mesh
A mesh is defined as 100m×100m square.
20 mil. Meshes in total.

Hourly data from Jan. 2017 to Mar. 2020.
Combine with other POI data

• Economic Census
 Factory addresses, number of employees, sales, etc.

• National Land Numerical Information
 Coordinates of stations and airports, and use of lands.

• Information provided by private companies
 Coordinates of facilities of interest (e.g. restaurants) based 

on their names and addresses.
2

Mesh
ID

Year month day hour populat
ion

XX 2017 1 1 0 1

XX 2017 1 1 1 2

XX 2017 1 1 2 30

ZZ 2020 3 31 20 1

ZZ 2020 3 31 23 10

34 bil. records in total



Amusement parks and shopping malls

3

Hourly population by day of  the week
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Restaurants
Small size for each one but the number of restaurants is enormous.

Located in areas where many various different activities are conducted. 

1. Focus on non-residential areas based on the ratio of population in daytime 

2. Use Grunavi (restaurant guide service) API and extract meshes that include more than 300 restaurants 

3. Cluster the selected meshes into 5 groups, using k-medoids

4
Sources: Agoop; Gurunavi; Ministry of  Land, Infrastructure, Transport and Tourism; NOWCAST, Inc./ JCB, Co., Ltd., “JCB Consumption NOW.”

Hourly population on weekdays by cluster Indicator based on the hourly population

0

20

40

60

80

100

6 8 10 12 14 16 18 20 22

Cluster 1
Average of cluster 2 - 5

-15

-10

-5

0

5

10

Jan-18 Apr-18 Jul-18 Oct-18 Jan-19 Apr-19 Jul-19 Oct-19 Jan-20

Cluster 1

JCB Consumption NOW

P.M.3 = 100 y/y % chg.

hour



Production: Identifying meshes representing factories
1. Among factories listed in Economic Census for Business Activity whose area are 

above 10,000 ଶ, select top 10,000 factories in terms of value-added.
2. We collect candidate meshes around the registered address by using 

information on its area.
3. Focus on several features (Sunday ratio, etc.) to remove unrelated ones.
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For each industry, grid 
search three thresholds 
(day time ratio, Sunday 
ratio, and average 
population) such that the 
correlation between 
population and labor 
input (from official 
statistics) is highest.



Mobility data and labor input
Aggregating population over all hours and days does not necessarily 

approximate labor inputs well.
e.g. fluctuations can be driven by facility maintenance workers.
Grid search three parameters (start and end time, and whether 

including weekends) to determine the best time window.
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Mobility data and industrial production

7
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Extension: High-frequency Analysis

We construct weekly index by 
aggregating our indices at the 
weekly level and removing 
seasonal effects. 

The index capture the impact of 
Typhoon Hagibis on production in 
late Oct. 2019. 
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