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Abstract
This study examines the potential of mobile phone location data for measuring working
hours. We compare hourly population estimates from Mobile Spatial Statistics with card-
reader attendance records of teachers at Japanese public high schools. The analysis shows
a strong correlation between location-based indicators and actual working hours. Mobile
data provide more accurate proxies in areas with few residents, where background noise
is limited, and in schools with many employees. These results suggest that large-scale
mobility data can serve as a valuable resource for labor research when direct

administrative records are not accessible.
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1. Introduction

Working hours are one of the central indicators in economics, and their accurate
measurement is crucial for estimating labor productivity and hourly wages (Nekoei, 2022).
Excessive working hours may also reduce productivity (Pencavel, 2015), harm physical
and mental health (Cygan-Rehm et al., 2018), and lower overall life satisfaction
(Hamermesh et al., 2017), highlighting the importance of proper work-time management.
Nevertheless, most contemporary studies rely on self-reported survey data, which are
costly to collect, infrequent, and potentially subject to systematic bias (Baum-Snow &
Neal, 2009; Nekoei, 2022). To enable more precise empirical analyses and the design of
effective policies, it is therefore essential to develop high-frequency, accurate, objective,
and broadly applicable methods for measuring working hours that allow for comparisons
across sectors.

This study examines the applicability and limitations of mobile phone location data
for measuring working hours. Since the COVID-19 pandemic, location data from mobile
devices have been increasingly used to capture human activity (e.g., Alexander & Karger,
2023; Couture et al., 2022; Monte, 2020). Much of this research focuses on visits to
specific places or social interactions (e.g., Liang et al., 2022; Mas & Koshimura, 2024).
More recently, several studies have gone further by using location data as proxies for
economic activities such as consumption in commercial districts (Cepparulo, 2025) or
workplace attendance (Arai et al., 2023; Sakuma et al., 2024). Nevertheless, as a relatively
new data source, the scope and validity of mobile location data remain insufficiently
understood.

To address this gap, we use card-reader records of teacher attendance at public high

schools in Osaka and Sakai as a benchmark. Specifically, we compare the number of



teachers on school premises by time of day, based on attendance records, with population
estimates derived from mobile phone location data around each school. This comparison
allows us to assess under what conditions location data can reliably approximate actual

working hours.

2. Data and settings

The mobile phone location data used in this study are obtained from NTT DOCOMO,
Inc., Japan’s largest mobile network operator, and consist of hourly population estimates
known as Mobile Spatial Statistics (MSS). These estimates are generated from the
continuous and automatic aggregation of location information from approximately 85
million subscriber devices operating on the NTT DOCOMO network. Unlike GPS-based
systems, MSS rely on cellular base station signals. As a result, data collection does not
depend on installing or activating specific applications; as long as a device is powered on,
its presence can be captured. Japan is divided into grids of 500 x 500 meters, and for each
grid the estimated population is reported on an hourly basis. In major metropolitan areas,
population estimates are also available at the finer resolution of 250 X 250 meters. MSS
has been widely used in studies on Japan because of its high temporal and spatial
granularity, accuracy, and representativeness (e.g., Arai et al., 2023; Kuroda et al., 2025;
Sakuma et al., 2024). Further details and technical descriptions of the MSS can be found
in the NTT DOCOMO Technical Journal (NTT DOCOMO, Inc., 2013).

Our analysis focuses on Osaka and Sakai, the core cities of Osaka Prefecture, the
second largest metropolitan area in Japan after Tokyo. We use MSS data at 500-meter and
250-meter resolutions for 2019-2021. The 500-meter data are available for all dates and

hours, whereas the 250-meter data are restricted to July—August and 13 hours per day



(6:00-10:00 and 15:00-23:00). We analyze three representative periods—pre-COVID-19,
early pandemic, and mid-pandemic—to capture changes in workplace attendance
behavior. Since population levels remain stable during daytime (10:00—-15:00) and late
night (23:00—-6:00), working patterns can be effectively observed by focusing on morning
(6:00-10:00) and evening (15:00-23:00) hours.

In addition, we obtained attendance data for 46 public high schools from the Osaka
Prefectural Board of Education. These records are based on card-reader entries and exits,
and in principle cover all teachers and staff. We aggregate them to construct hourly
measures of the number of teachers present at each school. It should be noted that card-
reader attendance records do not capture work performed outside school premises, such
as tasks at home or business trips, and therefore do not represent teachers’ total working
hours. However, the focus of this study is to assess how effectively mobile location data
can approximate time spent at the workplace. Thus, this limitation is not critical for our
analysis.

Fig. 1 shows the 500-meter grid boundaries and the locations of public high school
premises in Osaka and Sakai, the study area. As the figure illustrates, school premises
sometimes span multiple grids. To address this, we allocate the MSS-based population
estimates to each school according to the proportion of its area within each grid, thereby
constructing an indicator of the surrounding population. We then assess how well this
indicator reflects the actual number of teachers present at school, thereby examining the

potential applicability of mobile location data in studies of working hours.
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Fig. 1. Public high school premises and 500-meter grid boundaries in the study area
Note: This figure shows the 500-meter grid boundaries and the locations of public high
school premises in Osaka and Sakai. Colors indicate the correlation coefficients between

MSS-based population indicators and teacher attendance records.



3. Methods

We begin with a simple comparison between the surrounding population, estimated
from MSS, and the number of teachers present at school, measured by card-reader
attendance records. Although the original data are available at an hourly level, we mainly
use daily averages to facilitate visualization.! To make the two measures comparable,
both variables are standardized using the full sample period. Plotting the standardized
values allows for a visual inspection of their correlation. In addition, we calculate school-
level correlation coefficients and use them for the analysis.

To examine which geographic, neighborhood, and school characteristics are

associated with the applicability of location data, we estimate the following specification.

Cor; = a+ BG; + ySN; + ¢; (D

where the dependent variable, Cor;, is the correlation coefficient between MSS-based
population estimates and attendance-based teacher counts at the school—day level. We use
three versions of this measure: (i) the 24-hour average at the 500-meter resolution, (ii) the
peak-time average (6:00—10:00 and 15:00-23:00) at the 500-meter resolution, and (iii)
the peak-time average at the 250-meter resolution.

The vector G; captures the spatial relationship between school premises and MSS
grids, including the number of overlapping grids, the share of the dominant grid, and the

share of area outside the premises. These variables allow us to assess how technical

! Results are nearly identical when using hourly instead of daily data.



features of the data affect the measurement of workplace attendance. The vector SN;
represents school and neighborhood characteristics, such as school size (number of
teachers), daytime—nighttime population ratio, population density, and the number of
establishments. This specification allows us to assess the extent to which technical
constraints—such as the relationship between grids and school premises or data
resolution—and school and neighborhood characteristics—such as school size or local
population density—affect the reliability of location data in measuring working hours.
Descriptive statistics of the variables used in the analysis are reported in Appendix Table

Al.

4. Results

Fig. 2 presents standardized daily indices of teacher attendance and surrounding
population based on mobile phone location data for July—August in 2019, 2020, and 2021.
The indices are constructed from 500-meter all-day averages at the school level and then
standardized across schools. Both series exhibit clear declines during weekends and the
mid-August summer holiday, confirming the plausibility of the data. Although the two
indicators diverge at times, the visual evidence suggests that location-based measures
closely track attendance records overall. Appendix Figure A1 shows similar results using
hourly data, indicating that the findings do not depend on the level of temporal
aggregation and that mobile indices can meaningfully capture working hours.

To examine whether spatial resolution matters, Fig. 3 compares attendance records
with MSS-based indices at 500-meter and 250-meter grids, focusing on peak-time
averages (6:00—10:00 and 15:00-23:00). The 250-meter series appears marginally closer

to actual attendance, but the difference is small, implying that even 500-meter grids can



adequately capture work attendance behavior.
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Fig. 2. Standardized daily school attendance and surrounding population

Note: This figure plots standardized daily values of teacher attendance (clock-in records)
and surrounding population (mobile data index) from July 1 to August 31 for 2019, 2020,
and 2021. The vertical axis represents standardized values (Z-scores), and the horizontal
axis shows calendar dates. The blue solid line represents attendance records, and the

orange dashed line represents the 500-meter MSS population index.
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Fig. 3. Standardized daily attendance and surrounding population at peak times
(500m vs. 250m grids)

Note: This figure plots standardized daily values of teacher attendance (clock-in records)
and surrounding population indices derived from MSS at the 500-meter and 250-meter
grid resolutions. The data cover July 1 to August 31 for 2019, 2020, and 2021. The vertical
axis represents standardized values (Z-scores), and the horizontal axis shows calendar
dates. Unlike Figure 2, which uses all-day averages, this figure focuses on peak-time
periods (6:00-10:00 and 15:00-23:00) to compare the performance of different spatial
resolutions. The blue solid line represents attendance records, the orange dashed line
represents the 500-meter MSS population index, and the light blue dotted line represents

the 250-meter MSS population index.

Fig. 2 and 3 report averages across all schools. However, the reliability of mobile
indices may vary depending on school and neighborhood characteristics. Fig. 4 shows the

distribution of school-level correlation coefficients between attendance records and MSS-



based indices. Most correlations are positive, yet there is considerable heterogeneity
across schools. While resolution and aggregation time do not substantially alter the
average fit, the distribution suggests that finer spatial units, such as 250 meters, may yield
stronger correlations with actual attendance.

Table 1 explores the determinants of these school-level correlations. Geographic
factors related to the alignment between school premises and grid boundaries show little
explanatory power. By contrast, the day—night population ratio around schools has a
significant effect: mobile indices perform better in areas with fewer non-working
residents. Because mobile data capture all individuals regardless of employment status,
high residential density introduces noise and weakens the signal. Consequently, schools
located in areas with limited unrelated population activity are more accurately represented

by location-based measures.
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Fig. 4. Distribution of school-level correlations between attendance records and MSS

population indices



Note: This figure shows histograms of school-level correlation coefficients between
MSS-based population estimates and teacher attendance records. Three variants of the

MSS population index are used: the 500-meter all-day mean, the 500-meter peak-time
mean (6:00-10:00 and 15:00-23:00), and the 250-meter peak-time mean. The vertical

axis indicates the number of schools, and the horizontal axis represents correlation

coefficients.

500m 500m 250m
All day Peak hours  Peak hours
@) 2 €))
Geographic characteristics
School site area -44.2 -31.3 -45.3
(112.8) (123.7) (329.9)
Number of overlapping meshes 10.90 7.27 2.76
(29.6) (32.5) (21.7)
Dominant mesh share 0.252 0.585 0.129
(0.354) (0.389) (0.298)
Residual mesh area -40.9 -27.2 -41.6
(111.7) (122.6) (328.2)
School and neighborhood characteristics
Number of teachers 0.007 0.010 0.008
(0.005) (0.005) (0.005)
Day/night population ratio 0.246* 0.241%* 0.210%*
(0.096) (0.106) (0.099)
Population -0.009 -0.003 0.003
(0.061) (0.066) (0.064)
Number of Businesses -0.011 -0.0004 0.004
(0.048) (0.053) (0.052)
Observations 46 46 46
Adjusted R-squared 0.2808 0.2846 0.1919

Table 1. Regression results on school-level correlation coefficients

Note: This table reports the estimation results of equation (1), examining how geographic,

10



school, and neighborhood characteristics affect the correlation between MSS-based
population indices and teacher attendance records. The dependent variable is the school-
level correlation coefficient, calculated using three variants of MSS data: the 500-meter
all-day mean (column 1), the 500-meter peak-time mean (column 2), and the 250-meter
peak-time mean (column 3). Standard errors are reported in parentheses. An asterisk (*)

indicates statistical significance at the 5% level.

5. Conclusion

This study contributes to the economic literature by evaluating the applicability of mobile
phone location data for measuring working hours, using high-frequency and accurate
administrative attendance records as a benchmark. Because such data are objective,
temporally detailed, and collected without imposing additional costs on workers, they can
partly overcome long-standing limitations of conventional labor statistics, such as
missing records and self-reporting biases, whether intentional or unintentional. At the
same time, the usefulness of location data is bounded by the nature of work. It is
particularly suitable for industries where physical presence at the workplace is essential—
such as education, healthcare, agriculture, retail, and construction—but it cannot
adequately capture remote work, which has become more prevalent since COVID-19.
From a policy perspective, these findings suggest that mobile location data could serve
as a complementary source of evidence for monitoring workplace conditions in sectors
where administrative records are limited, thereby supporting the design of more effective

labor market policies.
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Appendix
Table Al. Descriptive statistics of school-level correlation, geographic

characteristics, and neighborhood attributes

Mean Std. Dev. Min. Max.
Work records—mobile data correlation
500m (all-day mean) 0.247 0.368 -0.566 0.843
500m (peak-time mean) 0.288 0.404 -0.478 0.898
250m (peak-time mean) 0.369 0.371 -0.266 0.890
Geographic characteristics
School site area (km?) 0.032 0.010 0.014 0.063
Number of overlapping meshes (500m) 2.109 0.994 1.000 4.000
Number of overlapping meshes (250m) 3.348 1.037 1.000 5.000
Dominant mesh share (500m) 0.817 0.193 0.378 1.000
Dominant mesh share (250m) 0.657 0.193 0.334 1.000
Residual mesh area (km?, 500m) 0.527 0.263 0.230 1.038
Residual mesh area (km?, 250m) 0.190 0.068 0.032 0.296
School and neighborhood characteristics
Number of teachers 59.348 11.445 27.000 79.000
Day/night population ratio 1.248 0.877 0.670 4.877
Population (x1000) 2.977 1.688 0.003 6.081
Number of Businesses (x100) 1.486 1.642 0.112 9.270
Total number of high schools 46

Note: This table reports descriptive statistics for the 46 public high schools in the study
area. The first panel shows correlations between teacher attendance records and MSS-
based population indicators at different spatial and temporal resolutions. The second
panel summarizes school-level geographic characteristics, including site area, the number
of overlapping meshes, and the share of the dominant mesh. The third panel presents
school and neighborhood attributes, such as the number of teachers, local population, and

the number of businesses.



Figure Al. Hourly patterns of school attendance and surrounding population
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Note: This figure plots standardized hourly values of teacher attendance (clock-in
records) and surrounding population (mobile data index) from July 15 to August 15 for
2019, 2020, and 2021. The vertical axis shows standardized values (Z-scores), and the
horizontal axis represents dates (hours). While the main analysis in this study is based on
daily variables, this figure uses hourly data to illustrate the dynamics of workplace

attendance and location-based population measures.
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