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Abstract: The purpose of this study was to identify the walkable streets where traffic behavior
changed according to each residential cluster during the COVID-19 pandemic. By elucidating the
changes, it is possible to identify streets that should be redesigned following the changes in traffic
behavior in relation to human mobility. This study analyzed Ibaraki City, a suburban city located in
the Osaka Metropolitan Area. The analysis compared the panel data of the GPS Location History
for April 2020 and April 2019. The analysis method used was Empirical Bayesian kriging. The
results show that the speed significantly increased in the dense, sprawl, mountain, and old NT
clusters. It was also found that the number of cyclists increased during the COVID-19 pandemic.
The results suggest a need to design walkable streets according to each residential cluster for the
post-COVID-19 pandemic era. For example, some car lanes need to be converted to bike lanes in the
main neighborhood to create walkable streets in the clusters.

Keywords: walkability; COVID-19 pandemic; traffic behavior; human mobility; GPS location history
data; Empirical Bayesian kriging; Osaka metropolitan area; SARS-CoV-2

1. Introduction
1.1. Background: Walkable Neighborhoods during the COVID-19 Pandemic

A significant social problem in Japan is population decline, with a rapidly increasing
number of older adults. For an aging society, walkability in Japanese cities needs to
improve [1]. Walkability is defined as a property of a residential environment that promotes
walking or cycling with safety, comfort, and the attractions of daily life [1]. Therefore, it is
a “new normal” lifestyle to live within walking distance, changing from driving cars to
walking or cycling. Improving walkability is expected to contribute not only to the health
of residents [2,3] but also to the ecological footprint as a part of urban sustainability [4].
Improving the cities’ walkability is an essential issue in many countries worldwide, such
as China, where the number of older adults has increased rapidly.

Since January 2020, the Coronavirus Disease 2019 (COVID-19) pandemic has been
drastically changing our lifestyles. It has been found that the most crucial feature of severe
acute respiratory syndrome coronavirus-2 (SARS-CoV-2) is its transmission via droplets [5].
Therefore, it was suggested that changing human mobility was the most effective way to
prevent the spread of SARS-CoV-2 infection [6]. Therefore, cities worldwide requested or
demanded that people refrain from leaving their homes, except for essential items. Many
Japanese people have begun to live the “new normal,” such as refraining from commuting
to work [7]. Due to these changes, it was reported that many people did not use public
transportation [8]. On the other hand, the World Health Organization (WHO) [9] has
advised people to walk or cycle due to a lower risk of SARS-CoV-2 infection. In the United
Kingdom, it was confirmed that an increasing number of people have begun to cycle [10].
According to the change in traffic behavior in relation to human mobility, it is necessary to
redesign the neighborhood environment because the COVID-19 pandemic is expected to
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continue in the medium-to-long term. Designing walkable neighborhoods is one way that
urban planning can contribute toward the “new normal” necessitated by the pandemic.

1.2. Purpose: Walkable Streets Where Traffic Behavior Has Changed

The purpose of this study was to examine walkable streets where traffic behavior
has changed according to each residential cluster during the COVID-19 pandemic. By
elucidating the changes, it is possible to identify streets that should be redesigned following
changes in traffic behavior. For this purpose, this study analyzed the panel data of the GPS
Location History (LH data) for April 2020 and April 2019. The reason for analyzing April
2020 was that the Japanese government [11] declared a state of emergency for a month
from 7 April 2020. The Japanese state of emergency is called the “soft lockdown” [12].
This is because the Japanese government restricted the activities of companies and other
organizations, but not of individuals. Therefore, most of the citizens could go out at least
minimally, even under the state of emergency declaration. Therefore, it is useful and
meaningful to compare 2019 and April 2020 in order to analyze lifestyle behaviors during
the COVID-19 pandemic in Japan. These LH data are GPS data obtained from mobile
phones. Google [13] released mobility reports for some prefectures, such as the Osaka
prefecture, regarding its GPS data. In the prefectures, the Mizuno Laboratory [14] identified
unexpectedly populated areas in suburban cities using mobile GPS surveys. Therefore, this
study analyzed Ibaraki City in Osaka Prefecture. Ibaraki City is a suburban city located
in the Osaka Metropolitan Area. People can travel from Ibaraki City to Osaka City in
about 30 min because of the city’s extensive train network. The population of Ibaraki
City is approximately 280,000. Its area is 10 km east–west and 17 km north–south. Like
other cities, it experienced an increase in the number of SARS-CoV-2 infections during the
lockdown period.

1.3. Novelty: Traffic Behavior Change during the COVID-19 Pandemic

There are some types of technology to monitor and assess the COVID-19 countermea-
sures, such as Bluetooth-based contact tracing, GPS-based tracking, symptom checks and
self-diagnosis, and trustworthy information for the public [15]. As they help to predict the
spread of SARS-CoV-2 infections, human mobility studies using GPS data have attracted
much attention. Studies on smartphone GPS data were popularized by González et al. [16],
who pointed out that this location data can be used to understand people’s movement
patterns. In Japan, Seike et al. [17] pointed out the possibility of GPS big data for urban plan-
ning. For example, Yamaguchi et al. [18] analyzed living behavior changes during normal,
disaster, and recovery periods, using the Kumamoto earthquake disaster as an example.
For the COVID-19 pandemic, in China, the spatial distribution of SARS-CoV-2-infected
people has been verified using human mobility data from Wuhan [19]. In the United States,
it was confirmed that the mobility pattern correlates with a decrease in the number of
infected people [20]. In Tokyo, it was reported that human mobility decreased by more
than 50% in April 2020 [21]. The novelty of this study is in elucidating the changes in traffic
behavior in relation to human mobility at the street scale in neighborhood environments.
The results allow us to investigate specific designs for streets.

Regarding the changes in traffic behavior at the street scale, this study focused on
the concept of walkability. In New York, it was found that the higher the walkability of
districts, the lower the number of SARS-CoV-2 infections and deaths [22]. In Houston and
parts of Seattle, it was found that the number of people who walked and rode bicycles
increased with the government’s stay home order [23]. Toward the design of walkable
neighborhoods, the mayor of Paris, Anne Hidalgo, proposed the realization of a 15-min
city by 2024, where people could live without using cars [24], and there has been progress
in research toward the realization of this [25]. Ways to increase walkability have been
suggested, such as diversifying land use, improving street connectivity, and decreasing
traffic accidents and crimes [26]. As streets are spaces where people move by walking
and cycling, the design of streets needs to be considered in order to increase walkability
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and to help prevent SARS-CoV-2 infections [27]. Some measures have been implemented
in London, such as converting car lanes into bike lanes. The novelty of this study is in
identifying the streets where specific traffic behavior has changed to a focus on walking
and cycling during the COVID-19 pandemic. The results of this study allow us to consider
the design of a new neighborhood environments after the COVID-19 pandemic era.

This manuscript consists of five chapters based on an IMRAD format as follows:
materials and methods in Section 2; results in Section 3; discussion in Section 4; and
conclusions in Section 5.

2. Materials and Methods
2.1. GPS Location History Data

This study used LH data. The LH data comprised GPS location history data obtained
at regular intervals, approximately every 15 min, depending on the mobile phone type
(Figure 1). The data were collected by obtaining consent from mobile phone users who
installed particular applications regarding the type of data to be collected, the purpose
of use, provision to third parties, and privacy policy. Additionally, users could stop
sending the GPS location data by changing their mobile phone’s basic settings. The
data were obtained through contracts between Agoop Corporation and the Graduate
School of Life Science at Osaka City University, where the authors work. This study was
approved by the Agoop Corporation, which provides anonymized data. Governments
and municipalities have used GPS data provided by Agoop Corporation for the control
of COVID-19 infection [28]. In addition, Kato [29] developed an effective method to
identify high-density space-time, using GPS LH data provided by the Agoop Corporation.
Therefore, the GPS LH data used in this study was validated as high-quality GPS data
used in policymaking and research to control the pandemic. The LH data represent
approximately 4.2% of Ibaraki City’s population. In Japan, the Agoop Corporation collects
daily mobile phone location data and provides anonymized data for research purposes [30].
Using the LH data, this study complies with the “Guidelines for the Use of Device Location
Data,” common regulation for location data in Japan [31].Sustainability 2021, 13, x FOR PEER REVIEW 4 of 20 
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Figure 1. Schematic outlining the collection of LH data.

The LH data mainly comprised the following variables: daily ID, user ID, year, month,
day, day of week, hour, minutes, latitude, longitude, OS (Android/iOS), country, GPS
accuracy, speed, mesh ID, estimated transportation means, and gender. User IDs are
anonymized 96-digit alphanumeric codes that include information which protects personal
privacy, such as names, ages, and addresses. The user ID is also a permanent ID that is
assigned to each device and enables panel data analysis. This study used year/month/day,
latitude/longitude, speed, and transportation means from among these variables, and
extracted data on people living in Ibaraki City. Therefore, data relating to people who only
passed through Ibaraki City, for example, people traveling from Osaka to Tokyo by train or
car, were excluded.
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Using the LH data, this study performed panel data analysis during the state of
emergency. This study compared panel data for one month from the intervention date
of April 2020, when the government declared a state of emergency, with data from April
2019, one year before. Many cities worldwide were also in lockdown in April 2020. On
7 April 2020, Osaka Prefecture requested that people stay at home and cancel events [32].
Compliance with these requests led to the gradual narrowing of residents’ home ranges.
Therefore, it was valid to analyze the periods of April 2019 and April 2020 in this study.

2.2. Empirical Bayesian Kriging

In this study, the Empirical Bayesian kriging (EBK) method was used. Since LH
data contain low-accuracy location data, EBK can evaluate changes in streets effectively,
rather than being another interpolation method, such as a natural neighbor and IDW. The
EBK is a kind of interpolation method which predicts the values of unmeasured areas
according to the values of surrounding points based on the premise that multiple data
distributed in space have a spatial correlation. There are two types of interpolation method:
deterministic and geostatistical. The kriging method is a geostatistical method. Analysis
using the variogram function, which is a probabilistic interrelationship, is more effective at
evaluating LH data since the LH data include speed and latitude/longitude data with low
accuracy. Kriging was initially developed as a method for mining science [33]. Nowadays,
kriging is used to predict the distribution area of PM2.5 [34] and the spreading area of
SARS-CoV-2 infections [35]. Compared to the ordinary kriging method, EBK has the
advantage of being able to estimate the distribution following the observed facts without
the need to assume normality in the observed data as a kind of machine learning for
prediction [36–38]. Therefore, EBK can get robust results using the variability of the data,
like the sensitivity analysis.

Using EBK, six phases were organized, as shown in Figure 2. Figure 2 contains the
data flow chart, which is used in each phase. For phase 1, the LH data observed in April
2020 and April 2019 were plotted separately. For phase 2, the EBK was performed using LH
speed data in April 2020 and April 2019. The speed distribution map (EBK-Speed map) that
was interpolated by EBK was calculated for April 2020 and April 2019. In the EBK-Speed
map, red means faster speed areas, and blue means slower speed areas. For phase 3, the
EBK-Speed-Change map was calculated using the differences in raster data between the
EBK-Speed map in April 2020 and the EBK-Speed map in April 2019. For phase 4, the scores
of each street endpoint in the EBK-Speed map and the EBK-Speed-Change map in April
2020 and April 2019 were calculated. For phase 5, by calculating the average value of the
two street endpoints, the scores of each street’s EBK-Speed data and EBK-Speed-Change
data were calculated. In other words, the street score was calculated from the average
value of the edges of endpoint scores on the street. The width of each street was classified
into five categories: W < 3 m, 3 m ≤ W < 5.5 m, 5.5 m ≤ W < 13 m, 13 m ≤ W < 19.5 m, and
19.5 m ≤ W [39]. The designation of each road was as follows: W < 3 m signified narrow
streets, 3 m ≤ W < 5.5 m signified neighborhood streets, 5.5 m ≤ W < 13 m signified main
neighborhood streets, 13 m ≤ W < 19.5 m signified arterial streets, and 19.5 m ≤ W signified
main arterial streets. For phase 6, the average value of the EBK-Speed data and EBK-Speed-
Change data of the neighborhood association, which included the center point of the street,
was calculated. In other words, the neighborhood association score was calculated from the
average value of the center points of street scores in the neighborhood association. Finally,
the validity of the changes was verified from the estimated transportation means of the
LH data.

2.3. Urban Ecological Analysis

This study clarified the types of residential clusters in the Osaka Metropolitan area
using urban ecological analysis. This analysis was based on the neighborhood association
(NA) scale, which is same as the zip code.
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According to the Local Autonomy Act in Japan, the NA scale is the smallest scale of
community governance determined by the local government. NA has played essential
roles as the foundation for consensus on community welfare based on local relationships.
Urban ecological analysis analyzes spatial patterns using an inductive method with a wide
range of statistical data [40]. Kato et al. [1] evaluated the effectiveness of urban ecological
analysis by categorizing residential clusters in the northern part of the Osaka metropolitan
area. Kato [4] analyzed the types of clusters using urban ecological analysis in the Osaka
metropolitan area, the same region studied in this paper. The validity of the analysis was
also assessed [41]. This research consisted of five steps, as detailed in Appendix A.

The residential clusters are shown in Figure 3. The locations of those residential
clusters are classifieAd into three categories by the criteria of the urbanized area ratio (%)
and the average distance from the center (km), which is written in Table A1. Central areas
are the inner-city (84.5%, 19.3 km) and business center clusters (86.2%, 34.5 km). Suburban
areas are the dense (77.1%, 31.2 km), public housing (72.4%, 26.7 km), non-residential
(55.2%, 43.9 km), sprawl (66.2%, 38.2 km), high-rise residential (61.8%, 25.9 km), old New-
Town (NT) (59.1%, 26.7 km), and suburban agriculture clusters (21.3%, 63.1 km). Rural
areas are the mining industry (45.1%, 59.9 km), agriculture (23.6%, 71.6 km), mountain
(40.7%, 56.1 km), and rural clusters (24.9%, 52.1 km). The infrastructure typology of each
residential cluster was also analyzed based on the average land use area (m2), which is
written in Table A2. Rice field and farmland areas are large in mining industry (18,644 m2),
agriculture (423,887 m2), mountain (24,012 m2), suburban agriculture (180,632 m2), and
rural clusters (81,475 m2). The housing areas are large in inner-city (47,374 m2), dense
(46,892 m2), public housing (61,492 m2), sprawl (34,236 m2), high-rise residential (72,499 m2)
and old NT clusters (48,441 m2).

This study analyzed the clusters of Ibaraki City in the Osaka Metropolitan Area,
examining the average EBK-Speed of each cluster in April 2019 and April 2020. This study
also analyzed the average EBK-Speed change of each cluster. In Ibaraki City, an important
transportation center in the northern part of the Osaka metropolitan area, the EBK-Speed
is influenced by the locations of highways and train railroads. Figure 3 shows that there
are two railroads and two highways entering from the south of Ibaraki City.
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3. Results
3.1. EBK-Speed Map

EBK-Speed maps were created for April 2020 and April 2019, as shown in Figures 4 and 5,
respectively. The analysis was done as part of phase 2, as depicted in Figure 2. In
Figures 4 and 5, the classification of the gradations was determined according to the fol-
lowing criteria in terms of the moving speed: 1.0 m/s (= 3.6 km/h) for the speed at
which an older adult or a child walks, 3.0 m/s (= 10.8 km/h) for the speed at which a
cyclist travels slowly, 5 m/s (= 18.0 km/h) for the speed at which a cyclist usually travels,
8.33 m/s (= 30.0 km/h) for the speed at which cars drive slowly, and 16.67 m/s (= 60.0 km/h)
for the legal speed limit for road vehicles, including cars.

Figures 4 and 5 show the speed of each region in detail. For example, it was found
that the speed was high on train railways and highways, and was fast along the arterial
streets where cars and tracks run. In contrast, in residential areas, the speeds were slow.
This was because walking and cycling were the main modes of travel in residential areas.
Next, the EBK-Speed maps for April 2019 and April 2020 were compared. The results show
that in April 2020, the areas with a slow-cycling speed (1.0–3.0 m/s) decreased, and the
areas with a faster-cycling speed (3.0–8.33 m/s) increased.

In order to validate the results, the EBK-Speed-Change map was analyzed, as shown
in Figure 6. The analysis was done as part of phase 3, as depicted in Figure 2. The data in
Figure 4 were subtracted from the raster data of April 2020 EBK-Speed map and the raster
data of the April 2019 EBK-Speed map.

Figure 6 shows that the changes in EBK-Speed were related to the types of residential
clusters. For example, the change was larger in mountainous areas. However, in the
residential area, it was found that the speed decreased along the street but increased inside
the residential area.
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3.2. EBK-Speed-Change of Each Residential Cluster

The EBK-Speed data of each NA was analyzed for each residential cluster. The resi-
dential clusters were identified using the urban ecological analysis described in Section 2.3.
The analysis was done as part of phase 6, as depicted in Figure 2. The results are plotted as
a box-plot diagram in Figure 7. As shown in Figure 7, significant differences in the average
values of April 2019 and April 2020 were analyzed by the student’s t-test.

Figure 7 shows six residential clusters whose speed in April 2020 had significantly
changed from April 2019: the inner-city, dense, sprawl, mountain, old NT, and rural
clusters. Of the six clusters, two decreased significantly in speed, namely, the inner-city
and rural clusters. The other four clusters increased significantly in speed.

For these six residential clusters, the median value of the speed of April 2020 was
focused on. Figure 7 shows that the median value was a slow-cycling speed (1.0–3.0 m/s)
in the inner-city, dense, sprawl, old NT, and rural clusters. In contrast, in the mountain
cluster, the median value was a slow-car speed (5.0–8.33 m/s).

For the six clusters with significant differences, the EBK-Speed-Change data were
analyzed for each street width of the residential cluster in Figure 8. Figure 8 shows the 95%
confidence intervals as error bars. The analysis was done as part of phase 5, as depicted in
Figure 2. Figure 7 shows the error bars for the 95% confidence interval. Figure 8 shows
the streets, with significant differences in the average values of each residential cluster
analyzed by Tukey’s HSD test of the one-way ANOVA.

The results are discussed for each residential cluster. Figure 8 shows that the streets
where the average speed changed significantly for each cluster were the narrow streets
(W < 3 m), the neighborhood streets (3 m ≤ W < 5.5 m), and the main neighborhood streets
(5.5 m ≤ W < 13 m). However, although there was a change in speed between the arterial
streets (13 m ≤ W < 19.5 m) and the main arterial streets (19.5 m ≤ W), there was no
statistically significant difference between the clusters. For the narrow streets, the speed
decreased significantly in the inner-city cluster, while it significantly increased in the dense,
sprawl, mountain, and old NT clusters. Among them, the speed increased significantly in
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the mountain cluster. For the neighborhood streets, the speed significantly decreased in the
inner-city cluster, while it significantly increased in the dense, sprawl, mountain, and old
NT clusters. Finally, for the main neighborhood street, the speed significantly decreased in
the inner-city cluster, while it significantly increased in the sprawl, mountain, and old NT
clusters. The results suggest that, on narrower streets such as the neighborhood streets,
the speed significantly decreased in the inner-city cluster but significantly increased in the
dense, sprawl, mountain, and old NT clusters.
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3.3. Mobility Change of Each Residential Cluster

Finally, the validity of the changes was verified using the estimated transportation
means of the LH data. The estimated transportation means were the data that were
independently estimated by the Agoop Corporation, which provided the LH data. Since
only about 9% of the total number of logs was estimated, the data were used to validate
the results in Section 3.2. Therefore, the estimated transportation means of the LH data
in each NA for April 2019 and April 2020 were analyzed for each residential cluster. The
log types of the estimated transportation means were walking, cycling, train, and car.
The stop logs with the estimated transportation means were not analyzed. This section
provides the analysis results for the inner-city, dense, sprawl, mountain, old NT, and rural
clusters. Since the total number of logs differed between April 2019 (307,810 logs) and
April 2020 (324,986 logs), this section provides the results of the analysis of the amounts
of LH data for each estimated transportation. The means of April 2019 and April 2020
were divided by the total number of logs of April 2019 and April 2020. Figure 9 shows the
average values of the transportation means of the NA between April 2019 and April 2020
for each residential cluster. As shown in Figure 9, the residential clusters with significant
differences in the average values of transportation mean in 2019 and 2020 were analyzed
by the student’s t-test.
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The results are discussed for each of the estimated transportation means. Figure 9
shows that the number of walking logs decreased, except for the rural cluster. The number
of walking logs significantly decreased in the dense, sprawl, and old NT clusters. In
contrast, Figure 9 shows that the number of cycling logs increased in all the residential
clusters. In the dense, sprawl, mountain, and old NT clusters, the number of cycling logs
increased significantly. Next, Figure 9 shows that the number of train logs decreased in all
residential clusters. Of these, there were no residential clusters in which the number of train
logs changed significantly. Finally, Figure 9 shows that the number of car logs decreased,
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except for the rural cluster. Of these, the number of car logs significantly decreased in the
sprawl and mountain clusters.

4. Discussion

This study identified the streets where traffic behavior changed during the COVID-19
pandemic. The results were calculated via EBK using the LH data and were analyzed
for each residential cluster. The results are summarized in Table 1. Specifically, during
the COVID-19 pandemic, the speed significantly decreased in the inner-city and rural
clusters. In the inner-city cluster, the speed decreased on the narrow, neighborhood,
and main neighborhood streets. However, in the rural cluster, the speed decreased on
the narrow streets. In contrast, during the COVID-19 pandemic, the speed significantly
increased in the dense, sprawl, mountain, and old NT clusters. In the dense cluster, it
was found that the speed increased significantly on the narrow and neighborhood streets,
with a significant decrease in walking, but a significant increase in cycling. In the sprawl
cluster, it was found that the speed increased significantly on the narrow, neighborhood,
and main neighborhood streets, with a significant decrease in walking and driving but a
significant increase in cycling. In the mountain cluster, the speed increased significantly
on the narrow, neighborhood, and main neighborhood streets, with a significant decrease
in driving but a significant increase in cycling. Finally, in the old NT cluster, the speed
increased significantly on the narrow, neighborhood, and main neighborhood streets, with
a significant decrease in walking but a significant increase in cycling.

Table 1. Human mobility changes in each residential cluster.

Cluster Speed Change
(Figure 7)

Streets
(Figure 8)

Transportation Means
(Figure 9)

Inner-city cluster Decreased

Narrow streets (decrease in speed)
Neighborhood streets (decrease in speed)

Main neighborhood streets (decrease in speed)

Dense cluster Increased
Narrow streets (increase in speed)

Neighborhood streets (increase in speed)
Walking (decrease in logs)
Cycling (increase in logs)

Sprawl cluster Increased

Narrow streets (increase in speed)
Neighborhood streets (increase in speed)

Main neighborhood streets (increase in speed)

Walking (decrease in logs)
Cycling (increase in logs)

Car (decrease in logs)

Mountain cluster Increased

Narrow streets (increase in speed)
Neighborhood streets (increase in speed)

Main neighborhood streets (increase in speed)

Cycling (increase in logs)
Car (decrease in logs)

Old NT cluster Increased

Narrow streets (increase in speed)
Neighborhood streets (increase in speed)

Main neighborhood streets (increase in speed)

Walking (decrease in logs)
Cycling (increase in logs)

Rural cluster Decreased Narrow streets (decrease in speed)

The results suggest that the number of people who rode bicycles increased during the
state of emergency was declared as part of the “new normal” lifestyle. Since the LH data do
not include personal information, such as age and addresses, it will be necessary to clarify
the characteristics of those who switched to cycling in future research. However, there
are three possible reasons for the increase in cycling. First, people avoided using public
transport. The number of scheduled buses was reduced due to the risk of SARS-CoV-2
infection in public transportation [42]. Second, people exercised by cycling. During the
COVID-19 pandemic in Japan, it was reported that more and more people traveled by
bicycle to alleviate the lack of exercise [43]. For example, Ibaraki City promoted cycling
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as a leisure activity in mountainous areas [44]. The third reason was the increase in food-
delivery services. During the COVID-19 pandemic, the number of services such as Uber
Eats that deliver restaurant meals by bicycle increased [45]. In Ibaraki City, there was a
local service called “IBAR EATS” in operation [46]. For these reasons, it is thought that the
number of people cycling increased rapidly.

5. Conclusions

In the future, walkable streets need to be designed according to each residential cluster
for the post-COVID-19 pandemic era. For example, in the dense, sprawl, and old NT
clusters, some car lanes need to be converted to bike lanes on the main neighborhood
streets (5.5 m ≤ W < 13 m). The National Association of City Transportation Officials
(NACTO) [27] proposed that streets be redesigned during the COVID-19 pandemic. For
example, there are more and more cases where pop-up bike lanes are effectively used to
improve cycling networks (e.g., [47]). In the short term, pop-up bike lanes are effective
in improving cycling networks. In the long term, in addition to the construction of bike
lanes, comprehensive measures such as cycling parking, media campaigns, and cycling
skill training are adequate for the cycling networks. Chapman et al. [48] pointed out
that the cost-effectiveness of the comprehensive measures is 11.0. Therefore, in Japan
as well, it will be include effective comprehensive measures such as the construction
of bike lanes, cycling parking, and cycling skill training in the long term. However, in
Japan, few municipalities have improved their cycling networks. This is because many
bicycle lanes cross many municipalities, making it difficult for each municipality to develop
them independently. Therefore, it is hoped that the central government will promote the
construction of bike lanes to local municipalities as infrastructure development projects for
the COVID-19 pandemic. Figure 10 shows a cycling network in Ibaraki city that author H.K.
photographed in April 2021. In Ibaraki, the police department reported that the number
of injuries in traffic accidents related to cycling increased, from 235 people in January–
December 2019 to 259 people in January–December 2020 [49]. An increasing number
of accidents was also reported in New York City [50]. An enriched living environment
can be achieved by designing neighborhoods where people can ride bicycles safely. It
also enables older adults to walk safely on pedestrian paths because bicycles will no
longer ride on the pedestrian path. Paris [24] proposed 15-min cities, and Portland [51]
proposed 20-min neighborhoods. Japan, with its aging society, also needs to redesign its
cities strategically. Walkable neighborhoods, which are easy to traverse by walking or
cycling, will not only improve the health of older adults, but will also create cities with
low environmental footprints. It is expected to contribute to Goal 11 of the Sustainable
Development Goals (SDGs): “Make cities and human settlements inclusive, safe, resilient
and sustainable.” The COVID-19 pandemic has indeed accelerated the enrichment of
neighborhood environments.

In April 2021, the government declared a state of emergency in Osaka Prefecture for
the third time. Besides, the number of new variants of SARS-CoV-2 has been increasing.
Therefore, it is expected that we will continue to live in coexistence with the virus during
the pandemic for some years. The limitation of this research is that we only compare April
2019 and April 2020. This limitation means that this study only clarified that the number of
bicycles increased during the COVID-19 pandemic. In addition, this study cannot analyze
the data after the COVID-19 pandemic. In other words, we cannot deny the possibility of a
very specific result during the state of emergency in Ibaraki City. Research on the design of
walkable streets needs to be continued in the future, increasing the research periods after
the state of emergency.
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Appendix A

Urban ecological analysis analyzes spatial patterns via an inductive method using a
wide range of statistical data [33]. The analysis consisted of five steps.

First, the standardization of the 53 indicators used for the NA scale, the 2015 Japanese
census was analyzed [16,34]. The 53 indicators were census data such as “population under
15 years old” and “households who live in detached houses” (Appendix A). Next, the
standardized composition ratio Rk

x was calculated by standardizing each indicator’s data,
which is the distribution of data among the 53 indicators using Equation (A1):

Rk
x =

Xk
xi − Xxmin

Xxmax − Xxmin
, (A1)

where Xk
xi is the number of NA i for indicator x in the residential area k, Xxmin is the

minimum value of NA i for indicator x, and Xxmax is the maximum value of NA i for
indicator x.

http://cgisj.jp
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Third, the principal component was analyzed using Rk
x. The social survey data were

deemed reliable because the Cronbach’s α coefficient of the principal component analysis
was 0.985. Cronbach’s alpha is the measure of reliability and internal consistency of
data. Fourth, using the Kaiser criterion, seven principal components were extracted. The
obtained data were deemed reliable because the total variable amount of these seven
principal components was 78.8%. Finally, using their seven principal component scores,
residential clusters were categorized via hierarchical cluster analysis.

In addition to the urban ecological analysis, this study analyzed the urbanized area
ratio and the average distance from the center. The urbanized area ratio was analyzed
using the National Land Information Download Service [52]. The urbanized area ratio
is the ratio of the residential areas that were designated as urbanized areas by their local
governments. The average distance from the center of the metropolitan area, Umeda
in Osaka city, Karasuma in Kyoto city, and Sannomiya Station in Kobe City was then
calculated. Then, by analyzing the Rki, urbanized area ratio and the average distance from
the center of each indicator for each residential cluster, each cluster’s name was determined
(Table A1). Finally, the cluster classification was verified by analyzing the average land use
area (m2) by the data of the Numerical Map 5000 in Japan [53] (Table A2), and by looking
at a part of the sites in Ibaraki City (Figure A1).
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Table A1. The Rki of each indicator for each residential cluster (Table A1 features the same data as Table A.1 in Kato [4]).
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Number of residential areas in the cluster (N) 1937 5472 728 672 889 7403 297 4998 628 7251 2546 2914 1033
Urbanized area ratio (%) 84.5 86.2 45.1 77.1 72.4 55.2 23.6 66.2 61.8 40.7 59.1 21.3 24.9

Average distance from the center (km) 19.3 34.5 59.9 31.2 26.7 43.9 71.6 38.2 25.9 56.1 26.7 63.1 52.1
Population under 15 years old (%) 0.06 0.01 0.03 0.06 0.05 0.00 0.04 0.02 0.09 0.01 0.03 0.01 0.10

Population between 16 and 64 years old (%) 0.09 0.02 0.04 0.09 0.08 0.00 0.06 0.03 0.12 0.01 0.05 0.02 0.14
Population over 65 years old (%) 0.10 0.02 0.04 0.07 0.12 0.00 0.09 0.04 0.11 0.01 0.05 0.03 0.15

Population of foreigners (%) 0.09 0.02 0.02 0.04 0.07 0.00 0.01 0.02 0.03 0.00 0.01 0.00 0.05
Population who live in their own houses (%) 0.09 0.02 0.04 0.07 0.05 0.00 0.07 0.03 0.13 0.01 0.05 0.02 0.15
Population who live in public housing (%) 0.01 0.00 0.00 0.01 0.12 0.00 0.01 0.00 0.01 0.00 0.00 0.00 0.01

Population who live in private rented houses (%) 0.10 0.02 0.02 0.10 0.02 0.00 0.02 0.03 0.05 0.00 0.02 0.00 0.07
Population who live in houses for employees (%) 0.02 0.00 0.01 0.08 0.01 0.00 0.01 0.01 0.02 0.00 0.01 0.00 0.02

Population who live in shared houses (%) 0.08 0.02 0.02 0.05 0.03 0.00 0.04 0.03 0.06 0.01 0.03 0.01 0.09
Households who live outside of houses (%) 0.00 0.00 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01

Households who live in detached houses (%) 0.07 0.02 0.05 0.05 0.03 0.00 0.10 0.04 0.09 0.02 0.06 0.03 0.19
Households who live in traditional nagaya houses (%) 0.08 0.01 0.02 0.03 0.02 0.00 0.02 0.03 0.02 0.00 0.01 0.00 0.07

Households who live in apartments (%) 0.08 0.02 0.02 0.08 0.10 0.00 0.01 0.02 0.08 0.00 0.02 0.00 0.04
Households who live in 1- or 2-storey buildings (%) 0.05 0.02 0.04 0.07 0.02 0.00 0.04 0.05 0.05 0.00 0.03 0.01 0.16
Households who live in 3- to 5-storey buildings (%) 0.05 0.01 0.01 0.07 0.11 0.00 0.01 0.02 0.05 0.00 0.01 0.00 0.03
Households who live in 6- to 10-storey buildings (%) 0.06 0.01 0.01 0.06 0.04 0.00 0.00 0.01 0.05 0.00 0.01 0.00 0.02

Households who live in 11(or more)-storey buildings (%) 0.03 0.00 0.00 0.02 0.04 0.00 0.00 0.00 0.04 0.00 0.01 0.00 0.00
Population who work in agriculture and forestry (%) 0.00 0.00 0.01 0.00 0.00 0.00 0.13 0.00 0.01 0.01 0.00 0.03 0.03

Population who work in a fishery (%) 0.00 0.00 0.01 0.00 0.00 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00
Population who work in the mining industry (%) 0.00 0.00 0.09 0.00 0.00 0.00 0.05 0.00 0.00 0.00 0.00 0.00 0.01

Population who work in the construction industry (%) 0.08 0.01 0.04 0.06 0.07 0.00 0.07 0.04 0.09 0.01 0.04 0.02 0.15
Population who work in the manufacturing industry (%) 0.05 0.01 0.03 0.07 0.05 0.00 0.05 0.03 0.08 0.01 0.03 0.02 0.12
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Population who work in the electricity, gas, and water supply
industries (%) 0.01 0.00 0.01 0.02 0.01 0.00 0.01 0.01 0.03 0.00 0.01 0.00 0.03

Population who work in the information industry (%) 0.08 0.01 0.02 0.08 0.04 0.00 0.01 0.02 0.12 0.00 0.04 0.00 0.06
Population who work in the transport industry (%) 0.08 0.02 0.03 0.07 0.10 0.00 0.05 0.04 0.09 0.01 0.04 0.02 0.14

Population who work in the retail industry (%) 0.09 0.02 0.03 0.08 0.07 0.00 0.06 0.03 0.12 0.01 0.04 0.02 0.13
Population who work in the financial industry (%) 0.06 0.01 0.02 0.08 0.04 0.00 0.03 0.02 0.12 0.00 0.04 0.01 0.08

Population who work in the real estate business (%) 0.09 0.02 0.03 0.08 0.06 0.00 0.02 0.03 0.12 0.01 0.04 0.01 0.08
Population who work as researchers or professionals (%) 0.06 0.01 0.02 0.07 0.04 0.00 0.03 0.02 0.11 0.01 0.04 0.01 0.07

Population who work in the service industry (%) 0.09 0.02 0.03 0.07 0.07 0.00 0.06 0.03 0.09 0.01 0.04 0.01 0.12
Population who work in the entertainment industry (%) 0.06 0.01 0.02 0.05 0.05 0.00 0.04 0.02 0.07 0.01 0.03 0.01 0.09

Population who work in education (%) 0.06 0.02 0.03 0.08 0.04 0.00 0.05 0.02 0.13 0.01 0.05 0.02 0.10
Population who work in the medical/welfare industry (%) 0.07 0.02 0.03 0.07 0.07 0.00 0.06 0.03 0.11 0.01 0.04 0.02 0.13

Population who work in a joint service industry (%) 0.05 0.01 0.05 0.06 0.05 0.00 0.18 0.03 0.09 0.02 0.04 0.05 0.18
Population who work in another service industry (%) 0.09 0.02 0.04 0.08 0.10 0.00 0.06 0.04 0.11 0.01 0.04 0.02 0.14

Population who work as civil servants (%) 0.02 0.00 0.01 0.05 0.01 0.00 0.02 0.01 0.04 0.00 0.01 0.01 0.04
Population who work at home (%) 0.08 0.02 0.04 0.06 0.04 0.00 0.18 0.03 0.07 0.01 0.03 0.05 0.13

Population who work in their own city (%) 0.06 0.01 0.04 0.07 0.06 0.00 0.07 0.03 0.07 0.01 0.03 0.02 0.14
Population who work in other cities (%) 0.07 0.01 0.03 0.07 0.06 0.00 0.04 0.02 0.11 0.01 0.04 0.01 0.10

Population who work in other wards of their own cities (%) 0.07 0.01 0.01 0.01 0.03 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00
Population who work in other cities of their own prefectures (%) 0.03 0.00 0.02 0.07 0.05 0.00 0.05 0.03 0.09 0.01 0.04 0.01 0.12

Population who work in other prefectures (%) 0.03 0.01 0.02 0.07 0.03 0.00 0.01 0.01 0.15 0.00 0.05 0.01 0.05
Population who go to school in their own city (%) 0.04 0.01 0.02 0.06 0.04 0.00 0.04 0.02 0.07 0.01 0.03 0.01 0.09

Population who go to school in other cities (%) 0.07 0.01 0.03 0.06 0.06 0.00 0.04 0.03 0.14 0.01 0.05 0.01 0.11
Population who go to school in other wards of their own cities (%) 0.07 0.02 0.01 0.01 0.03 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00

Population who go to school in other cities of their own prefectures (%) 0.04 0.01 0.03 0.06 0.06 0.00 0.06 0.03 0.13 0.01 0.05 0.02 0.13
Population who go to school in other prefectures (%) 0.04 0.01 0.02 0.06 0.03 0.00 0.03 0.02 0.16 0.01 0.05 0.01 0.08
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Population who have lived in the area since birth (%) 0.07 0.02 0.05 0.06 0.05 0.00 0.13 0.04 0.10 0.02 0.04 0.05 0.17
Population who have lived in the area for 1 year (%) 0.06 0.02 0.02 0.10 0.05 0.00 0.03 0.03 0.07 0.00 0.03 0.01 0.08

Population who have lived in the area for the past 5 years (%) 0.06 0.01 0.02 0.08 0.06 0.00 0.03 0.02 0.08 0.00 0.03 0.01 0.09
Population who have lived in the area for the past 10 years (%) 0.07 0.01 0.03 0.07 0.07 0.00 0.04 0.03 0.12 0.01 0.04 0.01 0.11
Population who have lived in the area for the past 20 years (%) 0.08 0.02 0.03 0.07 0.08 0.00 0.05 0.03 0.15 0.01 0.05 0.01 0.13

Population who have lived in the area for over 20 years (%) 0.07 0.02 0.04 0.05 0.08 0.00 0.08 0.03 0.09 0.01 0.05 0.02 0.15
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Table A2. The land use area of each indicator for each residential cluster.
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Public facilities land (m2) 39,637 18,936 24,393 65,205 32,639 40,830 32,143 33,208 41,080 17,951 23,897 19,784 34,391
Low-rise residential land (m2) 32,789 13,485 35,363 28,848 19,301 3504 111,001 26,419 48,553 17,373 39,973 41,492 72,239
High-rise residential land (m2) 9053 1632 4380 14,971 39,734 583 525 3654 21,313 807 4928 701 6887

Park green land (m2) 11,649 5947 9426 10,631 14,580 13,580 41,421 7421 14,513 7716 7405 15,447 17,434
Commercial facilities land (m2) 17,635 7810 10,736 20,405 10,950 11,914 31,938 11,282 13,067 6388 7436 14571 24,132

Dense residential land (m2) 5531 1619 5025 3073 2458 265 4379 4163 2633 1325 3540 933 11,780
Mountain forest land (m2) 109,634 205,136 419,545 196,341 56,359 652,836 2,742,099 66,609 216,845 676,535 272,460 2120,660 628,045

Industrial land (m2) 6192 3303 7430 8553 5245 18,729 34,147 7846 5047 5513 3327 12,189 15,315
Rice field (m2) 4655 3102 11,091 5342 3631 10,420 248,038 5034 3573 14,977 3650 107,506 46,223
Farm land (m2) 3541 1619 7553 2688 3490 3963 175,850 4020 3076 9034 2929 73,126 35,252

Vacant land (m2) 7493 3565 9145 11,319 7761 7413 60,975 6932 12,634 6345 9059 23,757 23,063
developing land (m2) 275 745 3244 283 64 5920 3203 1890 355 1699 2028 5318 2704
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