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Abstract

:

The COVID-19 pandemic has profoundly affected the spatial mobility of a major part of the population in many countries. For most people, this was an extremely disruptive shock, resulting in loss of income, social contact and quality of life. However, forced to reduce human physical interaction, most businesses, individuals and households developed new action lines and routines, and were gradually learning to adapt to the new reality. Some of these changes might result in long-term changes in opportunity structures and in spatial preferences for working, employment or residential location choice, and for mobility behavior. In this paper we aim to extend the time-geographic approach to analyzing people’s spatial activities, by focusing on health-related geographical mobility patterns during the pandemic in Sweden. Starting from a micro-approach at individual level and then looking at an aggregate urban scale, we examine the space-time geography during the coronavirus pandemic, using Hägerstrand’s time-geography model. We utilize a massive but (location-wise) fuzzy dataset to analyze aggregate spatiotemporal impacts of the COVID-19 pandemic using a contemporary time-geographical approach. First, we address micro-level behavior in time-space to understand the mechanisms of change and to illustrate that a temporal drastic change in human mobility seems to be plausible. Then we analyze the changes in individuals’ mobility by analyzing their activity spaces in aggregate using mobile phone network data records. Clearly, it is too early for predicting long-term spatial changes, but a clear heterogeneity in spatial behavior can already be detected. It seems plausible that the corona pandemic may have long-lasting effects on employment centers, city roles and spatial mobility patterns.
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1. Introduction


The COVID-19 pandemic has left deep traces in all societies. It has not only uncovered serious vulnerabilities in our health care systems—with unprecedented and devastating consequences for the life of millions of people—but it has also caused one of the most far-reaching negative shocks in all economies of the world. The combined effects of these two perturbations—on both human health and socio-economic welfare—have penetrated all corners of society, ranging from migration to education, from entertainment to retailing and from culture to spatial mobility of people. Worldwide we see an enormous rise in the number of geographical studies that aim to map out the negative impacts of the pandemic. Two major issues appear to prompt much critical research attention, namely the historical perception of cities as carriers of positive agglomeration advantages and the “flying carpet” idea that unrestrained spatial mobility is an appreciable good (see also [1,2]). In the present contribution we reflect on whether and to which extent the COVID-19 pandemic provokes a reconsideration of the centrality function of cities as magnets for human activity, in particular regarding centripetal and centrifugal mobility flows of people.



The awareness is growing that the emergence and spread of the coronavirus is closely related to the geography of our urbanized world. It is increasingly recognized that COVID-19 hotspots have clearly distinguishable geographical features related among others to urban density patterns (often in older urban districts), spatial proximity factors (with a low degree of social distancing), socio-economic segmentation (white collar home office employees vs. blue collar workers at work or commuting), health risks of collective forms of transport (e.g., mass transit) and new space-time patterns of work and leisure.



The corona times have in most countries shown new patterns of people’s mobility [3,4,5,6,7], in particular disappearance of (or drastic reduction in) typical morning and evening peak traffic, rising popularity of slow-motion forms of traffic (in particular, walking and (e-) biking; see e.g., [8,9,10]) and an overall shift in route and mode choice (e.g., a dramatic fall in the use of public transport [11]). It is noteworthy that spatial proximity among individuals is increasingly seen as a potential health threat, with far reaching consequences for spatial mobility and spatial interaction choices. This perceived health threat manifests itself in two ways: (i) a relative shift to individualized modes of transport, in particular, cars, and bicycles; (ii) an absolute decline in general mobility (e.g., staying at home for online work, decline in shopping, entertainment and social life, as a result of “soft”, “intelligent” or “hard” lockdown measures, e.g., [4]).



In the light of the above sketch of emerging issues regarding the ”new geography of corona”, the present paper has the following aims: (i) to explore and map out the shifts in Swedish mobility patterns in corona times, by using advanced geo-information and digital information methods; (ii) to employ the complex space-time mobility profile of people during corona times from a daily activity-space perspective, in which corona restrictions (perceived or imposed) are examined as drivers of change in spatial mobility and behavior; (iii) to position our empirical space-time geography research on the pandemic impacts in the tradition of Hägerstrand’s [12] seminal work on differentiated aggregate bundles of spatial behavior of individuals, using a contemporary, digital data based extension of his concepts.



The remaining part of the paper is organized as follows. Section 2 offers a more extensive sketch of the relationship between the emergence and spread of the corona virus on the one hand and the complex geographical implications for spatial behavior on the other hand. Section 3 provides a concise empirical description of various spatial mobility changes in corona times, while Section 4 presents a methodological and empirically based overview of the first findings of our research in Sweden, using a standard deviational ellipse approach. A presentation of further empirical results is contained in Section 4, while Section 5 concludes.




2. Setting the Scene


2.1. COVID-19: A New Challenge in Geographical Research


During the COVID-19 pandemic the world population has been subjected to enforced social experiments in the form of restricted spatial mobility and in-person social interaction. It was clearly detrimental to many people and businesses. However, for some people the involuntary exposure to new ways of living and working potentially opened unforeseen options and opportunities. People had to learn to perform various tasks digitally and remotely, acquiring new skills and familiarity with information and communication technologies (ICT) [13]. Businesses developed strategies for minimizing the amount of work force in employment locations, substitution of ICT for travel and flexible and staggered work schedules. After being forcefully exposed to these possibilities, various households and businesses might be willing to adopt these behaviors for the long term, even if only partly. With businesses seeing new opportunities and adopting some of the innovative approaches, the pandemic might prompt the next development leap. Even in the best-case scenario—if COVID-19 were completely eradicated—there will likely be some lasting effects following the social innovations, the new technological and other developments, options and opportunities. This will have an aggregate structural effect on the cities’ form and infrastructure development in the long term. Therefore, we focus here on the spatial implications of these changes. A reasonable scenario would be that COVID-19 will stay for a longer time with us, although with the development of vaccines there will be a dynamic in vaccinating the population to mitigate the spread of the virus. This uncertain future will likely cause a long-term and more drastic change in spatial behavior of humans, including residential choice, mobility, and employment preferences.



In this paper, we consider possible implications of the “new normal”, based in particular on observations and analyses from the Swedish mobile phone data before and during the spring-2020 infection peak (see Figure 1). Phone data have been used extensively to trace mobility patterns in urban areas both in Sweden [14,15] and internationally [16,17] in later years, and the data are particularly advantageous in picking up the behavior for larger quantities during disaggregate timeframes. While we cannot yet predict the long-term spatial changes, we can already detect an emerging heterogeneity in spatial behavior. Mobility patterns are an external expression of people’s behavior. Changes in mobility due to the pandemic shock have something to do with changing opportunity structures and preferences, and thus have something to do with people’s health preferences and wellbeing. Therefore, analysis of their revealed spatiotemporal behavior can give more insights into people’s health- and wellbeing concerns.



Figure 1 distinguishes three modal choices (cars, walking and public transport) and maps out the changes in aggregate mobility for each of these three modes over the time span of the pandemic in 2020. It is easily seen that the time patterns related to the outbreak and infection waves show a largely similar picture. The consequences for public transport appear to be most drastic. Furthermore, the mobility decline appears to be less pronounced in the second corona wave than in the first wave.



To analyze the changes in spatial behavior, this paper employs a time-geographical approach. In his seminal work, Hägerstrand [12] coined time geography (TG) as an approach to understand spatiotemporal behavior bottom-up, starting from the constraints of individuals by looking at their space-time trajectories and connecting their behavior with the macro-level aggregate patterns [12,18]. Hägerstrand defined three types of constraints, that limit individuals’ choices in time-space: capacity constraints (related to needs such as sleeping/resting, eating, etc.), authority constraints (external limitations such as restricted locations or services), and coupling (in relation to others) constraints [12]. While TG constraints are interrelated, the main focus during the COVID-19 pandemic might be on the coupling constraints, in particular, the coupling (and un-coupling, as it happens) of spatiotemporal activities of several individuals (e.g., avoiding close contact with others). Those factors affect the capability constraints (e.g., by the use of ICT to substitute travel) and authority constraints (e.g., restrictions on crowding).



Another question meriting time-geographic consideration is whether changes in mode of travel (e.g., from mass transit to private cars) might lead to an adverse increase in traffic volumes despite the reduced commuting. In particular, Ellegård [18] in her book on TG, pre-dating the pandemic, writes about possible consequences of ICT use for e-shopping of food and the resulting demand for transportation of goods: “the paradoxical conclusion is that while ICT is claimed to reduce travel, it might lead to increased transportation”. She then called for an urgent analysis of the issues involved. Since Hägerstrand [12] much has been written about methods and applications of TG, including big data driven analyses of trajectories [19,20], disruptions in urban transport systems [21], and spatiotemporal fuzzy aggregate methods [22].



The coronavirus pandemic can be seen as a unique world-wide natural experiment in TG. Therefore, we divide our TG approach into pre-, during-, and post-pandemic temporal frames. At the time of the writing, the post-pandemic period is still far over the horizon. Instead, we look at the data during a temporary trough in the pandemic intensity, which may comprise a relaxation of restrictions and subsequent relaxed attitudes in behavior. From this we try to extrapolate to possible post-pandemic spatial mobility scenarios.



This paper contributes to the “new geography of corona” by applying a time-geographic data-driven analysis of mobility patterns within the natural experiment of the COVID-19 pandemic and with a focus on health-induced spatial behaviors of people.



Spatial behavior, such as daily mobility, has been shown to affect livability and wellbeing of individuals [23]. A TG approach to understanding such effects can be adopted by analyzing activity spaces of people. Several recent studies have linked activity space to health and wellbeing. For example, a smaller activity space might on the one hand be explained by social exclusion or mobility deprivation, but on the other hand might be characteristic to walkable dense urban areas [24]. In the context of our empirical research on Swedish households, we exemplify their activity spaces prior to and during the coronavirus pandemic, using GPS data and mobile phone trajectories of volunteers, while employing model scenarios of their possible post-corona spatiotemporal behavior. We also look at the activity spaces aggregated to location from the whole mobile phone dataset (more than 1 million anonymized phones). In general, GPS tracks have been widely used in TG analyses [25,26,27]. Mobile phone data have also extensively been employed for activity space analyses [28] and impact assessments of aggregate mobility on accessibility [29]. Social media and phone data are also commonly used to observe commuting and leisure mobility patterns [30,31,32]. Almost a decade ago Ellegård and Svedin [33] highlighted the connection between travel, spread of infectious diseases, and the importance of studying those in a time-geographical framework. In the present paper we exploit the unfortunate pandemic for good as a unique opportunity—a natural experiment on people’s mobility. While Klapka et al. [34] highlighted the importance of time geographic techniques to analyze the changes in spatiotemporal behavior following the COVID-19 pandemic and the promise of mobile phone data for research, to the best of our knowledge, there are no TG studies on this issue to date.



Information and Communication Technologies (ICT) has been widely adopted to supplement or substitute mobility for a significant share of the population during the pandemic [35]. We focus our TG approach on characterizing the mobility changes from pre- to during the pandemic. ICT use has been shown to fragment people’s activities [36]. Before and during the pandemic, wide-spread effects of ICT-related fatigue have been shown, especially for older adults [37]. Moreover, partial or total work-from-home (WFH) routines were shown to affect wellbeing and happiness with possible optimum amounts—perhaps people might be willing to work for up to 2–3 days at home [38]. This raises the question: what are the implications of changes in spatial mobility following increased working from home, especially if some of the pandemic behaviors persist long-term.




2.2. Aggregate Mobility Changes


New futures of a post-corona era are widely debated in the current literature (e.g., [2,39]), wondering for instance whether the pandemic heralds the long-awaited shock that will finally change the pace of our lives. Some households are already taking long-term spatial decisions [40] based on the pandemic life situations, such as migrating to residential locations that are rural or simply more distant from their employment center. Even though no strict restrictions were imposed in Sweden, real estate price increase for smaller dwellings [41] might indicate changing residential preferences. Residence location choice involves optimizing housing opportunities following a trade-off between the household preferences, what they can afford, and shortest distances to the main centers of activity for each household member (work, school, etc.). The trade-off ratios between these factors might have changed as a result of the corona crisis. Households might reduce the importance of commuting distance to work in favor of other priorities (green healthy nature, proximity to kids’ education, hedonic arguments, social contacts, etc.). Surveys already show that employment seekers, especially knowledge workers, seem to prioritize the possibility to work from home and flexible schedules rather than how prestigious is the business [42,43]. Clearly, there is quite some heterogeneity in locational preferences (e.g., based on age, marital status etc.), while there are also significant distributional effects involved (e.g., blue vs. white collar workers, income differences etc.). In our analysis we can only observe the “top of the iceberg”, but nevertheless this already reveals interesting changes in patterns.





3. Materials and Methods


3.1. Data and Research Area


In our empirical research we employ the MIND database on mobile phone usage as registered by one of the major telecommunications companies in Sweden. MIND contains information about phone-activities (calling, texting, etc.), as well as geocoded information about the location of the phones. The information is pseudonymized which in this case means that all information that can be connected to an individual has been removed, and that the phone is represented by a scrambled ID. The geolocation of each phone is time stamped and recorded by the location of the cell tower providing the service. Thus we can locate the area in which the phone is active, but we cannot use the geocoded information to identify the building or block in which the individual is active. Ethical guidelines allow us to monitor phones for a maximum of 24 h, which allows us to follow the pseudonymized phones during a full day. The activities that are stored in the database comprise all phone-to-mast activities including switching between masts as the phone moves. Our database MIND represents mobility patterns before and during the pandemic. In this paper, the idea is to explore the binned and fuzzy mobility patterns conceptually as an approach to understand aggregate time-geography, and to monitor the changing patterns from a pre-pandemic stage to the patterns we find during the pandemic.



The recorded mobility patterns of phones are not solely determined by the mobility patterns of the phone users but are affected by the density patterns of cell towers across the landscape. Thus, with relative ease we can identify mobility patterns in larger urban areas, but in rural areas (whose phone-service may be provided by one large cell-tower) no or little mobility can be detected due to cell tower scarceness. In order to make valid interpretations regarding the changing patterns of mobility before and during the pandemic, we have selected phones in the greater Stockholm-Uppsala region where the distribution of cell-towers is densely distributed. This region is home to approximately 2.5 million inhabitants. It is also representing the largest Swedish labor market area consisting of the capital Stockholm region and the 4th largest Swedish city (Uppsala). Therefore, during normal weekdays commuting within the region is substantial. The statistics we derive from the phone users’ spatial trajectories are aggregated to km2 units, where the values are saved to the km-unit associated with the assumed area of residence of the phone-user. We make use of phone data from 16 January 2020 (before the spread of the pandemic to Sweden) and 26 March 2020 (when the pandemic was spreading rapidly in Sweden, and public action to prevent the spread had begun). The chosen data mean that we can observe change in time-geographical behavior between two regular Thursdays (see the discussion [44] about which weekdays to study when using mobile phone data repositories).



In addition to the mobility data, we also employ population socioeconomic register data drawn from the PLACE database following an ecological approach. PLACE has been compiled by Statistics Sweden (https://www.scb.se/en/ (accessed on 20 January 2021).) and contains population data for all residents in Sweden. We use PLACE data aggregated to km2 units for the same geography as for the mobile phone dataset. The PLACE variables are used to see to what extent changes in time-geography can be associated with socio-demographic characteristics in the resident population.




3.2. Measuring Time-Space Mobility Patterns


The challenge in measuring changes in mobility patterns over time is that the measurement needs to be executed for a large number of observations and render outcomes that are useful from a time-space analytical perspective. Departing from our time-geographical framework, the selected methodology needs to capture both the spatial spread pattern of each phone and the temporal dimensions of the activities. However, depicting time-geography trajectories for very large number of observations often tend to create spaghetti maps in which no or few patterns can be inferred. Traditionally (see e.g., [45]), time-geographical trajectories are depicted in a fashion similar to what is illustrated in Figure 2, where the vertical dimension represents time and the horizonal axes represent space. On the base of the two parts of Figure 2, the spatial area in which the trajectories are played out are indicated as shadows in blue and pink. These shadow areas in the form of standard deviational or confidence ellipses can be interpreted as activity spaces (see e.g., [46,47,48,49]) in which human activities happen within a specific time frame.



The activity spaces of individual phone trajectories have the benefit of being geographically aggregable and could therefore be used to describe place-specific change in mobility patterns. Having that said, there are many techniques that could be employed, and a few that also could capture the temporal dimensions. The mobile phone trajectories are represented by a series of coordinates indicating the location of time-stamped events or activities. By using these coordinate locations as areal demarcation we can set the outer borders of the activity spaces using different techniques. Potential methods include kernel density functions describing the spread pattern of each phone, but also Bounding Box or Convex Hull (see, for instance, a study on changes in mobility in the US following the COVID-19 pandemic [5]), or standard deviation ellipse analyses. In a more scalable context, Huang et al. [50] analyzed Twitter data for changes in mobility using metrics of longest distance per day and across days, inspired by Warren and Skillman [5] mobile phone data study and developing the metrics further to a normalized mobility index and showing the significant spatial effects. While the normalized mobility index is especially useful to monitor the situation in mass over time, the above studies show quantitative changes in mobility rather than a qualitative behavioral change. In the current paper we aim at understanding the nature of the change in spatiotemporal consumption by returning to a classical time-geographic approach. The convex hull approach connects observed locations (coordinates) that maximizes the visited areas by connecting lines between these outer points, similarly, the bounding box technique creates a rectangular area from the maximum and minimum coordinates. Both of these techniques are sensitive to outlier values and cannot capture the temporal dimension satisfyingly. Kernel density functions can be employed to reduce the effects of outliers (in Appendix A, a visualization of how a kernel density function looks after being applied to a GPS-trajectory). For this study we chose to use standard deviational ellipse analyses that are less sensitive to outliers and that can be adapted to time. In Figure 3, three maps are illustrating how standard deviational ellipses and time-geography can be understood and joined. The colored parts of the bars are indicating time and duration spent at any location beginning with morning (close to ground) and continuing upwards during the day. In part a., the coloration indicates that the individual starts and ends the day at the same location but visits a range of different location in-between. In part b., the individual starts and ends the day in the right-most position but spends almost the entire time between at the left-most location. The GPS-readings are represented by a large number of coordinate locations (not shown in the maps). When we analyze the locations using a standard deviational ellipse approach, the red-ellipse indicating the location in which the duration weighted mid-point and a standard deviation of the distribution of points fall within. In part c., the bar and ellipse are depicting the spatial patterns for an individual that spends the entire day at the same location. As indicated, the ellipse (at the base of the bar) is circular and small. By using the standard deviational ellipse measure we can derive several statistical values that can be useful for further analysis (In Appendix A the formulation of standard deviation ellipse is illustrated (A3), tabled (Appendix A.1) and formulated (Appendix A.1)). Of particular interest in this study are the area of the ellipse and the minimum and maximum distance to the outline of the ellipse from the midpoint. These values can be used to describe the size of the area that the phone user is active within and weather the activity space is round or flat (as depicted in b).



In our study, we estimate the duration weighted location of each phone during the night and early morning (03:00 to 07:20) to capture locations that are representative for the residential location of each phone (By assuming that the phones are at home during the night we introduce an error connected to night-shift workers, etc., but since we have no information that can be used to profile the users, we cannot control for any variations in diurnal behavior. Since we are mainly focused with over-time change, we assume that the problem is acceptable). The average values of the variables derived from the standard deviation ellipse are used to describe how the local population responded time-geographically to the pandemic prevention recommendations. Where the share of the area (round or elliptic) and size/length of the area can help us to understand how the mobility behavior patterns changed from before to during the pandemic.




3.3. Population Register Usage


The PLACE data contains a wide range of discrete, annually updated variables describing individual level characteristics. We aggregate residential data to km2 units using the k nearest neighbor methodology as specified by Östh [51] and Östh and Türk [52]. Thus, we generate multi-scale k-values for different neighborhood counts to be used in different parts of the paper. For the creation of explanatory variables in the regression analyses we estimate average values (of all variables listed below) for the k = 500 nearest neighbors. We thereafter let the value closest to the km2 midpoint represent the sociodemographic characteristics of the unit. The created variables represent the share of wealthy (at least 140% of the median disposable income) and poor (not more than 60% of the median disposable income) residents. Education is classified into two groups: first the share of adult residents having a university education, and secondly the share of adult individuals having no higher than a compulsory education. Local ethnic composition is classified is classified as share of the local population belonging to a visible minority (VM), and finally a variable holding the share of unemployed individuals in the adult resident population is generated. The sociodemographic variables have been selected because education and income affect the potential ability to work from home, unemployment should be associated with lower mobility and finally ethnicity is (together with economic status) an important segregating factor. As a side-effect of the k-nearest analyses is that the cartesian distance needed to reach the 500 nearest individuals is generated. These values are used to create two variables; first the metric distance to the 500 nearest residents from the km2 midpoint, and secondly, the cartesian distance needed to reach the 500 nearest jobs. These variables are designed to represent the work and population density in any area, variables that we believe affects the mobility pattern for the local residents. Finally, the phone and job density in the local km2-unit is included as a variable describing the neighborhood density.





4. Empirical Results


In this section we present the findings from our over-time analysis of time-geographical behavioral change. In the Section 4.1 we present and discuss the change in shapes and size distributions of the standard deviational ellipses between the two dates. In the second Section 4.2 of the results, we match the km2 time-geography data to sociodemographic data and test to what extent the changes can be connected to specific groups.



4.1. Changes in Standard Deviational Ellipses Over Time


If we compare values from all phones used in the area at the two dates, we can clearly see that the activity spaces of the phones have changed. According to Figure 4 it is clear that the ellipses are becoming smaller over time, but also flatter—which would correspond to having fewer destinations during any trip.



In Table 1 we can observe a reduced ellipse area (mean of difference in ellipse area per phone is −9 km2) and a flattening of the ellipses (−0.0035 mean reduction in minor to major axes ratio) of about 400,000 phones.



When the relationship between log area of the standard deviational ellipses (size) is plotted against the log ratio of the minor to major axis ratio (flatness), 4 different groups are found of typologies of activity spaces by their geometry (see Figure 5, but also descriptive statistics in Table 2 and Table 3). Two geometries dominate in numbers, the large round activity space (type 2) and the medium sized, flat geometry (type 4).



If we monitor the over-time changes in geometry of the activity spaces, it becomes clear that the dominating shape of large and round (type 2) drops almost 10% from 72.1% in January to 62.7% in March. It is clear that the flat geometries are becoming more common, where type 1 increase 2.5% to 8.8% and type 4 almost 7% to 28.2% of the activity spaces.



Unique phone trajectories over time cannot be compared due to sensible ethical restrictions, but if we match the results from the standard deviational ellipses over time we can compare how phone users change their behaviors between two observation points. This means that the population only contains phone users active at both dates. In Table 3, the columns (whose values sum to 1) indicate which type of geometry the phone-user belongs to, while the rows indicate which type of geometry the phone belonged to before the pandemic. It is clear that the large and circular type 2 behavior in March 2020 had the same behaviour in January, and that most phone users tried to move to the smaller and flatter shapes. It is likely that phone users that move according to type 2 may be occupied in services requireing substantial amounts of travel such as transportation or delivery.



In order to understand how the time-geographical behavior develops differently in different parts of the greater Stockholm area we have to transform phone level data to a k-nearest neighbor (KNN) approach. Using a KNN approach means that we record the share of phones among the k = 1600 nearest phones from the km2 associated with the residential location. We can thereafter display the general patterns, and associate these with areas specific functions. In this section we map the two time-space geometries to which the majority of the population belong (type 2 and 4). In Appendix A, Figure A4 and Figure A5, corresponding maps for type 1 and 3 are available.



In Figure 6, the share change belonging to time-geographical activity space type 2 (large and round geometry) is depicted. The overall pattern indicates that almost all locations are seeing a reduction in type 2 activity spaces (exceptions can be found in commuter-towns or locations near highways). The major change is seen in the suburban parts where the time-geographical activity space clearly changes.



In Figure 7 we see an almost inverse pattern, where the increase in type 4 (flat and medium sized geometry) is most pronounced in the suburban parts of the region. This means that the suburban travelers make fever multi-stop trips and adapt their travelling patterns to be more aligned to commutes between home and one destination (likely most often the workplace). Changes in type 1 (small and flat) and 3 (small and round) are less clear-cut but there is a general increase of both types in particularly the suburban areas. The mapped results for types 1 and 3 can be viewed in the Appendix A Figure A4 and Figure A5.



The maps clearly indicate that there are geographical differences in how the time-geographical activity spaces are altered during the pandemic. In the next phase of the analysis, we employ a regression analysis to examine to what extent the time-geographical changes are connected to sociodemographic variables.




4.2. Socio-Demographics and Time Geography


It is clear that the changes in activity spaces is notable but also varying between different parts of the urban landscape. Since the urban landscape also have strong demographic variations, it is likely that the spatial patterns that was evident in previous parts if the paper is connected to local demographic characteristics. In the Table 4 we present the regression results for all the geometrical types.



The dependent variable holds aggregated values representing the over-time difference in the mean share of phone users that have a time-geographical activity space that are having a spatial behavior that can be represented by type 1 to 4 in corresponding models 1 to 4. The aggregated mean share represents the k = 800 nearest phone-users from the midpoint of each km2 unit, this to ensure that values from the two dates are as similar in composition as possible.



The explanatory variables are categorized in to three groups of function. In the first group, consisting of sociodemographic variables we see that areas with a greater share of higher educated individuals are becoming more associated with medium large and flat mobility patterns and less associated with flat geometries. Low education, on the other hand, is not associated with geometric flattening of the activity spaces. The only significant low-education result is a decrease of smaller circular activity spaces. Taken together, this suggest that lower educated areas are not having the same possibilities to telecommute as do higher educated individuals. The same pattern can be detected when we look at the relationship between poverty and geometry, and wealth and geometry. Poor areas are in fact associated with an increase of large round activity spaces and a reduction of the medium sized and flat activity spaces, while wealthy areas see a significant increase in small flat activity spaces (and a reduction in medium-sized flat). It is possible that the increased demand for home-delivery services and various other forms of gig-services has increased the need to travel in lower income areas. Finally, areas with higher shares of visible minorities (VM) see a reduction in type 2 activity spaces (large round activity spaces), and a significant increase in flat-geometric activity spaces. These patterns are consistent with commuting patterns for workers (and students, etc.) that must be at the workplace during work (working in shops, etc.), but that limits most other activities. The second group of variables are labor market related. With increasing distance to nearby jobs (k = 500 jobs in this variable) there is a decrease in larger circular geometries, but an increase in flat-geometric activity spaces. This pattern is similar to what was observed for higher educated areas. In the commuter towns and more distance suburbs (from especially Stockholm) villas, gardens and low job density can be associated with both longer distance to jobs and higher educated dwellers. Unemployment is associated with an increase in larger round activity spaces and a reduction in mid-sized flat ones. A possible explanation to the observed pattern is that job-matching is more difficult and requires individuals to commute longer. Finally, the two phone variables render inconclusive results, where both larger distances to k = 500 phones and increasing number of phones per km2 are associated with an increase in larger circular activity spaces and a small reduction smaller flat activity space. When we plot the results (not mapped) it becomes clear that the results support a U-curve interpretation where both long distances and larger local concentrations of jobs are associated with large and round geometries.





5. Conclusions


This preliminary study on the “new geography of corona” has explored the health risk related changes in mobility using the time geographical approach. The use of individual spatial mobility data allowed us to analyze in bulk the daily activity spaces of individuals using standard deviational ellipses (SDE). Aggregating these space-time profiles leads to a representative pattern of spatial location-allocation.



This study is showing that the COVID-19 pandemic has had a profound effect on the geometry of how we move during the course of a day. By departing from a time-geographical framework we study how the geometry of the activity spaces for more than 400,000 phones before and during the pandemic change, and if the shape change can be associated with behaviors that can be related with public recommendations for limiting the spread. Our results indicate that there is a substantial move from large and round activity spaces to more elliptic and smaller. However, our results also indicate that the change varies between geographical parts of our study region (the greater Stockholm region) and that change also is connected to the sociodemographic characteristics of the city. In short, the results indicate that suburban areas have altered their mobility patterns more than most other parts, and that variables such as income and education are good proxies for the ability to change mobility patterns.



It should be mentioned however that a time-geographical analysis of this magnitude requires longitudinal data repositories and a density of cell-towers and phone users that are difficult to obtain. Used data represent mobility patterns in the greater Stockholm region, but the relative scarcity of cell towers outside the metropolitan regions would make a similar study approach unreliable in rural or peri-urban parts of the country. Therefore, the study is limited to the dense urban regions. In addition, use of phones in Sweden is not restricted to specific ages (besides the very young) or socio-economic groups (market penetration of mobile phones in Sweden is 98%, [53]). However, on a global scale imbalance in phone usage may still pose a problem to representativeness of the time-geographical approach. Thus, the results may be generalizable in developed dense urban areas but less so in rural or developing regions.



Our research based on extensive Swedish data demonstrates the relevance of the time-geographical approach, echoing Klapka et al. [34]. The present study highlights how COVID-19 related changes of individual mobility have aggregate implications for the daily life of urbanites. Given our empirical findings, a range of mobility-related research issues is gradually coming to fore. The threat of density and spatial proximity means that spatial interaction in terms of frequency, scale, type, and intensity, will call for new research endeavors in the near future. The insight into the background forces and consequences of the observed or perceived negative externalities of the COVID-19 pandemic is needed, so as to trace not only short-term adjustments in mobility behavior, but also long-term adaptations in terms of spatial behavior, modal preferences, teleworking, and residential relocation choice. Consequently, the future of urbanization is at stake in the unprecedented age of the COVID-19 pandemic.
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Appendix A. Standard Deviational Ellipse (SDE)


To illustrate the relevance of a Standard Deviational Ellipse (SDE) approach for studying the COVID-19 pandemic related changes in the individual activity spaces, we map a GPS trajectory of the volunteer X (see Figure A1), followed by a presentation of their spatial pattern using Kernel Density (KD) as a simplification of the activity space (see Figure A2). Figure A1 shows a flat ellipse activity space for the SDE approach in case of going straight to work and a concentrated profile when working at home.
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Figure A1. Standard deviational ellipse of the two trajectories of the volunteer X: the flat ellipse when commuting between home and work without additional stops (left) and small round ellipse when working from home (right). As a measure of activity space, it enables comparison of behaviors at an aggregate level with time dimension flattened (Uppsala, 2020). 
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As outlined above, another way to represent this spatial pattern of individuals would be to use Kernel Density (KD) estimations (see Figure A2).
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Figure A2. Kernel Density as a way to flatten time. Activity space could be described as weighted sum of KD values. Note the differences between the bifocal distribution on a normal working day (left) versus the small concentrated on a pandemic working-from-home day (right). 
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The KD approach seemed promising, but in this study we opted for the SDE approach as in numerous other studies that use SDE as activity spaces [48] and also to make the computations scalable. We plan to continue with this analysis on multiple days in mass as an index of changing spatial behavior.



Appendix A.1. Calculating Activity Spaces Using a Standard Deviational Ellipse (SDE)


The next step is the calculation of the activity spaces. We follow the accepted procedure for calculating a standard deviational ellipse similar to the standard function in ArcGIS Pro [54]. Thus, we calculate the standard deviational ellipse as follows:   S D  E x    and   S D  E y    are coordinates of the ellipse centre.


  S D  E x  =     ∑   i = 1  n       (   x i  −  X ¯   )   2   n    ,   S D  E y  =     ∑   i = 1  n       (   y i  −  Y ¯   )   2   n     



(A1)




With coordinates of each location being    x i  ,  y i    of  n  features, ellipse centre is located at the mean central location   X ¯  ,     Y ¯   . The major axis is rotated at the angle calculated as:


   tan θ =   A + B  C     A =  (    ∑   i = 1  n     (   x i  −  X ¯   )   2  −     ∑   i = 1  n     (   y i  −  Y ¯   )   2   )     B =      A 2  +  C 2       C =   2   ∑   i = 1  n   (   x i  −  X ¯   )   (   y i  −  Y ¯   )    



(A2)




standard deviations for the x and y axes are:


    σ x  =  2        ∑   i = 1  n     (   (   x i  −  X ¯   )  cos θ −  (   y i  −  Y ¯   )  sin θ  )   2   n        σ y  =  2        ∑   i = 1  n     (   (   x i  −  X ¯   )  cos θ +  (   y i  −  Y ¯   )  sin θ  )   2   n      



(A3)




The variances for the axes are scaled (following the same logic as in [54]) by an adjustment factor in order to produce an ellipse (or ellipsoid in case of 3D) containing the desired percentage of the data points. These adjustment factors are provided in the Table A1 below.
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Table A1. Scales for calculating ellipse axes variances.
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	1 Dimensional Data
	2-Dimensional Data
	3-Dimensional Data
	Percentage of Data Points





	1 standard deviation
	1.00
	1.41
	1.73
	68%



	2 standard deviations
	2.00
	2.83
	3.46
	95%



	3 standard deviations
	3.00
	4.24
	5.20
	99%








The area of the ellipse was calculated using the ellipse axes:   A =   π  σ x   σ y   . The metrics to analyze the SDE flatness and size of the ellipse is given in Figure A3.



Below are the spatial distributions of activity spaces of type 1 (small and flat, 6.3% of all, Figure A4) and of type 3 (small and round, 0.3% of all, Figure A5).
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Figure A3. Geometry of the ellipse: size (area) and flatness (ratio between major and minor axes); some illustrative metrics (a) and the actual trajectory-derived ellipses of volunteer X (b). 
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Figure A4. Spatial distribution of group 1 changes (first diff share of 1600 NN per km2). 
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Figure A5. Spatial distribution of group 3 changes (first diff share of 1600 NN per km2). 
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Figure 1. Observed mobility by mode in Sweden according to Apple Mobility Trends data (Change in routing requests since 13 January 2020, source: https://covid19.apple.com/mobility, accessed on 20 January 2021). Dates of this analysis are marked with arrows. 
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Figure 2. COVID-19 effects on individual activity spaces Comparison of a normal workday example of a couple with a pandemic workday (red and blue lines) with their respective activity spaces (blue and pink ellipse “shadows” on the “floor”): (a) normal day—one partner drives to work (blue line), drives to a lunch meeting and after work meets the other partner for dinner at a restaurant and then they drive home together. The other partner (red line) uses public transport to get to work (note the steeper slope as it takes longer time to cover the distances), then to class, then walks to the restaurant; (b) working day during the COVID-19 pandemic: one partner still commutes to work with the car (blue line) but has fewer movements and besides shopping on the way drives directly home. The other partner (red line) works from home. Both substitute meetings for digital interaction. Note the reduced activity spaces of both. 
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Figure 3. Illustration of time geography of a day’s trajectory: (a) an individual starts and ends at home, visiting several locations during the day (pre-pandemic); (b) a working day with starting at home (rightmost location), going to work (leftmost location) and getting back home at the end of the day. (c) Pandemic working from home trajectory. 






Figure 3. Illustration of time geography of a day’s trajectory: (a) an individual starts and ends at home, visiting several locations during the day (pre-pandemic); (b) a working day with starting at home (rightmost location), going to work (leftmost location) and getting back home at the end of the day. (c) Pandemic working from home trajectory.



[image: Sustainability 13 04027 g003]







[image: Sustainability 13 04027 g004 550] 





Figure 4. Metrics of activity space per user: flatness of the ellipses and their size. The activity spaces became more flat and smaller, reflecting reduced mobility: (a) flatness of the ellipse measured by ratio of minor to major axes; (b) size of the ellipse measured by log 10 of square root of confidence 95% ellipse area. 
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Figure 5. Typologies of activity spaces, derived from the combination of flatness and size of the ellipse on a log scale. The abscissa represents flatness metric of ratio between minor and major axes of the ellipse (for reference a circle would have ratio of 1). The ordinate represents the size metric—square root of ellipse area in meters. 
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Figure 6. Spatial distribution of group 2 changes (first diff share of 1600 NN per km2). 
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Figure 7. Spatial distribution of group 4 changes (first diff share of 1600 NN per km2). 
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Table 1. Metrics of activity space per user—descriptive statistics.
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	Variable
	Dates
	Mean
	SD
	SE
	Min
	Mdn
	Max





	Each date
	
	
	
	
	
	
	



	Ellipse area per phone, km2
	20116
	46.63
	182.774
	0.216
	0
	0.66
	5136.99



	
	20326
	30.32
	137.804
	0.279
	0
	2.77
	6850.03



	Minor to major axes ratio
	20116
	0.2071
	0.2031
	0.0004
	0
	0.14
	1



	
	20326
	0.2032
	0.2195
	0.0003
	0
	0.15
	1



	Difference between dates
	
	
	
	
	
	
	



	Ellipse area per phone, km2
	20326-20116
	−9.02
	141.911
	0.248
	−4718.2
	−0.06
	5070.4



	Minor to major axes ratio
	20326-20116
	−0.0035
	0.2484
	0.0004
	−1
	0
	0.99
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Table 2. Descriptors of groups.
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	grp
	1—Small Flat
	2—Large Round
	3—Small Round
	4—Medium Flat
	Total





	Perc.0326
	8.8
	62.7
	0.3
	28.2
	100



	Perc.0116
	6.3
	72.1
	0.3
	21.3
	100
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Table 3. Transition matrix between groups.
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Transition Matrix

	
grp0326

	




	
grp0116

	
1 Small Flat

	
2 Large Round

	
3 Small Round

	
4 Medium Flat

	
Total






	
1 small flat

	
0.338

	
0.019

	
0.093

	
0.087

	
0.065




	
2 large round

	
0.390

	
0.891

	
0.407

	
0.522

	
0.751




	
3 small round

	
0.006

	
0.001

	
0.253

	
0.004

	
0.003




	
4 medium flat

	
0.266

	
0.089

	
0.247

	
0.388

	
0.182




	
Total

	
1

	
1

	
1

	
1

	
1











[image: Table] 





Table 4. Regression results for groups 1–4; * = significant on 5% level, ** = significant on 1% level and *** = significant on 0.1% level.






Table 4. Regression results for groups 1–4; * = significant on 5% level, ** = significant on 1% level and *** = significant on 0.1% level.





	

	
(1)

	
(2)

	
(3)

	
(4)




	

	
Beta (S.E.)Sign

	
Beta (S.E.)Sign

	
Beta (S.E.)Sign

	
Beta (S.E.)Sign




	
Dependent Variable:

First Diff in Share 800 NN

	
Group g1 Small Flat

	
Group g2 Large Round

	
Group g3 Small Round

	
Group g4 Medium Flat






	
Sociodemographics

	

	

	

	




	
Higher education

	
0.021879 (0.0085) *

	
−0.099 (0.014) ***

	
−0.004131 (0.0027)

	
0.081516 (0.0111) ***




	
Lower education

	
0.007872 (0.0157)

	
−0.025 (0.026)

	
−0.015297 (0.005) **

	
0.031979 (0.0205)




	
VM

	
0.041475 (0.0086) ***

	
−0.147 (0.014) ***

	
0.004015 (0.0027)

	
0.101914 (0.0112) ***




	
Poverty

	
−0.014983 (0.0174)

	
0.175 (0.029) ***

	
0.000182 (0.0055)

	
−0.160255 (0.0226) ***




	
Wealth

	
0.036343 (0.0106) ***

	
0.025 (0.018)

	
−0.004769 (0.0034)

	
−0.056144 (0.0138) ***




	
Labour market

	

	

	

	




	
Distance to 500 jobs

	
0.000001 (0) ***

	
−0.003331 (0) ***

	
0.000000 (0)

	
0.000002 (0) ***




	
Local jobs

	
−0.000002 (0)

	
0.005759 (0) **

	
0.000000 (0)

	
−0.000004 (0) **




	
Unemployment

	
−0.006296 (0.0218)

	
0.087 (0.036) *

	
−0.009839 (0.0069)

	
−0.071034 (0.0285) *




	
Phone variables

	

	

	

	




	
Distance to 500 phones

	
−0.000002 (0) ***

	
0.003066 (0) **

	
0.000000 (0) *

	
−0.000001 (0)




	
phone density per km2

	
−0.000001 (0) **

	
0.001508 (0) **

	
0.000000 (0) *

	
−0.000001 (0)




	
(Constant)

	
0.019194 (0.0037) ***

	
−0.069 (0.006) ***

	
0.006183 (0.0012) ***

	
0.043863 (0.0048) ***




	
adj. R2

	
0.046

	
0.106

	
0.100

	
0.080
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